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A Proof of Principle for De-

vice Optimization
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Figure S1: Visual representation of the poly-
gon strategy. The lattice sites that are within
a polygon that is drawn with 6 points are de-
clared to be p-doped where everything else is
declared to be n-doped.

In what we call our ‘polygon strategy’ we de-
fine a n-doped region by defining a set of 6
points and drawing a convex hull. All other
regions of the device are p-doped. Such a de-
vice can be seen in Figure S1. The genes of
the structure are the set of points that defines
the convex hull. The values y1, y2, y4, and y5
are fixed during the optimization process. The
same methodology outlined in the Methods sec-
tion of the manuscript is applied here, except
the set of points are updated rather than the

weights of the artificial neural network (ANN)
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Following the same protocol as before we ran 64
independent optimizations, each with a differ-
ent random seed. In each of the optimizations,
we track the structure that maximizes the op-
timization function. In Figure S2 we plot the
average, maximum and standard deviation op-
timization function, purity of valley currents,
and valley currents of those devices. Compar-
ing to the results of the ANN policy, we can see
that the performance in this strategy is weaker.
We obtain an average valley current purity of
∼ 82% for K ′ and ∼ 78% for K.
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Figure S2: Optimization curves (left), valley current purity (middle), and valley currents (right)
recorded during the optimization processes using the polygon policy. For each independent opti-
mization, the devices with the maximum objective functions are recorded. The solid lines show the
average values of these devices and the lighter regions show the standard deviations.
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