Flow-Opt: Scalable Centralized Multi-Robot Trajectory Optimization
with Flow Matching and Differentiable Optimization

Simon Idoko, Arun Kumar Singh

Abstract—Centralized trajectory optimization in the joint
space of multiple robots provides access to a larger feasible space,
yielding smoother trajectories, especially in tight environments.
Unfortunately, it is computationally intractable beyond small
swarm sizes. We propose Flow-Opt, a learning-based framework
for fast, high-quality approximation of centralized multi-robot
trajectory optimization. We reduce the problem to first learning
a generative model to sample candidate trajectories and then
using a learned Safety Filter (SF) to ensure fast inference-time
constraint satisfaction. We propose a flow-matching model based
on a Diffusion Transformer (DiT) augmented with permutation-
invariant encoders as the generative model, and develop a custom
differentiable SF solver equipped with a neural initialization
network trained in a self-supervised manner. Experiments show
that Flow-Opt generates trajectories for tens of robots in cluttered
environments in tens of milliseconds—up to 30 x faster than exist-
ing centralized optimizers and 160x faster than diffusion-based
baselines—while maintaining comparable trajectory quality and
enabling parallel solving of multiple problem instances.

I. INTRODUCTION

Generating coordinated, collision-free trajectories is a fun-
damental requirement for deploying multi-robot systems in ap-
plications such as warehouse automation, drone cinematogra-
phy [[1], and large-scale environmental mapping. Furthermore,
diverse feasible multi-robot motions can be used to construct
data-driven simulations to train navigation policies [2], [3]].

Current approaches are primarily divided into two
paradigms. Distributed methods [4], [5] allow each robot
to plan independently using communication or predictions,
achieving computational speed but only considering inter-
robot interactions implicitly, which limits the feasible solution
space. Centralized methods [6], [7] plan in the joint space of
all robots, dramatically improving trajectory quality in terms
of smoothness and arc-length. However, the number of inter-
robot collision constraints grows quadratically with swarm
size, leading to poor scalability.

Recent works have applied diffusion models to multi-
robot planning [8]], [9]], training generative priors on expert
trajectories and refining samples at inference time. However,
the denoising process is slow, and embedding constraint-
satisfaction within each denoising step further compounds the
cost.

Our Approach. Flow-Opt follows the paradigm of com-
bining generative modeling with inference-time refinement but
differs in two key ways. First, we build our pipeline around
flow matching rather than diffusion. Flow policies are based on
ordinary differential equations (ODEs) rather than stochastic
differential equations, resulting in simpler training and faster
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inference. We leverage a DiT backbone [10] augmented with
permutation-invariant start-goal and obstacle encoders. To the
best of our knowledge, this is the first application of flow
matching to multi-robot trajectory planning.

Second, rather than embedding refinement within the de-
noising process, we apply it only to the final flow output
through a Safety Filter (SF). We develop a custom differ-
entiable SF solver and equip it with a neural initialization
network that provides context-specific warm-starts. The ini-
tialization network is trained in a self-supervised manner by
leveraging the end-to-end differentiability of the SF solver.

Benefits. Our approach achieves up to an order of magni-
tude speedup over [7] while generating trajectories of compa-
rable quality. Compared to [§]], our method produces smoother
trajectories while reducing computation time by a factor of
160. Moreover, each component can be batched, enabling tens
of independent problem instances to be solved in parallel
within a fraction of a second.

II. PROBLEM FORMULATION

Consider n robots modeled as double integrators in an ng4-
dimensional workspace (ng € {2,3}), which is expressive
enough for quadrotors [11] and holonomic mobile robots.
Let p;| denote the position of robot ¢ at time step k over
a planning horizon of K+1 steps. The centralized trajectory
optimization is:
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The cost (Ta) minimizes total squared acceleration. Constraints
(IB)—(Ic) enforce inter-robot and obstacle collision avoidance,
where each robot is modeled as a spheroid with dimensions
(4,2,2) encoded in diagonal matrix M,, and M, captures
obstacle dimensions inflated by robot size. Constraint (Id) en-
forces workspace bounds and fixes boundary conditions.

Polynomial Parametrization. We parametrize the trajec-
tory of robot i as p;o.x = WE&;, where W is a block-
diagonal matrix of polynomial basis functions and &; =
[&1,,&],,€1.]" are the coefficients. Velocities and accel-

erations follow analogously through derivative matrices W,



W. Rolling all robot coefficients into a single vector &, the
optimization becomes:
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where Q, A, G,q, b, h are constants derived from the poly-
nomial basis. The affine equality and inequality constraints
stem from boundary conditions (Te) and workspace bounds
(Id), respectively. The function g contains the quadratic col-
lision constraints (Ib)—(Tc) expressed in terms of polynomial
coefficients.

III. METHOD

Flow-Opt has two core components: a conditional flow-
matching policy for trajectory sampling, and a Safety Filter
(SF) for constraint projection with learned warm-start. The
pipeline first draws diverse trajectory candidates from the flow
policy, selects the most promising based on constraint residual,
and refines them through the SF.

A. Conditional Flow Matching for Trajectories

We learn a generative model over trajectory coefficients &
conditioned on context ¢ = [csg,cob] (start-goal pairs and
obstacle information). A neural network vy (&;, ¢, c) is trained
to approximate a vector field transporting samples from a
Gaussian prior ¢ to the data distribution ¢(&|c). Using a linear
interpolation path &; = (1—t)&y + t&; between a prior sample
&y ~ qo and a data sample &; ~ ¢(&|c), the Conditional Flow
Matching objective is:
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At inference, trajectories are generated by integrating the
learned ODE from t=0 to t=1:
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Different initial samples &y yield diverse trajectories, com-
puted in a batched fashion.

Architecture. The backbone is a DiT [10]]. Noisy trajectory
coefficients & € R™*"™*"d are patchified via a CNN into
tokens &, € R5*P, where the CNN kernel (1,n4) produces
one token per robot, aggregating state dimensions without
mixing across robots. Context is incorporated through a CNN-
based start-goal encoder (c;g € RS*P) and a permutation-
invariant PointNet-based [[12] obstacle encoder (c, € RwxD)y,
The DiT processes trajectory tokens conditioned on start-goal
features via self-attention, and on obstacle features via cross-
attention.

A key strength of flow matching is its ability to learn multi-
modal distributions. In our context, this manifests as diverse
collision avoidance behaviors—variation in both speed profiles
and path choices among robots—which is particularly valuable
for generating rich simulation data for training navigation
policies [3].

B. Safety Filter with Learned Initialization

The flow policy is trained on demonstrations and is unaware
of trajectory-level constraints, so predicted trajectories may not
be feasible. We project them onto the feasible set via:
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Fixed-Point Formulation. Following [7], we reformulate
the quadratic constraints (Ib)—(Ic) in spherical form and apply
Augmented Lagrangian relaxation with Alternating Minimiza-
tion (AM). Each AM sub-step admits a closed-form solution,
yielding a differentiable fixed-point iteration:

I XN =T (', '), (6)

where A denotes the Lagrange multipliers and [ is the iteration
index. Two properties are worth highlighting. First, all com-
putations within 7 involve only element-wise operations and
matrix-matrix products, enabling efficient GPU batching. The
key matrix factorization in the trajectory update is independent
of the flow input £ and can be pre-stored, reducing the batched
solve across B instances to a single matrix-matrix product.
Second, since every step has a closed-form, 7 can be unrolled
into a fully differentiable computational graph.

Learned Initialization. A transformer-based initialization
network predicts context-specific warm-start values (°£,°\)
conditioned on the flow output £ and context c. The network
uses CNN-based encoders architecturally identical to those in
the flow model, and produces both initial trajectory coefficients
and Lagrange multipliers. It is trained by minimizing the fixed-
point residual over L unrolled iterations:
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The first term accelerates convergence by reducing the residual
at each iteration [13]]. The second ensures minimal displace-
ment from the flow prediction. Gradients flow through the
unrolled 7 chain, making the initialization solver-aware—the
network learns not just near-optimal trajectories, but initial-
izations specifically suited to how the downstream SF solver
operates. This training is fully self-supervised: no ground-truth
fixed-point solutions are required.

This design insight is crucial: directly initializing the SF
with the flow policy output (bypassing the initialization net-
work) produces significantly slower residual decay. The flow
policy is trained to imitate expert trajectories and is agnostic
to the optimization landscape of the solver. The initialization
network bridges this gap by learning to transform the flow
output into a starting point that is effective for the SF’s specific
optimization process.

IV. EXPERIMENTS
A. Setup

The pipeline is implemented in JAX [14] with Equinox [/15].
All benchmarks run on an RTX 5090 with an Intel 19 and



32 GB RAM. The flow policy is trained on over 20,000 multi-
robot trajectories generated by a batched extension of [7].
At test time, new start and goal configurations are sampled
from the same distribution. We evaluate using three metrics:
success rate (SR), computation time, and trajectory quality
(smoothness cost Y, ||Pi.x||* and arc-length).

B. Comparison with Optimization Baseline [7|]

Table | compares Flow-Opt against the centralized optimizer
[7] (given an upper bound of 10K iterations). Our approach
achieves consistent speedups across all scenarios: 4x for 8
robots, up to 11x for 32 robots in 2D, and 33x for 64
robots in 3D. The speedup is most pronounced in 2D, where
reduced maneuvering space makes the problem harder for the
baseline. Both methods achieve near-100% success rates, but
our approach consistently produces feasible solutions faster.
The slight increase in smoothness cost for larger scenarios
reflects the trade-off for massive computation savings.

The convergence advantage is quantified by the number of
iterations to reach low primal residuals. For the 2D/16-robot
case, our approach requires a mean of 82 iterations to reach
a primal residual of 0.01, compared to 2606 for [7]—a 30x
reduction.

TABLE I
PERFORMANCE COMPARISON WITH BASELINE [7]].

[ Dim [ Robots [ Method | Time (s) | SR (%) | Smooth. | ArcL. |

8 Baseline 0.218 100 0.265 1.297

Ours 0.052 100 0.214 1.049

D 6 Baseline 0.593 99.9 0278 1362
Ours 0.065 100 0.240 1.175

0 Baseline 3.407 99.6 0.203 0.993

Ours 0.297 100 0.241 1.181

16 Baseline 0.148 100 0.631 3.093

Ours 0.069 100 0.627 3.073

D » Baseline 0.999 99.8 0.638 3.124
Ours 0.151 100 0.700 3431

o Baseline 33.70 99.7 0.714 3.500

Ours 1.02 99.9 0.807 3.952

C. Comparison with Diffusion-Based Planner [S]

Table |lI| compares against the diffusion-based multi-robot
planner MMD [8]]. Both methods achieve comparable trajec-
tory quality and 100% success rate across 1000 random prob-
lem instances. However, computation times differ strikingly:
our approach is 104x faster for 8 robots and 163x faster
for 32 robots. The gap widens because MMD’s conflict-based
search and slow diffusion inference scale poorly. Additionally,
since our flow policy is trained on joint multi-robot trajectories
(unlike MMD’s single-robot prior), it captures global interac-
tions and produces trajectories with better inter-robot clear-
ance when maneuvering space is available—approximately
16% improvement in average pairwise distances for 8-robot
scenarios.

D. Comparison with Batch-Sequential Planner [|16|]

We also benchmark against [[16]], which partitions robots
into groups, performs joint optimization within each group,

TABLE 11
COMPARISON WITH MMD [8]] IN 2D SCENARIOS.
l Method [ Robots [ Time (s) [ SR (%) [ Smooth. Arc Len.
8 5.37 100 0.206 1.016
MMD 16 18.0 100 0.239 1.178
32 48.18 100 0.249 1.224
8 0.052 100 0.214 1.049
Ours 16 0.065 100 0.240 1.175
32 0.297 100 0.241 1.181

and then plans sequentially across groups. Table shows
results in 3D. Our approach produces shorter trajectories
(33% and 29% reduction for 16 and 32 robots), achieves
100% success rate versus 90% and 63% for [16], and is
nearly an order of magnitude faster. The sequential approach
restricts cooperative inter-group interactions—a limitation our
centralized method avoids.

TABLE III
COMPARISON WITH [[16]] IN 3D.

[16] Ours
Robots _ _
Time [ SR (%) [ ArcL. | Time | SR (%) [ ArcL.
16 0.54 89.9 4.067 | 0.069 100 3.073
32 1.72 63.1 4441 | 0151 100 3431

E. Scalability and Parallel Problem Solving

A distinguishing feature of our framework is its ability to
solve multiple independent problem instances simultaneously
via GPU parallelism. We validate this in Fig. [} Fig. [T(a)
shows that the flow policy can generate hundreds of candidate
trajectories in tens of milliseconds, even for large systems.
Fig. [[[b) demonstrates that SF computation time scales nearly
linearly with batch size, a direct benefit of our GPU-vectorized
solver. For example, generating 10 candidates for 50 problems
(500 total) takes under 60 ms; refining the top 5 per problem
(250 total) takes under 300ms. Thus, 50 distinct planning
problems are solved in well under a second.
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Fig. 1. (a) Computation time to sample a batch of trajectories from the

flow model. (b) Computation time for 500 SF iterations to refine a batch
of trajectories. Both scale nearly linearly with batch size due to GPU
parallelization.

F. Robustness to Out-of-Distribution Perturbations

The initialization network is trained with a fixed number
of obstacles (eight in our experiments). To test generaliza-



tion, we introduced an additional obstacle not present during
training. As shown in Fig. [2fa)—(b), the SF solver remains
robust, successfully computing smooth and feasible trajecto-
ries. Fig. |ZKC)—(d) further confirms this: the primal and fixed-
point residual decay remains close to the unperturbed setting,
demonstrating resilience to out-of-distribution environmental
changes.

prima residuals
b

G 100 200 300 400 500 T 100 200 300 400 500
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Fig. 2. Robustness to OOD perturbations. The SF initialization network is
trained with 8 obstacles (cyan), but at test time an additional obstacle is
introduced. (a)—(b): The SF produces smooth, feasible trajectories despite the
perturbation. (c)—(d): Primal and fixed-point residual decay remains close to
the unperturbed setting.

V. CONCLUSION

We presented Flow-Opt, a framework combining flow
matching and differentiable optimization for scalable central-
ized multi-robot trajectory planning. Our approach generates
coordinated trajectories for tens of robots in milliseconds,
achieving order-of-magnitude speedups over both optimiza-
tion and diffusion baselines while maintaining comparable
trajectory quality and high success rates. The self-supervised
learned initialization for the SF solver is key to bridging the
gap between generative modeling and constraint satisfaction.
Future work includes end-to-end joint training of the flow
policy and SF, and extension to non-holonomic robots for
applications in autonomous driving.
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