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Towards adaptive biochemical circuits in situ

Learning and adaptation are inherent in biological systems

Paramecia could be classically conditioned
Adaptive behavior in synthetic circuits:
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Learning is typically associated with neural networks

Compact representations and gradient descent-based learning protocols

Feedforward phase Feedback phase

Learning through adjoint state backpropagation

Using chain rule of partial differentiation
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Chemical implementations of neural networks
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« Composing chemical implementations of constituent algebraic computations

« Requires adding multiple ‘stop-and-play’ mechanisms

On reaction network implementations of neural networks Duke


https://arxiv.org/abs/2010.13290

The adjoint sensitivity method
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Integrated backward in time



https://arxiv.org/abs/1806.07366

Supervised learning pipeline in Neural CRNs
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An example construction:
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Supervised learning pipeline within a two-phase clock system
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A circuit for linear regression
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Nonlinear modeling in Neural CRNs

In neural networks

Use of nonlinear activation functions like ReLU “

In ODE-nets

« Computations are modeled as flow trajectories

» Must be unique and non-intersecting for each input

« Training involves finding the right set of parameters

* Anonlinear fy alone cannot guarantee this. A

Neural ODE

Augmented Neural ODEs



https://arxiv.org/pdf/1904.01681

Implicit lifting and nonlinear Neural CRNs

Incorporate the Implicit lifting trick

Before “lifting”

(a) “augment” dimensionality
(b) Use nonlinear fy
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First-order gradient approximation for nonlinear modeling
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Summary

* Neural CRNs: A supervised learning algorithm where chemical
reactions behave as end-to-end computational units

« The whole pipeline can be executed within two clock phases
* Nonlinear modeling using unimolecular and bimolecular reactions
» Reduction in circuit size through linear approximation of gradients
« A minimal linear circuit:14 species and 13 abstract reactions

» Possibility of Asynchronous execution (some stages)

...many more

Neural CRN
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