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Abstract— Sequential robot manipulation tasks require find-
ing collision-free trajectories that satisfy geometric con-
straints across multiple object interactions in potentially high-
dimensional configuration spaces. Solving these problems in
real-time and at large scales has remained out of reach due to
computational requirements. Recently, GPU-based acceleration
has shown promising results, but prior methods achieve limited
performance due to CPU-GPU data transfer overhead and
complex logic that prevents full hardware utilization. To this
end, we present SPaSM (Sampling Particle optimization for
Sequential Manipulation), a fully GPU-parallelized framework
that compiles constraint evaluation, sampling, and gradient-
based optimization into optimized CUDA kernels for end-to-end
trajectory optimization without CPU coordination. The method
consists of a two-stage particle optimization strategy: first solv-
ing placement constraints through massively parallel sampling,
then lifting solutions to full trajectory optimization in joint
space. Unlike hierarchical approaches, SPaSM jointly optimizes
object placements and robot trajectories to handle scenarios
where motion feasibility constrains placement options. Exper-
imental evaluation on challenging benchmarks demonstrates
solution times in the realm of milliseconds with a 100% success
rate; a 4000× speedup compared to existing approaches. Code
and examples are available at commalab.org/papers/spasm.

I. INTRODUCTION

Robotic manipulation tasks require executing sequences
of coordinated motions where each action fundamentally
depends on the successful completion of preceding actions.
These dependencies arise from geometric constraints im-
posed by object grasping configurations, kinematic limi-
tations of robot arms, and obstacles that restrict feasible
motion paths. The coupling between action grounding (i.e.,
placement of the objects) and continuous motion planning
creates a computationally challenging problem where local
failures can cascade through the entire action sequence,
resulting in failure to find feasible motion.

Recent advances in GPU-accelerated motion planning and
manipulation planning such as cuRobo [1] and cuTAMP [2]
have demonstrated significant computational improvements
by parallelizing operations across thousands of concurrent
threads. These methods leverage GPU hardware to accelerate
computation. However, there are still bounding CPU-based
coordination steps which incur overhead from CPU-GPU
data transfers. The computational bottleneck has shifted from
individual constraint evaluations to the coordination and data
movement between processing units.

To address this, we present SPaSM (Sampling Particle
Optimization for Sequential Manipulation), a GPU-parallel
framework that performs end-to-end optimization of manipu-
lation trajectories entirely on GPU hardware. We focus on the
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problem of finding collision-free feasible motion sequences
that satisfy a predetermined sequence of manipulation ac-
tions. Given a fixed action skeleton specifying the order
of pick-and-place operations, our approach jointly optimizes
object placements and robot trajectories to minimize ex-
ecution cost while satisfying all geometric and kinematic
constraints. The resulting problem structure admits massive
parallelization across both candidate solutions and optimiza-
tion iterations, with zero CPU coordination overhead. Our
method uses a two-stage approach: first optimizing object
placement configurations through parallel particle optimiza-
tion, then lifting successful placements to full trajectory
optimization in joint space. Unlike previous approaches, our
second phase performs joint optimization of robot motion
and object positions to handle scenarios where motion fea-
sibility significantly constrains placement options. The en-
tire optimization—including sampling, constraint evaluation,
gradient computation, and trajectory refinement—executes as
compiled CUDA kernels without CPU intervention, leverag-
ing JAX [3] for efficient implementation. Our implementa-
tion is open source1.

Evaluation on challenging benchmarks demonstrates that
SPaSM achieves solution times in milliseconds on complex
benchmark problems, representing a 4000× speedup com-
pared to cuTAMP (without action skeleton search) while
maintaining 100% success rates. Our approach scales ef-
fectively and is capable of solving reactive manipulation
scenarios where environmental conditions change. These
performance gains enable real-time replanning capabilities
and open new possibilities for manipulation tasks requiring
rapid adaptation to dynamic environments.

II. RELATED WORK

Sequential robot manipulation tasks require coordinated
planning across both discrete action sequences and contin-
uous motion trajectories. In this work we focus on finding
feasible geometric motions and action groundings (i.e., grasp
poses and placement locations) over a given sequence of
actions—we assume this sequence is given. The MoveIt
Task Constructor [4] addresses similar problems by working
from prespecified action sequences to generate executable
plans via sampling potential groundings and resolving with
motion planning. Related sequential manifold planning ap-
proaches [5] tackle sequences of actions specified as man-
ifold constraints. We contrast this assumption against Task
and Motion Planning (TAMP) problems, where algorithms
must also find the high-level sequence of actions that have

1https://github.com/CoMMALab/SPaSM
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Fig. 1: Overview of our approach, Sampling Particle optimization for Sequential Manipulation (SPaSM), applied to our 10-block tower problem in clutter.
SPaSM jointly optimizes over the robot configuration and object states for sequential pick and place tasks using large scale particle optimization on the
GPU, solving end-to-end placements and motions for this problem in 12 milliseconds.

corresponding low-level groundings of said actions [6]. How-
ever, both classes of problems require solving for satis-
fying assignments of the grounding variables, constrained
by the geometry of the scene and kinematic feasibility.
The core challenge is coupling discrete action selection
with continuous planning; some approaches tackle this with
sampling [7] or optimization [8]. In this work, we assume a
valid grounding exists and attempt to find solutions through
highly parallel differentiable particle optimization, quickly
exploring the potential space of groundings.

Relatedly, trajectory optimization approaches [9] formu-
late planning as an optimization problem, which naturally
captures the complex constraints imposed over long horizon
problems. Similar to our approach in formulation is that of
logic-geometric programming [10, 11], which also optimizes
over both poses of objects and the entire trajectory in a three-
layer approach. Optimization-based approaches for ground-
ing leverage gradient information but face challenges with
highly nonlinear constraints, requiring good initialization to
avoid local minima. We avoid this by leveraging parallelism
to sample many initial seeds.

There has also been recent progress in receding horizon
sequential planning, using model-predictive control frame-
works [12–15]. In contrast, our approach plans an entire
trajectory from start-to-finish. It is of interest to adapt our
method to the receding horizon case.

A. Parallelization for Planning

Parallel planning has been desirable since the start of
the field [16] due to the computational intensity of high-
dimensional search problems. Recently, geometric motion
planning has been demonstrated to work in the microsec-
ond regime, opening new possibilities for fast and efficient
planning [17]. Many parts of planning are embarrassingly
parallel [18]. Early GPU implementations focused on specific
components such as parallel RRT variants [19] and collision
checking acceleration [20]. Recent GPU planners (e.g., [21])
parallelize multiple components of the planner to take ad-
vantage of all parts of the hardware. We use JAX [3] to
automatically compile our approach into an efficient kernel
that can be parallelized.

Trajectory optimization can be accelerated effectively on
the GPU [22–25]; recent approaches, such as cuRobo [1],

achieve significant speedups for motion planning. Planning
formulated as optimal transport problems [26] and Global
Tensor Motion Planning [27] exploit tensor operations for
massive parallelization. These methods, and others such as
PyRoki, leverage JAX for differentiable robot planning [28].

For sequential manipulation specifically, recent probabilis-
tic approaches like STAMP [29] apply parallel simulation
and Stein variational gradient descent to explore multiple
potential action sequences. cuTAMP [2] represents current
state-of-the-art GPU acceleration for long-horizon problems,
using differentiable collision checking and constraint satis-
faction. To deal with local minima sensitivity, they employ
initialization strategies like backtracking and early stopping
to eliminate unpromising samples. However, these operations
introduce branching operations that require CPU-based coor-
dination to maintain dynamic constraint sets as necessary for
solving TAMP problems, creating communication overhead
that limits speedups to seconds rather than milliseconds. The
hierarchical decomposition between placement optimization
and trajectory planning in cuTAMP also prevents joint op-
timization of interdependent constraints. This also prevents
joint optimization of the final trajectory.

Our approach differs fundamentally by eliminating CPU-
GPU coordination through end-to-end compiled CUDA ker-
nels, jointly optimizing placement and trajectory feasibility
rather than hierarchical decomposition, and achieving mil-
lisecond performance. SPaSM also recognizes that motion
feasibility can significantly constrain placement options, and
thus we integrate optimization across both discrete grounding
and continuous trajectory variables.

III. METHODOLOGY

We address sequential pick-and-place problems where the
geometric properties of all objects, their initial positions,
and environmental obstacles are known. This encompasses
packing problems (shown in Fig. 5), block stacking tasks
(Fig. 1), and other manipulation scenarios requiring multiple
coordinated pick-and-place actions. We also assume that the
action skeleton—the predetermined sequence of high-level
actions—is provided as input. The objective is to determine
collision-free object placements that satisfy a constraint func-
tion |f(x)| < ϵ, which defines the set of valid intermediate
and final configurations, while finding feasible collision-free
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motion of the manipulator and potentially the grasped object.
We formulate collision constraints as penetration distance
penalties between object pairs. Without loss of generality, we
represent all objects and the robot as collections of spheres,
which enables efficient computation. For manipulator mo-
tion, we optimize trajectory cost in terms of distance in the
robot’s configuration space.

Solving this problem reduces to a Constraint Satisfaction
Problem (CSP) [6], requiring optimization over continuous
variables subject to multiple constraints, which generates
a highly nonlinear optimization landscape. For instance,
stacking a tower of Nobj blocks requires optimization over
approximately O(Rd×Ntimestep×Nobj×Rod) variables, where
Rd represents the robot’s degrees of freedom, Rod denotes
the object state dimensionality, and Ntimestep indicates the
number of waypoints per robot trajectory. To address the
high dimensional, non-linear nature of the problem, we use
a two-stage optimization approach:

1) Object Variable CSP: We solve the reduced CSP
for object placement states, obtaining a batch of N
candidate solutions that provide collision-free feasible
object configurations.

2) Trajectory Optimization: We lift these placement
solutions into the full configuration space of the robot,
jointly optimizing robot configurations, trajectories,
and object placements.

Our approach is inspired by the particle optimization pro-
posed by cuTAMP [2]. While cuTAMP only solves the
object variable CSP and uses cuRobo to resolve motion,
we jointly optimize over entire robot trajectories and object
placements. Our approach takes advantage of the known
problem structure and uses fused computational kernels for
better hardware utilization, resulting in over 4000× faster
solve times for the object variable CSP.

A. Object Variable CSP

This stage solves only object placement states and com-
putes the final object configurations such that: (i) they
maintain collision-free separation from the environment and
other objects, and (ii) remain within the problem-specified
valid bounding constraints.

Our approach uses parallelized differentiable optimization
over batches of particles. Although the optimization vari-
ables are continuous, the problem structure often admits
only zero-dimensional solution manifolds, making the valid
solution set effectively discrete. For example, tightly packing
objects within a constrained region typically yields only a
finite number of feasible solutions, as demonstrated by the
Tetris problem (Fig. 5). The extreme nonlinearity of these
constraints presents a fundamental challenge for continuous
optimization methods. We leverage large scale parallelism
to tackle this problem by increasing the batch size, which
empirically seems to be more effective approach for CSP
search than other particle initialization techniques

This effectiveness stems from the nature of the parallelism
afforded by GPUs, which scale efficiently for simple, branch-
free operations such as bulk sampling, rather than complex

methods which may result in stalls and coupling between
processing units. To improve success rates, we implement
a simple rejection sampling procedure: we sample a large
number of particles and immediately eliminate high-cost
candidates. This approach scales effectively and generalizes
well to challenging problems with highly coupled states, as
it makes no assumptions regarding state dependencies.

1) Particle Initialization: We perform uniform sampling
of N initial states within the problem domain and compute
the initial cost for each particle using the constraint function
f . We select the M particles with the lowest initial costs for
subsequent placement optimization. Following optimization,
we verify the existence of successful states and repeat the
initialization step if none are found. This corresponds to lines
1–4 in Alg. 1.

This strategy proves effective because initial state cost
serves as a reliable (albeit not definite) predictor of optimiza-
tion success. Fig. 2 demonstrates the cost evolution across
all particles for a representative Tetris problem. States with
higher initial costs exhibit substantially lower probability
of successful convergence. Filtering based on initial cost
provides a computationally efficient method for identifying
states worthy of optimization investment. The selection of
sampling batch size N and optimization batch size M
requires careful balancing for performance. While larger
sample sizes increase the probability that at least one sample
will successfully optimize, excessive sampling wastes com-
putational resources since only a single solution is required.
We provide analysis of optimal N and M selections in Fig. 6.

2) Particle Optimization: The selected M particles un-
dergo parallel optimization to determine object placement
poses. During optimization, object poses are clamped to
ensure they remain within the problem bounding box. The
highly nonlinear cost landscape induces multiple local min-

Algorithm 1 GPU-Parallelized Particle Optimization
Require: CSP problem Π, N sampling batch size, M optimization batch

size, Klin linear optimization steps, Kquad quadratic optimization steps,
ηinit initial learning rate

1: S ← SAMPLEUNIFORM(Π, N) ▷ Sample initial particles in parallel
2: C ← COST(S) ▷ Evaluate costs for all particles
3: I ← ARGSORT(C)[: M ] ▷ Select indices of M best particles
4: Sopt ← S[I]
5: ▷ Linear Cost Descent
6: for k = 1, . . . ,Klin do
7: η ← ηinit · (1− k/Klin) ▷ Apply learning rate schedule
8: G ← ∇Sopt COSTlinear(Sopt)
9: Sopt ← Sopt − η · G ▷ Perform gradient descent step

10: end for
11: ▷ Quadratic Cost Refinement
12: for k = 1, . . . ,Kquad do
13: Gquad ← ∇Sopt COSTquadratic(Sopt)
14: Sopt ← Sopt − α · Gquad ▷ Refine with small fixed learning rate α
15: end for
16:
17: Ssatisfying ← GETSATISFYINGPARTICLES(Sopt)
18: if Ssatisfying ̸= ∅ then
19: Cfinal ← COST(Ssatisfying) ▷ Re-evaluate final costs
20: Ibest ← ARGSORT(Cfinal)[: P ] ▷ Return the best P solutions
21: return Ssatisfying[Ibest]
22: end if
23: return FAILURE
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Fig. 2: Cost evolution over 30 optimization steps for the 5-block tetris prob-
lem, demonstrating the effectiveness of our optimization strategy. Satisfying
states are frequently (though not universally) identified by low initial costs
prior to optimization. Pink trajectories represent samples not rejected in the
initial step, while red particles represent samples rejected early due to their
poor cost. Rejected samples rarely converge to valid solutions. At step 25,
the transition to quadratic costs further separates satisfying states from those
with low costs but cannot converge.

ima, and naïve cost descent may overlook nearby viable
states. To better exploit the cost landscape structure, we
introduce strategies that enhance local neighborhood explo-
ration and improve optimization success probability. This
corresponds to lines 6–23 in Alg. 1.

We achieve this through linear cost formulations and
learning rate scheduling. Initial optimization steps minimize
linear formulations of collision costs rather than quadratic
alternatives for up to Klin iterations. Linear costs enable
more aggressive exploration during initial stages by allowing
optimization to persist in high-penalty regions if other vari-
ables can achieve lower costs. While quadratic cost growth
prevents meaningful navigation of the cost landscape, linear
formulations permit escape from local minima, analogous to
momentum-based methods. Subsequently, we transition to
quadratic cost optimization for Kquad steps to achieve fine
convergence. As illustrated in Fig. 2, introducing quadratic
costs at step 25 causes the loss distributions to diverge
distinctly into successful and unsuccessful modes.

The second component for landscape exploration uses
learning rate scheduling. The learning rate controls the
aggressiveness of exploration away from local minima. High
learning rates enable extensive search for strong attractors
(likely solution minima) but prevent convergence to these
regions. The schedule permits high initial exploration uni-
formly across state variables, followed by increased con-
vergence near the optimization endpoint. A critical learning
rate threshold exists (proportional to the Lipschitz constant
and other problem-specific factors) below which the system
naturally settles to the nearest local minimum. We minimize
time spent in this regime since it provides limited exploration
benefit. We provide details on our learning rate schedule and
other hyperparameters in Sec. VI.

B. Trajectory Optimization

The sampling and optimization procedure from Sec. III-
A returns feasible states satisfying placement constraints.
In this stage, we use these solutions as initializations and
proceed to optimize remaining cost terms, producing feasible
robot paths through joint optimization of robot configuration
waypoints that form trajectories and object placements.

First, we lift the input object states to joint space rep-
resentation for each trajectory segment in the motion—this
corresponds to a pick or place motion. We accomplish this
by converting object poses to joint space coordinates via
sampling inverse kinematics on grasp poses. In our work,
we use the analytic inverse kinematics for the Franka robot
proposed by He and Liu [30], although any other parallel
differentiable inverse kinematics is suitable, e.g., [1, 28]. We
further initialize our batch of trajectory particles by sampling
Kwaypoint intermediate initialization waypoints between each
motion segment’s start and goal, taking inspiration from [27]
and the retraction state used by cuRobo [1]. We then initialize
trajectories by linearly interpolating between the start, inter-
mediate initialization points, and goal for Kinterp steps for
each motion segment. Finally, we execute gradient descent
with learning rate scheduling over the entire trajectory using
the gradient of the cost functions (specified in Sec. VI) within
an augmented Lagrangian optimization framework [31].

Critically, during trajectory optimization, we do not freeze
the object placement states derived from the object CSP
stage. Instead, placements remain optimizable, and gradients
from trajectory-level costs (such as arm-obstacle collisions
and kinematic feasibility) propagate through to update object
placements. Therefore, if an existing placement is kinemati-
cally unreachable or causes arm collisions, the optimizer can
shift the placement to a nearby feasible configuration while
simultaneously adjusting the trajectory.

IV. EXPERIMENTAL EVALUATION

We evaluate SPaSM across a range of sequential manip-
ulation planning problems, including point-to-point motion
planning tasks, sequential pick-and-place tasks for pack-
ing and tower stacking in clutter, and real-time adaptation
scenarios. These problems vary significantly in difficulty,
with particular emphasis on tasks featuring tightly coupled
constraints and high nonlinearity. We compare our approach
against state-of-the-art baselines cuTAMP [2] and cuRobo [1]
(without jerk minimization) across various batch sizes. All
experiments were conducted on an x86-based desktop com-
puter with an AMD Ryzen Threadripper PRO 5965WX 24-
Core CPU and an NVIDIA GeForce RTX 4090 GPU.

A. Point-to-Point Motion Planning Problems

The general formulation of SPaSM enables its application
to classical motion planning problems by treating them as
single-motion trajectory optimization instances. These prob-
lems can be conceptualized as single-sequence-length manip-
ulation tasks, with constraints imposed on feasible configura-
tions by environment geometry. We evaluate SPaSM with its
trajectory optimization component (SPaSM + TrajOpt) on
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Fig. 3: Comparison of SPaSM with cuRobo on the MotionBenchMaker
dataset. The success rate of both planners is 100%. SPaSM is more than an
order of magnitude faster, but as expected, found solution paths are longer.

Fig. 4: Cutaway with an example trajectory generated for an instance of the
“cage” problem from MotionBenchMaker [32]. SPaSM is able to quickly
generate collision free trajectories in complex environments.

the MotionBenchMaker dataset [32] for the 7-DoF Franka
Panda. We compare against cuRobo [1], a state-of-the-art
GPU-accelerated trajectory optimization-based motion plan-
ner, measuring both runtime and solution path length.

Fig. 3 presents the comparative results across different
problem instances. SPaSM demonstrates superior planning
time performance, achieving solution times more than an
order of magnitude faster than cuRobo while maintaining the
same 100% success rate as cuRobo. As expected, the solution
paths generated by SPaSM are longer than those produced
by cuRobo, reflecting a trade-off between optimization speed
and path optimality. These results demonstrate SPaSM’s ca-
pability to solve difficult planning problems within a unified
framework. Motion planning and manipulation planning can
be solved by the same method without losing performance.

B. Pick-and-Place: Tetris Packing

We evaluate SPaSM on a sequential pick-and-place task
requiring precise object placement configurations, based on
the 5-Tetris benchmark introduced by cuTAMP [2], shown
in Fig. 5. We evaluate scenarios with 5 and 8 Tetris blocks:
the planner must determine feasible placements for the
blocks that fit within a tight rectangular bounding box
(Fig. 5). The blocks are designed such that satisfying pack-
ings utilize all available space without gaps, emphasizing

(a) 5 tetris (b) 8-Tetris

Fig. 5: 5-Tetris and 8-Tetris problems. The goal is to pack the blocks into
the bounding box. This problem requires long horizon planning, as initial
placements greatly the availability of a solution and placement positions of
later blocks.

Approach Nb Success (%) Sol. Time

SPASM
W/O
TRAJOPT
(TUNED)

512 100 4.23 ± 2.68 ms
1024 100 4.12 ± 1.94 ms
2048 100 4.56 ± 1.71 ms
4096 100 6.37 ± 1.97 ms
8192 100 12.66 ± 2.11 ms

CUTAMP
ONLY
(TUNED)

512 100 18.98 ± 6.80 s
1024 100 12.14 ± 2.92 s
2048 100 7.33 ± 0.93 s
4096 100 9.01 ± 1.10 s
8192 100 11.88 ± 0.98 s

(a) 5-Tetris

Approach Nb Success (%) Sol. Time

SPASM
W/O
TRAJOPT
(TUNED)

512 100 12.68 ± 7.40 ms
1024 100 14.15 ± 6.03 ms
2048 100 17.45 ± 5.10 ms
4096 100 36.71 ± 3.70 ms
8192 100 88.97 ± 3.77 ms

CUTAMP
ONLY
(TUNED)

512 80.0 65.48 ± 30.38 s
1024 83.33 133.69 ± 61.31 s
2048 100 119.91 ± 49.12 s
4096 100 74.58 ± 15.15 s
8192 100 90.06 ± 19.74 s

(b) 8-Tetris

TABLE I: Comparison for the 5-Tetris and the 8-Tetris problems in terms
of success (coverage) and solution time. Note that for SPaSM times are
reported in milliseconds and for cuTAMP in seconds.

that valid solutions constitute effectively a sparsely dis-
tributed zero-dimensional subset in the configuration space.
To demonstrate scalability, we developed an 8-block variant
extending the original benchmark. For SPaSM, the cost
function combines inter-object penetration penalties with
boundedness constraints within the specified region.

1) Baseline Configuration: Since cuTAMP does not per-
form trajectory optimization within its standard pipeline, we
combine it with cuRobo as recommended by the original
authors to generate complete motion plans. We present
cuTAMP results with cuRobo trajectory optimization. To
ensure a fair comparison, we initialize cuTAMP with a
predetermined skeleton known to yield feasible solutions,
and do not count the time for this initialization. cuTAMP
was configured with tuned cost parameters and all visual-
ization disabled for performance. For results incorporating
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Problem Approach Sol. Time Sol. Length

5-
TETRIS

SPaSM + TrajOpt 10.03 ± 0.95 ms 17.25 ± 0.36
cuTAMP + cuRobo 10.55 ± 1.90 s 28.24 ± 2.47

8-
TETRIS

SPaSM + TrajOpt 19.39 ± 2.06 ms 26.03 ± 0.53
cuTAMP + cuRobo 69.42 ± 32.12 s 48.75 ± 3.15

TABLE II: Comparison for the full 5-Tetris problem with joint optimization.
Both methods have a 100% success rate. We choose the best batch size based
on the results from Fig. 6.

trajectory optimization, we report runtime and solution cost
metrics only for the best-performing batch from stage one,
as the batch size for trajectory optimization remains constant
regardless of sampling and optimization batch configurations.

2) Performance Comparison: For each problem instance,
we conducted 100 trials per method and report the time to
first solution with 95% confidence intervals. While continued
optimization would yield additional solutions, we focus on
the more stringent metric of time to first solution, with
a maximum limit of 30,000 optimization steps. Against
the cuTAMP and cuRobo baseline, we present results for
SPaSM with trajectory optimization and SPaSM without
trajectory optimization (object CSP stage only). For SPaSM
without trajectory optimization, success is measured solely
on placement feasibility, excluding trajectory considerations.

Tables Ia and Ib demonstrate that SPaSM successfully
finds solutions in all test cases, while cuTAMP fails on
some instances of the 8-block tetris problem. Altogether,
SPaSM with trajectory optimization achieves solution times
more than 1,000 times faster than cuTAMP combined with
cuRobo(Table II). More significantly, SPaSM without tra-
jectory optimization finds feasible placements nearly 4,000
times faster than cuTAMP alone, demonstrating SPaSM’s
exceptional efficiency in computing feasible object place-
ments. In addition, SPaSM generates shorter trajectories due
to the joint optimization setup.

3) Hyperparameter Ablations: We conducted ablation
studies to determine optimal sampling batch size N and
optimization batch size M for SPaSM without trajectory
optimization. We performed hyperparameter search over
sampling batch sizes ∈ 2[9,19] and optimization batch sizes
∈ 2[8,13]. Each parameter combination was evaluated across
100 trials with average solution times recorded. Our efficient
runtime enables such hyperparameter exploration.

The analysis revealed unexpected relationships between
these parameters (Figs. 6a and 6b). Sampling incurs sig-
nificantly lower computational cost than optimization (1
cost evaluation per batch versus 30 gradient evaluations per
batch). However, since only a single solution is required,
excessive sampling wastes computational resources by gen-
erating redundant solutions. The search identified two distinct
optimization strategies for minimizing time to first solution:
(1) small batch sizes for both parameters, enabling fast
iteration with low re-solving penalties, and (2) large batch
sizes for both parameters, providing high success probability
on initial attempts. The more challenging 8-Tetris problem
performed better with larger batch sizes, likely correlating

(a) 5-Tetris (b) 8-Tetris

Fig. 6: Hyperparameter sweep over sampling batch and optimization batch
sizes (N and M ) and average solution times for 5-Tetris and 8-Tetris. There
is a balance between high batch sizes (which have higher chance of solution
for one solve step, but are computationally heavy) and smaller batch sizes
(which have less likelyhood of solution but take less time).

(a) No Obstacles (b) One Obstacle (c) Ten Obstacles

Fig. 7: Tower stacking problem. The goal is to stack blocks on the table
into a tower while avoiding obstacles. Solving this problem requires joint
optimization of placement and trajectory to find feasible end-to-end motions.

with the increased sparsity of solution states.

C. Pick-and-Place: Tower Stacking

Combining the computational challenges from point-to-
point motion planning and discrete placement optimization,
we designed a tower stacking problem involving long-
horizon sequential manipulation under environmental con-
straints. We address the task of stacking B = 10 blocks
into a physically stable tower configuration. We evaluate
three problem variants: without obstacles, with a single
obstacle, and with multiple obstacles (Fig. 7). The obstacles
constrain the robot’s motion, rendering many potential tower
placements infeasible. Our joint optimization framework
simultaneously solves for stable block placement (incorpo-
rating center-of-mass constraints and collision-free object

Num.
Obs.

Sol. Time Sol. Length Particle
Opt. Time

TrajOpt
Time

0 10.80 ± 0.07 33.21 ± 0.84 0.39 ± 0.01 10.42 ± 0.06

1 10.75 ± 0.07 32.49 ± 0.66 0.38 ± 0.01 10.37 ± 0.06

10 12.76 ± 0.06 32.99 ± 0.70 0.40 ± 0.01 12.36 ± 0.05

TABLE III: Ablation studies for the 10-block tower stacking problem
with different number of obstacles (Fig. 7). It is interesting to note that
SPaSM+TrajOpt scales well even with increasing environment complexity.
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positioning) and collision-free arm trajectories, thus enabling
solutions in cluttered environments.

For the tower stacking problem, even without obstacles,
SPaSM without trajectory optimization consistently fails be-
cause interpolated straight-line trajectories inevitably collide
with previously placed blocks. This constraint emphasizes
the necessity of trajectory optimization for sequential ma-
nipulation tasks. Following the evaluation done for tetris,
we benchmark runtimes and solution lengths across all three
problem variants (Table III).

Our method successfully solves the multiple-obstacle con-
figuration with a 100% success rate, demonstrating robust-
ness to environmental clutter. Table III shows that solution
times remain consistent across obstacle configurations, indi-
cating that our approach scales effectively with increasing
complexity. The particle optimization phase requires ap-
proximately 0.39 milliseconds regardless of obstacle density,
while trajectory optimization time takes between 10 and 13
milliseconds. This consistency demonstrates SPaSM’s scala-
bility and robustness to complex environments and tasks.

V. CONCLUSION AND FUTURE WORK

We present Sampling Particle optimization for Sequential
Manipulation (SPaSM), a fully GPU-parallelized method
for sequential pick-and-place planning tasks in clutter that
achieves solution times on the order of milliseconds on chal-
lenging benchmark problems—a 4000× speedup compared
to existing approaches [2]. Our end-to-end compilation of
constraint evaluation, sampling, and gradient-based optimiza-
tion into optimized CUDA kernels eliminates CPU-GPU
coordination overhead that previously limited accelerated
planning approaches. Our approach also jointly optimizes
object placements and robot trajectories in a two-stage ap-
proach, demonstrating that the coupling between placements
and motion requires integrated optimization to solve in
cluttered environments.

The millisecond planning horizon achieved by SPaSM on
challenging benchmarks questions assumptions about what
could be planned online versus offline—SPaSM transforms
sequential manipulation into a real-time planning capability,
enabling systems to respond to changes in the environment
with replanning frequencies sufficient for dynamic adapta-
tion. This will enable entirely new applications of complex
manipulation, including human-robot collaboration, reactive
behaviors, and closed-loop control informed by long-horizon
information. Future research directions include integration
with perception systems for reactive planning in the real
world, extension to receding horizon formulations that in-
tegrate robot dynamics into the problem formulation, and
incorporation of learned components to avoid collisions and
draw potential placement and grasp samples. We also wish to
investigate a multi-robot sequential planning (e.g., as in Lai
et al. [33]) extension of SPaSM.
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VI. APPENDIX

A. Tetris Problem

The placement cost function is defined as:

Cplacement =
∑
i∈B

∑
j>i∈B

P(i,j)+
∑
i∈B

∑
j∈W

P(i,j)+ |z−z∗| (1)

where P(i,j) represents the penetration depth between
objects i and j. The cost includes penetration penalties
between block pairs, block-wall pairs, and the distance from
the desired z-axis position. B denotes the set of blocks, W
denotes the set of walls, and z∗ is the target z-coordinate.

B. Tower Stacking Problem

The initial placement of blocks is determined by minimiz-
ing a cost function Cplacement that evaluates the quality of a
tower configuration {pi}i∈B . Here, pi represents the pose
of block i. The cost function is a weighted sum of penalties
for instability, incorrect block height, and collisions:

Cplacement = wstableCstable + wheightCheight + wcollCcoll (2)

Stability Cost (Cstable): Penalizes configurations where the
center of mass (CoM) of blocks stacked above block i

projects outside its supporting footprint.

Cstable =

B−1∑
i=1

Dist(CoM({pj}j>i),Footprint(pi)) (3)

Height Cost (Cheight): Enforces that each block i is placed
at a height corresponding to its index in the stack.

Cheight =

B∑
i=1

(z(pi)− i · hblock)
2 (4)

Collision Cost (Ccoll): Penalizes penetration between block
pairs and between blocks and environmental obstacles O.

Ccoll =
∑

i,j>i∈B

Pen(Bi,Bj) +
∑

i∈B,o∈O
Pen(Bi, o) (5)

In these equations, z(pi) is the vertical position of block
i, hblock is the height of a single block, and Pen(·, ·) is a
penetration depth function. The optimization is performed
over sequences of joint configurations qb,t ∈ R7 for each of
the B blocks at each timestep t ∈ {0, . . . , T}:

Ctrajopt = Cplacement({pb,T }∀b) + wstartCstart

+ warmCarm + wblockCblock

Placement Cost (Cplacement): Evaluates the stability of the
final tower configuration. Final block poses {pb,T }∀b are
determined by forward kinematics at the final timestep:
fk(qb,T ).
Initial Pose Alignment Cost (Cstart): Penalizes misalign-
ment between the arm’s end-effector and the block’s initial
pose at t = 0 to ensure smooth grasping. The cost measures
squared error in position and roll/pitch orientation:

Cstart =

B∑
b=1

∥pos(fk(qb,0))− pos(pb,initial)∥22 + (6)

∥rotRP(fk(qb,0))− rotRP(pb,initial)∥22 (7)

Arm-Obstacle Collision Cost (Carm): Penalizes penetration
depth between robot arm geometry A(qb,t) and workspace
obstacles o ∈ O across the entire trajectory:

Carm =

B∑
b=1

T∑
t=0

∑
o∈O

Pen(A(qb,t), o) (8)

Held Block-Obstacle Collision Cost (Cblock): Penalizes
penetration depth between held block geometry G(fk(qb,t))
and obstacles o ∈ O during transport phase (t ∈ [1, T − 1]):

Cblock =

B∑
b=1

T−1∑
t=1

∑
o∈O

Pen(G(fk(qb,t)), o) (9)

The scalar weights wstart, warm, and wblock balance the
contribution of each term. Minimizing Ctrajopt yields joint-
space trajectories that achieve stable tower configurations
while respecting physical and environmental constraints.
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