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Figure 7: MLOPT average performance indicators for motion planning example.

The dashed line indicates the sampling time.
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Motion planning with obstacles
Table 3: Motion planning problem dimensions and maximum times.

nobstacles nvar nconstr M
tmax

MLOPT [s]

tmax

Gurobi [s]

tmax

Gurobi heuristic [s]

2 1135 3773 1371 0.4145 2.3776 2.2962
4 1615 10133 1135 0.1878 11.8172 8.1443
6 2095 20333 939 0.3173 33.7869 11.5292
8 2575 34373 845 0.2235 392.3073 128.4948
10 3055 52253 696 0.2896 773.1476 206.4520

parable or better than the one of Gurobi heuristic. In addition, infeasibility
is always within acceptable levels for the proposed application. This means
that, even in case of multiple global minimizers, our method is able to con-
sistently predict optimal or close-to-optimal solutions. Third, time measure-
ments show up to three orders of magnitude speedups of MLOPT compared
to Gurobi and Gurobi heuristics, both in terms of average and worst-case so-
lution time. Since for the fuel cell energy management and the motion plan-
ning examples, optimal solutions must be computed within hard real-time
requirements, only fast optimization methods can be implemented in prac-
tice and Gurobi-based approaches are too slow. On the contrary, MLOPT
proves to be a much faster approach for computing online solutions.

8 Conclusions

We proposed a machine learning method for solving online MIO at very high
speed. By using the Voice of Optimization framework [BS20] we exploited
the repetitive nature of online optimization problems to greatly reduce the
solution time. Our method casts the core part of the optimization algo-
rithm as a multiclass classification problem that we solve using a NN. In
this work we considered the class of MIQO which, while covering the vast
majority of real-world optimization problems, allows us to further reduce
the computation time exploiting its structure. For MIQO, we only have to
solve a linear system to obtain the optimal solution after the NN predic-
tion. In other words, our approach does not require any solver nor iterative
routine to solve parametric MIQOs. Our method is not only extremely fast
but also reliable. Compared to branch-and-bound methods our approach
has a very predictable online solution time for which we can exactly bound

34
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Figure 6: Trajectory planning example with 10 obstacles and sampling time 0.1

sec. Circles indicate the optimal path computed with Gurobi in 18.18 sec and the

squares indicate the optimal path computed with MLOPT with k = 100 in 0.06

sec. The filled dot is the starting position while the start is the desired position.

The boundaries of the feasible positions are the dotted line while obstaces are

displayed as rectangles.

MLOPT in Figure 8. The time improvements of MLOPT allow its real-time
implementation, in contrast to state-of-the-art options.

7.4 Remarks

The numerical examples show several benefits of our approach. First, the
strategy pruning technique allows us to work with a total number of strate-
gies between 100 and 10,000. These numbers allow high quality predictions
in terms of suboptimality and infeasibility with NNs combined with top-k
strategies selection. Second, despite low accuracy when comparing the pre-
dicted strategy to the exact optimal one, the average subptimality is com-
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