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Where )i is Lagrange multiplier, Acgand b., are based on equality constraints and F, is generated by
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Joint multi-agent trajectory optimization is conventionally considered intractable due to the g, =7 +bdcosB,;,Vj 8Brq — X; +adi;sin3;; cos ey, Y, 0 0 F, .ﬂz;{ﬁz:hﬁ:a;a-&,-e}J
exponential scaling of the number of collision avoidance constraints and linear increase in the Using Alternating Minimization (AM) method, our optimization problem (5a)-(5d) can be solved through
number of variables by increasing the number of agents. On the other hand, the joint formulation Algorithm 1.

allows access to more feasible space leading to better coordination maneuvers. Here, we try to

improve the scalability of joint multi-agent trajectory optimization. Our core idea involves breaking

the joint problem into several decoupled smaller Quadratic Programming (QP) problems and
parallelizing them over GPUs. We compare the performance of our optimizer with the state of the BENCHMARKS

arts in terms of trajectory quality including smoothness cost and arc length and computation time.

Implementation Details:

. A desktop computer with 32 GB RAM and RTX 2080 NVIDIA GPU.

OBJECTIVE

. Using JAX [4] in python to accelerate linear computations
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where H; are the dual optimization variables. Since the matrix in (2) does not depend on the batch

index i, the optimization variables for all batches can be computed in parallel through (3).

Distributed Optimization Problem

Considering collision avoidance constraints in the polar form (see [2,3]), the i decoupled sub- CONCLUSION
problem shown in Fig. 1 can be formulated in the following manner.

By leveraging mathematical reformulations and GPU-based parallelization, our optimizer computes trajectories

min ) Z (ﬂ:f(t) +j; () + zf(t)), (4a)

z; (t),y; (t),z;(t for tens of agents in cluttered environments within a fraction of a second. In comparison with state-of-the-art
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where, (zi(t),vi(t), 2 (t)) represents the position of the i agent at timestamp t. The cost function(4a)

minimizes the acceleration along each axis at each time instant for all the agents. Initial and final
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