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Initial results provide significant credibility to the hypothesis regarding
usefulness of the proposed Deep Learning framework for flow sculpting. The
network consists of five hidden layers, each with 500 hidden units.

Deep Learning for Fluid Sculpting in Microfluidic Platforms
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* Controlling the shape and location of a fluid stream provides a fundamental tool for creating structured
materials, preparing biological samples, and engineering heat and mass transport.

 Recent work has demonstrated the concept of sculpting fluid streams in a microchannel using a set of pillars
that individually deform a flow in a predictable pre-computed manner 1,
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Input Layer: Vectorized Label Values
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Left: Pillar sequences are converted to distributions by mapping pillar diameter and
position as Gaussian distributions, which will be used in the neural network input layer.
Right: Flow simulations are reshaped into binary vectors, which will be the labels used
in the neural network input layer.
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