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Fig. 1. Collision-free, torque-limited manipulation with cuRoboV2-Fast: payload transfer (top) and manipulation with a moving obstacle (bottom). Our
stereo-camera-based deployment achieves 5.93 s mean pick-and-drop cycles, 34.6% shorter cycle time than cuRoboV2.

Abstract— We present cuRoboV2-Fast, a GPU-accelerated
planner that reduces both planning latency and execution time
for collision-free, payload-aware, torque-limited motions. B-
spline trajectory optimization reduces the required iterations,
while accelerated robot computations and differentiable inverse
dynamics reduce refinement cost and accommodate changing
payloads. TimeOpt optimizes traversal speed along the fixed
path under sampled velocity, acceleration, jerk, and torque
constraints, exploiting local spline support to solve banded
Newton systems efficiently on the GPU. With a 3 kg payload,
cuRoboV2-Fast achieves 4.4 ms mean planning time on RTX
5090, 14.7× faster than cuRoboV2. Our method on Jetson
AGX Orin plans faster than cuRoboV1 + TOPPRA on RTX
5090. A stereo-camera-based deployment on YAM achieves
5.93 s mean completed pick-and-drop cycles, 34.6% shorter
than cuRoboV2. Code (Apache 2.0): github.com/NVlabs/
curobo. Project Page: research.nvidia.com/labs/lpr/
curobov2-fast/.

I. INTRODUCTION

Fast manipulation requires motions that are both quick to
plan and quick to execute. Motion planning has made sub-
stantial progress in finding collision-free paths through clut-
tered environments [1]. Executing these paths requires timing
that respects velocity, acceleration, and actuator torque limits.
Carried payloads change the dynamics and can render an oth-
erwise feasible motion infeasible. Moreover, geometric path
length alone does not determine execution time: a shorter
path can require slower motion under actuator constraints.
Efficient motion planning must therefore consider both the
computational cost of generating a trajectory and the time
required to execute it.

Prior work establishes the benefits of parallel planning,
smooth trajectory representations, and efficient robot compu-

tations [2]–[4]. Planning executable motions nevertheless re-
quires repeated collision and dynamics evaluations during tra-
jectory optimization. Reducing this cost requires both fewer
optimization iterations and cheaper computations within each
iteration. Execution time presents a complementary chal-
lenge: uniformly rescaling the timestep cannot redistribute
time along a path whose limiting actuator constraints vary
with configuration. Efficient payload-aware planning there-
fore requires flexible optimization of trajectory geometry and
timing alongside fast constraint evaluation.

We present cuRoboV2-Fast, a single-GPU planner for
collision-free, torque-limited motions that reduces both plan-
ning latency and execution time. B-spline trajectory optimiza-
tion refines geometry with fewer iterations, while TimeOpt
optimizes traversal speed along the resulting fixed path.
The timing spline’s local support yields banded systems for
efficient GPU optimization. A parallel GPU RRT provides
route initialization when needed, and accelerated robot com-
putations reduce the cost of refinement. Differentiable inverse
dynamics incorporates payload-dependent torque limits and
supports runtime inertial updates as carried objects change.
We make six contributions toward fast, executable motion
planning:

1) We use B-splines for collision-free, payload-aware,
torque-limited trajectory optimization, matching the
success of cuRoboV1 [2] with 25 versus 125 initial
iterations in our convergence benchmark.

2) We introduce GPU-accelerated TimeOpt with banded
Newton systems and a primal–dual predictor–corrector
solver for fixed-path timing under sampled velocity,
acceleration, jerk, and torque bounds. It reduces mean
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Fig. 2. Our RRT evaluates multiple tree extensions in parallel, validates their edges separately, and connects the start and goal trees to recover a route. A
parallel scan inserts accepted endpoints, retaining valid prefixes of blocked edges. Purple segments show unchecked proposals, while green segments have
passed validation.

motion duration by 15.7% beyond uniform timestep
refinement and averages 0.28 ms on valid 100 g bench-
mark queries on RTX 5090.

3) We accelerate robot computations and differentiable
inverse dynamics, supporting payload updates without
recompilation. Trajectory optimization iterations are
2.7× faster than cuRoboV2 [5] on RTX 5090 and 2.6×
faster on Jetson AGX Orin.

4) We achieve sub-millisecond route initialization with a
parallel GPU RRT: 0.305 ms on average, 43× faster
than cuRoboV1 PRM [2] and 1.48× faster than
pRRTC [6] under coarse collision checks. Separating
constraint validation from tree growth enables addi-
tional checks without changing growth kernels.

5) Our integrated pipeline achieves 4.4 ms mean motion-
planning time with a 3 kg payload on RTX 5090,
14.7× faster than cuRoboV2 [5] while maintaining
similar success. cuRoboV2-Fast on Jetson AGX Orin
also plans faster than cuRoboV1 [2] + TOPPRA [7]
on RTX 5090.

6) We demonstrate a stereo-camera-based pick-and-drop
pipeline on YAM, integrating perception, grasp gener-
ation, and motion planning on a single GPU. Mean
completed cycle time is 5.93 s, 34.6% shorter than
cuRoboV2, with planning accounting for only 1.0%
of cycle time.

We have open sourced the cuRoboV2-Fast implementation
under the Apache 2.0 license at github.com/NVlabs/
curobo.

II. RELATED WORK

Recent advances in motion planning exploit parallelism
at several levels. Building on RRT-Connect [8], VAMP uses
CPU SIMD instructions to accelerate kinematics and colli-
sion checking [1], while pRRTC distributes tree expansion,
nearest-neighbor search, and edge validation across GPU
threads [6]. cuRoboV1 combines geometric initialization
with parallel trajectory optimization to generate collision-
free motions [2]. These systems demonstrate the benefits of
designing planning operations around the available hardware.
Our RRT follows this direction while keeping validation
separate from tree growth, so additional checks can be
introduced without modifying the growth kernels.

Once an initial path is available, trajectory optimization
can improve its smoothness and clearance, as demonstrated
by CHOMP, STOMP, and TrajOpt [9]–[11]. The trajectory
representation also shapes this refinement: B-splines have
long supported collision-free smoothing and reactive defor-
mation, using local support to modify portions of a path [3],
[12]. Earlier whole-body optimization further shows how col-
lision and torque constraints can be considered together [13].
Building on these ideas, we study how parallel spline evalua-
tion and gradient accumulation make constrained refinement
efficient within a complete planner.

Fixed-path timing methods optimize traversal speed while
preserving geometry. Bobrow et al. [14] consider actuator
torque bounds, and Verscheure et al. [15] formulate path
timing as convex optimization. TOPPRA [7] handles veloc-
ity, acceleration, and torque constraints through backward
reachability and forward construction using small linear
programs. Its path-restricted torque is affine in path accel-
eration and squared speed, allowing dynamics coefficients
to be precomputed and reused. TOPP3 [16] addresses third-
order constraints by integrating maximum and minimum jerk
profiles and connecting them through multiple shooting.

Our TimeOpt in cuRoboV2-Fast adopts the same fixed-
path dynamics reduction and directly optimizes a cubic
B-spline representation of squared speed under sampled
velocity, acceleration, jerk, and torque bounds. Each sample
depends on four timing controls, yielding banded Newton
systems for a primal–dual predictor–corrector solver. This
local support and parallel constraint evaluation enable effi-
cient GPU optimization, with a mean TimeOpt latency of
0.28 ms across valid 100 g benchmark queries on RTX 5090.

Trajectory optimization repeatedly evaluates robot kine-
matics and collisions and propagates their derivatives. Ef-
ficient rigid-body algorithms and kinematic optimization
libraries, including Pinocchio and PyRoki, provide reusable
building blocks for this work [17], [18]. For collisions,
broad-phase pruning reduces the geometry requiring detailed
tests [19], while differentiable GPU evaluation supports par-
allel trajectory optimization in cuRoboV1 [2]. We build on
these principles with shared kinematic gradient accumulation,
parallel Jacobians, and pruning of self-collision and swept
world queries. Their use in both trajectory refinement and
grasp selection motivates evaluation at batch size one as well
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as larger batches.
Torque-aware optimization adds repeated dynamics and

derivative evaluations to this workload. GRiD accelerates
these operations through robot-specific code generation, spar-
sity, and GPU parallelism [4]. We focus on directly com-
puting gradients of the optimization loss and supplying
chain schedules and inertial parameters as runtime data. This
avoids forming full dynamics derivative matrices and permits
payload updates without recompilation when the reduced
topology is unchanged, while retaining specialization for
robot dimensions. Integrating these methods with spline
optimization and geometric initialization enables collision-
free, torque-limited motion and grasp planning on a single
GPU.

III. APPROACH

Our motion planner combines collision-free initialization,
B-spline optimization, TimeOpt for trajectory retiming, effi-
cient robot computations, and differentiable inverse dynam-
ics. Planning first refines a straight-line seed and invokes
RRT when needed. Constrained motions, such as grasp
approach and lift, use cost terms that heavily penalize
deviations from the prescribed path.

A. Collision-Free Initialization with RRT

When a straight-line seed is insufficient, we initialize
optimization with a route from a bounded bidirectional
RRT [8]. The planner grows trees from the start and goal in
alternating waves, evaluating multiple extensions in parallel.
Each extension samples a configuration, finds its nearest tree
node, and steers toward the sample with a bounded step
before checking joint limits and self/world collision (Fig. 2).
Accepted endpoints extend the active tree, including the valid
prefix of an otherwise blocked edge, and the opposite tree
attempts to connect to them. Once the trees meet, tracing
their parent chains recovers the route. The search stops when
a connection is found or a preset limit on stored nodes or
expansion rounds is reached.

Our implementation organizes growth into synchronized
rounds of parallel extensions. In contrast, pRRTC [6]
lets GPU blocks repeatedly sample and grow trees asyn-
chronously, with greedy connection steps inside each block.
Our nearest-node kernel distributes distance calculations
across both stored nodes and joint coordinates, processing
the tree in tiles and reducing the results to select each
candidate’s nearest node. In pRRTC, each thread computes
complete distances for a subset of nodes before a block-wide
minimum reduction. Thus, both planners parallelize nearest-
node search, but distribute its work differently.

We check sampled states along all proposed edges together,
then determine each edge’s valid prefix. A parallel scan
assigns accepted endpoints distinct storage slots, allowing
concurrent insertion without reserving each slot atomically as
in pRRTC. Each round also evaluates a bounded extension
from the opposite tree. This organization keeps validation
separate from growth, allowing additional checks without
changing the growth kernels. Reusing allocated buffers and
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Fig. 3. Spline evaluation and backward gather: each sample uses four
controls; u3 gathers weighted sample gradients from the four orange
segments and sums them using warp-level reduction primitives.

replaying growth operations through CUDA graphs reduces
repeated dispatch overhead. Once a route is found, we
shorten it and fit a spline seed for refinement.

B. B-Spline Trajectory Optimization

a) Parallel evaluation.: We use the local support of
uniform cubic B-splines to parallelize trajectory evaluation
and its backward pass. Let U ∈ RK×d contain the free
controls for d joints, h be the knot interval, and α ∈ [0, 1]
the coordinate within segment k:

q(r)(t) = h−r
3∑

j=0

N
(r)
j (α) ũk+j , r = 0, 1, 2, 3, (1)

Here Nj are cubic basis functions and Ũ is the full control
sequence. This established representation [3], [12] gives each
sample four supporting controls (Fig. 3). We assign each
sample–joint pair to a GPU thread, which evaluates position,
velocity, acceleration, and jerk together from those con-
trols. Samples therefore execute independently, with adjacent
threads processing adjacent joints for coalesced memory ac-
cess. Increasing the sampling density adds parallel evaluation
work without increasing the number of optimized controls.

b) Gradient accumulation.: The backward pass re-
verses this mapping: each control gathers gradients only
from samples within its support. In Fig. 3, u3 gathers the
sample gradients from the four orange segments, weights
them by the corresponding basis derivatives, and sums them
into its control gradient. Samples outside this region do not
contribute. Writing sampled derivatives as q

(r)
i = A

(r)
i U +

b
(r)
i , we accumulate

∇UL =
∑
i

3∑
r=0

(A
(r)
i )T ∇

q
(r)
i

L. (2)

The kernel applies the basis weights directly rather than ma-
terializing the matrices A

(r)
i . Threads assigned to a control–

joint pair split the sample contributions across warp lanes.
Each lane combines the incoming position, velocity, accel-
eration, and jerk gradients with their corresponding basis
weights; a warp reduction then sums the partial contributions.
One lane writes the resulting control gradient. This gather
avoids atomic accumulation from overlapping samples and a
sample-by-control intermediate tensor, while allowing differ-
ent controls and joints to be processed independently.



C. TimeOpt: Fixed-Path Timing Optimization

In Sec. III-B, we optimize position controls at a fixed knot
interval ∆t and reduce this interval between passes. This
uniform reduction is limited by the most constrained part of
the trajectory. TimeOpt optimizes timing along the fixed path,
allowing other portions to be traversed faster while respecting
actuator limits.

Let q(s) be the fixed position spline, where s ∈ [0, 1]
denotes progress along the path. A second cubic B-spline
represents squared path speed, with timing controls r =
(r0, . . . , rL−1) ∈ RL as the optimization variables:

xr(s) = ṡ 2 =

L−1∑
ℓ=0

Bℓ(s)rℓ. (3)

Here Bℓ(s) is a clamped cubic B-spline basis function and rℓ
is its squared-speed coefficient. Both splines are functions of
path progress s. Positive coefficients give xr(s) > 0; forward
traversal follows ṡ =

√
xr(s), where the dot denotes a time

derivative.
TimeOpt seeks the minimum-duration traversal of this

fixed path subject to velocity, acceleration, jerk, and torque
limits:

min
r

T̂ (r) =
1

N + 1

N∑
i=0

1√
xr(si)

subject to rℓ > 0, ℓ = 0, . . . , L− 1,

|q̇r(si)| ≤ v̄, ∀i,
|q̈r(si)| ≤ ā, ∀i,
| ...
q r(si)| ≤ j̄, ∀i,
τmin ≤ τr(si) ≤ τmax, ∀i.

(4)

The objective averages inverse path speed at fixed uniform
samples si = i/N to approximate duration. The bounds v̄, ā,
j̄, and [τmin, τmax] limit joint velocity, acceleration, jerk, and
torque, respectively. We also enforce these limits at timing
knots and on both sides of internal path knots, and preserve
the prescribed initial velocity and acceleration.

The timing spline determines when the robot reaches each
point on the path:

tr(s) =

∫ s

0

1√
xr(u)

du, qexec(t) = q(sr(t)). (5)

Here sr(t) is the inverse of tr(s). Thus, TimeOpt changes
when each path point is reached while preserving the path
(Fig. 4).

We use the standard fixed-path dynamics reduction [7],
[15] to evaluate dynamics once and reuse them as timing
changes. Torque depends on squared path speed through the
exact affine relation

τr(s) =
1
2A(s)x′

r(s) +D(s)xr(s) + g(s), (6)

where primes denote path derivatives. The vectors A(s) and
D(s) capture inertial effects, and g(s) is gravity torque.
Using the inverse-dynamics computation in Sec. III-E, we
obtain them from three evaluations per path sample: (q, 0, 0),
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remain fixed; purple markers indicate positions at path knots. (b) Optimizing
coefficients ri changes the squared path speed xr(s). (c) The resulting
time map assigns unequal traversal times to the same path intervals. In this
example, slower traversal through the shaded region and faster traversal
elsewhere reduce the total duration.

(q, 0, q′), and (q, q′, q′′), yielding g, A+g, and D+g, respec-
tively, as in the TOPPRA implementation [20]. Subsequent
timing updates use Eq. 6 without repeating inverse dynamics.
Joint velocity, acceleration, and jerk follow from the chain
rule using the fixed path derivatives.

We solve Eq. 4 with the primal–dual predictor–corrector
method illustrated in Fig. 5. The solver updates timing
controls r and positive constraint multipliers λ. For each
inequality, a positive margin mj measures the distance to its
bound. The predictor targets zero complementarity, mjλj =
0; the corrector balances these products across constraints to
keep the search in the interior and accounts for their second-
order change. The timing spline’s local support yields banded
Newton systems, and sampled constraints are evaluated in
parallel on the GPU. Both direction calculations reuse the
same Cholesky factorization. Backtracking selects a step
satisfying the nonlinear bounds, and we retain the shortest
feasible iterate. The final trajectory undergoes sampled ac-
tuator and collision checks and verification of its endpoint
conditions.

TimeOpt targets efficient convergence to a local minimum
and does not guarantee global optimality. It reduces mean
motion duration by over 15% relative to trajectory refinement
with uniform timestep rescaling (Sec. IV-B). These motion-
time gains and low computational cost make TimeOpt useful
for real-robot deployment.

D. Accelerated Robot Computations

We reduce the cost of repeated robot evaluations by prepar-
ing topology-dependent data once and sharing intermediate
results across computations. GPU tensor operations identify
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each joint’s descendants and the joints contributing to each
tool–actuator pair. Using this structure, forward kinematics
computes local link poses in parallel, then composes world
poses in tree order through shared memory. The resulting
transforms provide the tool poses and collision spheres and
support Jacobian evaluation.

For the backward pass, we first combine output gradients
into one wrench per link. Each actuator independently gath-
ers the wrenches of affected links, projects them onto its joint
motion directions, and combines coupled-joint contributions
before writing its gradient. Accumulating the link wrenches
once avoids repeatedly walking the ancestor chain for every
output. When IK requires an explicit Jacobian, we instead
assign its columns to independent workers, each using the
prepared contributor lists; trajectory optimization consumes
the loss gradients directly (Fig. 6). These fast Jacobians
support Levenberg–Marquardt initialization of the IK solver.
In the figure, S2 denotes a world-frame joint screw and αℓ

describes actuator-to-joint coupling.
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Self-collision checking tests for overlap between collision
spheres on the robot’s links. cuRoboV1 [2] evaluates con-
figured sphere–sphere pairs in parallel, but the number of
checks can become costly for robots represented by many
spheres. We compute an axis-aligned bounding box (AABB)
for each link on the fly from its current sphere positions
and padded radii. These bounds are built in parallel across
links and stored in shared memory within the collision kernel.
When two link AABBs do not overlap, we skip all sphere–
sphere checks between those links. This inexpensive pruning
can substantially reduce detailed pair tests, particularly when
links are well separated. Each GPU block combines the
remaining tests, cost reduction, and sphere gradients for one
robot state.

Swept world collision uses the same principle to prune
distant cuboids. Bounds that include the sphere radius, acti-
vation margin, and adjacent half-segments first reject distant
cuboids. The remaining half-sweeps share the distance evalu-
ation at their common trajectory point and combine their gra-
dients before a single rotation to world coordinates (Fig. 7).
This reduces repeated geometry calculations while retaining
the chosen discrete sampling resolution for validation.
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E. Differentiable Inverse Dynamics and Payloads

GRiD exploits robot-specific code generation to optimize
dynamics and its derivatives [4]. Our implementation instead
keeps the chain schedule and inertial parameters as data,
while specializing kernel dimensions and execution options
at compile time. Efficiency comes from compact spatial
operations, chain-local execution, and direct loss-gradient
computation; payload updates do not require regenerating or
recompiling the kernels.

At setup, we merge fixed bodies and prepare the chain
schedule on the CPU. Independent chains execute concur-
rently, with each GPU worker traversing a serial chain locally.
This avoids synchronization between successive joints within
a chain; workers synchronize only at inter-chain depen-
dencies. Spatial transforms use rotations and translations
directly rather than dense 6 × 6 transform matrices. The
recursive Newton–Euler algorithm computes link velocities,
accelerations, and forces as

vi = Xivπ(i) + Siq̇i,

ai = Xiaπ(i) + Siq̈i + vi × Siq̇i,

fi = Iiai + vi ×∗ (Iivi)− f ext
i , (7)

where Xi is a spatial transform, Si the joint motion subspace,
and Ii the spatial inertia. Forces are then accumulated from
leaves toward the root, and projection onto each joint’s
motion subspace gives τi = ST

i fi. Payload changes update
mass, center of mass, and inertia at runtime; the schedule
remains valid while the reduced topology is unchanged.

Our analytical backward pass maps torque-loss gradients
directly to (q, q̇, q̈) and then to spline controls through Eq. 2.
This avoids forming and contracting the full configuration
and velocity derivative matrices returned by GRiD [4], re-
ducing both derivative computation and output storage. Both
passes combine sibling contributions with warp reductions
and reuse shared-memory storage after its values are con-
sumed or saved. The backward pass also reuses forward
intermediates to avoid recomputation. Figure 8 summarizes
the computation and chain execution. These savings preserve
runtime updates to the robot’s inertial parameters.

F. Grasp-Planning Integration

An object can be grasped from many positions and ori-
entations, so grasp planning begins by choosing which pose
to plan for. Given a set of candidate grasp poses, we use
IK to find feasible robot configurations and rank them by
pose error and distance from the current configuration. We
found this sufficient for grasp selection in our evaluated task,
allowing us to replace trajectory optimization over the grasp-
pose goal set with a less expensive IK solve. The selected
pose defines the target for subsequent motion planning; IK
feasibility alone does not establish that the robot can reach
it along a collision-free path.

We then plan three connected motions (Fig. 9): a move to
a pregrasp pose offset from the selected grasp, an approach
along the grasp axis, and a lift of the object. Spline optimiza-
tion generates the pregrasp motion, with RRT initialization
when needed to navigate obstacles, while constrained spline
optimization produces Cartesian linear motions for approach
and lift. Each motion starts from the preceding motion’s
terminal state, with collision settings adjusted to permit
the intended contact. A separate planning call generates a
collision-free transfer of the grasped object to the placement
pose.

IV. EXPERIMENTS

We evaluate route initialization, torque-limited trajectory
optimization, robot computations, and pick-and-place plan-
ning. Motion benchmarks use Franka Panda (7-DoF), com-
putation benchmarks also include G1 (29-DoF), and manip-
ulation tasks use YAM. Offline planning runs on RTX 5090,
with additional computation timings on Jetson; real-robot
deployment uses RTX 6000 Ada.

A. Coarsely Checked Route Initialization

We evaluate routes used to initialize trajectory optimiza-
tion, with coarse collision checks at up to 0.03 rad per-joint
spacing. On 2,575 queries from MotionBenchMaker [21] and
MPINets [22], our RRT implementation achieves 98.68%
initialization success, compared with 91.92% for cuRoboV1
PRM [2] and 88.27% for cuRoboV2 PRM (Fig. 10). Mean
planning time is 0.305 ms, versus 13.09 ms and 8.49 ms for



the two PRM baselines, corresponding to 43.0× and 27.9×
speedups. Our RRT is also 1.48× faster than pRRTC [6],
which achieves 99.07% success at 0.450 ms. VAMP [1]
achieves 99.22% success at 0.0573 ms; although it initializes
routes faster, VAMP + TOPPRA [7] has lower motion-
planning success with payloads than our pipeline (Fig. 12).
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Fig. 10. Coarsely checked route initialization on MotionBenchMaker and
MPINets (2,575 queries). Our RRT implementation is 1.48× faster than
pRRTC. VAMP plans routes faster, but VAMP + TOPPRA achieves lower
motion-planning success with payloads than cuRoboV2-Fast (Fig. 12).

Timing and path length use 2,101 shared-success queries.
Planning time includes native shortcutting and excludes IK.
Mean path length is 4.93 rad for ours, compared with 5.28 rad
for cuRoboV1 PRM, 3.70 rad for cuRoboV2 PRM, 5.00 rad
for VAMP, and 5.32 rad for pRRTC. Routes that fail the
coarse collision checks are rejected. Accepted routes serve
as optimization seeds and require further refinement and
validation.

B. Trajectory Optimization Convergence
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Fig. 11. Trajectory optimization convergence on 100 MotionBenchMaker
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We isolate the effects of initial optimization, timestep
refinement, and TimeOpt on 100 MotionBenchMaker
cage_panda queries. cuRoboV1 [2] and cuRoboV2-Fast
use the same four saved IK seeds per query and a single
attempt, with dynamics and particle optimization disabled.
Figure 11 shows that our B-spline formulation achieves
higher success at small iteration budgets: cuRoboV2-Fast
reaches 93% validated success with 25 initial L-BFGS
iterations, compared with 64% for cuRoboV1. cuRoboV1
requires 5× as many initial iterations to match this success
rate. Increasing our initial budget to 200 raises success by
only three percentage points.

We then fix our initial budget at 25 iterations and compare
one or two refinement passes of 25, 50, or 100 iterations,
using a timestep-shrink factor of 0.8. All settings retain
93% success. On the 93 queries valid across all settings,
two 25-iteration passes reduce mean motion duration by
5.5% relative to initial optimization alone. Adding TimeOpt
increases the total reduction to 20.3%, corresponding to a
further 15.7% reduction relative to the refined trajectory.
Longer refinement schedules improve motion duration after
TimeOpt by less than 0.2%.

For the reported cuRoboV2-Fast timings and real-robot
deployment, we use 50 initial iterations followed by one 25-
iteration refinement pass (50+1× 25), giving a total budget
of 75 iterations.

C. Motion Planning with Payloads

We study the full pipeline for generating a collision-free,
torque-limited motion for execution, given a start state and
a target pose. For methods that do not consider torque
limits during planning, we postprocess their trajectories using
TOPPRA [7], which changes timing along a fixed path.
We compare four pipelines: cuRoboV2-Fast, cuRoboV2 [5],
cuRoboV1 [2] + TOPPRA, and VAMP [1] + TOPPRA.

As shown in Figure 12, cuRoboV2-Fast and cuRoboV2
achieve similar success rates across payloads, exceeding
those of cuRoboV1 + TOPPRA and VAMP + TOPPRA. At
the heaviest payload, success decreases for all methods, with
a larger drop for the two TOPPRA baselines; cuRoboV2-Fast
retains a 14.5–15.7 percentage-point advantage over them.

On queries valid for all methods at all payloads,
cuRoboV2-Fast produces the shortest mean motion duration,
reducing duration by 5.8% relative to cuRoboV2 on average
across payloads. Path length alone can be misleading when
comparing motion efficiency. cuRoboV2-Fast produces mean
joint-space paths that are 0.8–4.2% longer than those of
cuRoboV1 + TOPPRA, yet its motions are 6.8% shorter in
duration on average across payloads.

For the 3 kg planning-time comparison, cuRoboV2-Fast
takes 4.43 ms on RTX 5090, 14.7× faster than cuRoboV2
and 10.0× faster than cuRoboV1 + TOPPRA. VAMP + TOP-
PRA plans 1.7× faster than cuRoboV2-Fast, but achieves
lower success and excludes IK from its timing. On Jetson
AGX Orin, cuRoboV2-Fast takes 25.99 ms, 23.2× faster
than cuRoboV2 and 5.9× faster than cuRoboV1 + TOPPRA
(Fig. 12). Its relative speedup over cuRoboV2 is greater than

on RTX 5090. cuRoboV2-Fast on Jetson AGX Orin plans
faster than cuRoboV1 + TOPPRA on RTX 5090.

D. Robot Computation Performance

Having established the planning-time speedups of the
full motion planning pipeline, we now examine compu-
tation times for individual modules. We benchmark me-
dian latency on RTX 5090 for Franka Panda and G1 at
batches 1 and 1,024, comparing our implementation with
cuRoboV1, cuRoboV2, Frax, Newton, PyRoki, PyT-Kin (py-
torch_kinematics), Pinocchio, and GRiD where applicable.
Module speedups average latency ratios over the two batch
sizes; comparisons covering both robots also average over
Franka and G1.

Kinematics scales to large batches with little additional
latency: increasing the batch from 1 to 1,024 adds less than
10% on either robot. Our forward and backward computa-
tions are 1.1× faster than cuRoboV2 on Franka and 1.3×
faster on G1 (Fig. 13). Jacobian gains are larger on the higher-
DoF G1 robot (Fig. 13). Our implementation is 1.2× faster
than cuRoboV2 on Franka and 1.6× faster on G1. On G1,
the speedup over cuRoboV1 is approximately 38×. Our IK
solver uses explicit Jacobians during Levenberg–Marquardt
initialization. On 100 shared Franka Panda targets, all four IK
methods achieve 100% success under common pose, joint-
limit, and collision checks. cuRoboV2-Fast is 1.9× faster
than cuRoboV2 for collision-aware IK, preserving success
while reducing batch latency (Fig. 13).

Inverse dynamics takes approximately half as long as
cuRoboV2 while supporting runtime changes to inertial
parameters (Fig. 13). Increasing the batch from 1 to 1,024
adds less than 20% latency on either robot. Relative to
GRiD [4], the reported latency ratios average 2.4× on Franka
and 6.4× on G1 across the two batch sizes. At batch 1, our
GPU implementation is also faster than CPU Pinocchio on
both robots, with an average speedup of 1.5×.

Collision computations improve over cuRoboV2 at both
batch sizes (Fig. 13), with mean speedups of 1.22× for
self-collision and 1.15× for swept world-collision. G1 self-
collision shows a much larger gain over cuRoboV1, with a
speedup of approximately 52×.

E. Trajectory Optimization Computation

cuRoboV2-Fast reduces trajectory optimization time
through faster iterations and a smaller iteration budget
(Fig. 14). With inverse dynamics enabled, each iteration is
2.8× faster than cuRoboV2 on RTX 5090 and 2.6× faster
on Jetson AGX Orin.

Part of this gain comes from avoiding repeated work
during line search. By reusing the cost at the current solu-
tion, cuRoboV2-Fast evaluates 972 robot states per iteration
instead of cuRoboV2’s 1,296. The RTX 5090 module profiles
show combined forward and backward inverse dynamics
taking 19.38µs versus 31.58µs for cuRoboV2 (1.6× faster).
Other costs and reductions are 4.2× faster. Combined scene
and self-collision kernel time is 14.01µs for cuRoboV2-Fast
versus 16.22µs for cuRoboV2. Compared with cuRoboV1,
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Fig. 13. Robot computation performance on RTX 5090. cuRoboV2-Fast accelerates robot computations and collision-aware IK. Latencies are medians;
IK uses 100 shared Franka Panda targets. Other modules compare batches 1 and 1,024 on Franka Panda and G1. Broken-bar labels show full values; k
denotes 103.
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Fig. 14. Trajectory-optimization and full motion-planning times. Faster iterations and a smaller iteration budget compound to reduce optimization time.
cuRoboV2-Fast achieves 11.0× and 10.5× shorter optimization-loop times than cuRoboV2 on RTX 5090 and Jetson AGX Orin, respectively. Iteration
totals use 75 iterations for cuRoboV2-Fast and 300 for both baselines. Iteration timings on both devices use 100 repeated bookshelf_small_panda
solves at 100 g.
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Fig. 15. Mean per-cube planning time and planned motion duration for
the five-cube simulated YAM tray arrangement. cuRoboV2-Fast plans over
11× faster and produces shorter motions than both baselines.

combined forward and backward kinematics are 2.9× faster,
while L-BFGS and line search are 1.3× faster.

The smaller iteration budget compounds these savings.
Following the convergence study in Section IV-B, we use 75

t = 0.45 s

Payload: 100 g

t = 0.90 s t = 1.35 s

t = 0.75 s

Payload: 800 g

t = 1.50 s t = 2.25 s

Fig. 16. Simulated YAM transfers with 100 g (top) and 800 g (bottom)
payloads. The heavier payload shifts motion from joint 2 to joint 5 to respect
joint 2’s torque limit.
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iterations (50 + 1× 25) for cuRoboV2-Fast, compared with
300 for both baselines. Together with the faster iterations,
this reduces total time spent in the optimization loop by
a factor of 11.0 on RTX 5090 and 10.5 on Jetson AGX
Orin relative to cuRoboV2. The corresponding reductions
relative to cuRoboV1 are factors of 6.1 and 3.0, even though
cuRoboV1 omits inverse dynamics. These timings cover
the optimization iterations; initialization and other full-solve
overhead are excluded.

F. Simulated Planning Experiments

We compare cuRoboV1 [2], cuRoboV2 [5], and
cuRoboV2-Fast on a simulated YAM pick-and-place task
that arranges five cubes from one cluttered layout into a tray
on RTX 5090. Planning includes grasp selection, pregrasp,
approach, lift, and transfer. All three methods complete all
five cubes, and the saved lift and transfer trajectories pass
independent held-object collision and payload torque audits.

Figure 15 shows that cuRoboV2-Fast reduces both plan-
ning time and planned motion duration. Mean planning
time per cube is 26.05 ms, giving speedups of 12.7× over
cuRoboV1 and 11.2× over cuRoboV2. Mean planned motion
duration is 3.33 s, which is 26.5% shorter than cuRoboV1
and 46.6% shorter than cuRoboV2. Together, these gains
reduce mean cycle time, measured as planning plus planned
motion, to 3.36 s per cube: 31.0% shorter than cuRoboV1
and 48.6% shorter than cuRoboV2.

In a separate simulated YAM transfer between fixed
pickup and placement locations, we vary the payload from
100 g to 800 g (Fig. 16). The heavier payload changes the
optimized motion: movement shifts from joint 2 to joint 5 to
respect joint 2’s torque limit, illustrating how payload-aware
planning adapts the path to the load.

G. Real-Robot Deployment

We deploy cuRoboV2-Fast on the I2RT YAM for tabletop
clearing and bin picking (Fig. 19). One RTX 6000 Ada runs
SceneFields [23], GraspGenX [24], and our planner (Fig. 17).
SceneFields provides depth, detections, and robot masks. It

builds a TSDF with 5 mm voxels for object surfaces used by
GraspGenX and an ESDF with 20 mm voxels for collision
checking by our planner.

Measured joint feedback shows that cuRoboV2-Fast uses
more of the available velocity range during arm execution
(Fig. 18). Relative to cuRoboV2, the fraction of motion time
at 90–100% velocity utilization nearly doubles, while the
fraction below 50% utilization decreases by 21.7%. Torque
utilization remains below 90% for 99.6% of motion time
with cuRoboV2-Fast, and all recorded torques remain within
limits for both methods. Executed velocities can exceed
limits despite velocity-feasible plans, highlighting the im-
portance of considering torque constraints alongside velocity
constraints when planning motions for execution.

Spending a larger fraction of motion time at higher ve-
locities translates into shorter arm execution times. Across
approximately 50 completed object-transfer cycles for
cuRoboV2-Fast and 15 for cuRoboV2, mean arm execution
time decreases by 44.8%. This reduction leads to a 34.6%
decrease in mean cycle time (Fig. 18).

We break down the time in a cycle across motion planning,
arm execution, gripper execution, and other processing and
waits (Fig. 19). For cuRoboV2-Fast, these average 0.06, 3.75,
1.53, and 0.60 s, respectively. Arm execution accounts for
63.1% of cycle time, while planning accounts for only 1.0%.

V. DISCUSSION

The planning-time improvements come from reducing
both the number of optimization iterations and the cost
of each iteration. The convergence experiment shows that
our B-spline formulation reaches comparable success with
fewer initial iterations in the evaluated configuration, while
accelerated robot computations reduce the cost of refinement
with inverse dynamics. Together with fast route initialization,
these improvements yield full-pipeline speedups while main-
taining similar success to cuRoboV2 across payloads. The
gains also extend to Jetson AGX Orin, where cuRoboV2-
Fast plans faster than cuRoboV1 + TOPPRA on RTX 5090,
supporting deployment on embedded hardware.
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Fig. 19. Real YAM table clearing and bin picking with cuRoboV2-Fast.
Mean cycle breakdown over 53 completed sequences; planning accounts
for only 1.0%, including failed planning calls and retries within each cycle.
Other includes residual processing and waits.

Efficient execution requires optimizing both the path and
its timing. The payload benchmarks show that shorter joint-
space paths do not necessarily produce shorter motions under
actuator constraints. Payload-aware trajectory optimization
can adapt the path to the load, while TimeOpt redistributes
traversal time along the resulting path. Its 15.7% reduction in
mean motion duration beyond uniform timestep refinement
shows that timing remains an opportunity for improvement
after geometry optimization. Local spline support yields
banded Newton systems and parallel constraint evaluation,

making this additional optimization inexpensive on the GPU.
These results support TimeOpt as a practical way to improve
execution time without requiring globally optimal timing.

The real-robot experiments connect these improvements to
execution: cuRoboV2-Fast spends a larger fraction of arm-
motion time near the velocity limits and reduces mean arm
execution time by 44.8% relative to cuRoboV2. Shorter arm
motions also reduce completed cycle time, although gripper
execution and other processing remain substantial contribu-
tors. Planning accounts for only 1.0% of the measured cycle
time, so further planning-latency reductions alone would
have limited impact on these cycles. Improving the motions
produced by the planner therefore remains central to faster
manipulation, alongside integration with perception, grasp
generation, and execution.

A. Limitations

Our approach addresses motion planning holistically, en-
abling high success in cluttered scenes while reducing both
computation time and motion duration. Although it does
not guarantee global optimality, it achieves a mean pick-
and-transfer cycle time of 5.9 s on a real robot. Planning
accounts for only 1.0% of cycle time in this deployment and
is no longer a bottleneck. The main remaining bottleneck lies
in contact-rich manipulation, particularly achieving reliable
grasps and successful object interactions.
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