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Cytomorphic engineering
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Molecular
Biology

Synthetic biology

Neutrophil chasing bacterium (David Rogers 1950)
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Synthetic Gene circuits are numbers of biological elements that are
connected according to design principles
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Molecular Networks Vs Neuron Networks

Both networks employ bitstream data-encoding pulses (such as spikes in neurons and
MRNA transcripts in cell biology) for processing and transcommunication

Both networks utilize naturally graded signals for computation, exemplified by the post-
synaptic potential in neurons and the translation of mMRNA to protein

Both networks share analogous complex topologies, encompassing feed-forward
structures, negative and positive feedback loops, and highly interconnected nodes.

Both networks exhibit two types of excitability—activation, and repression

Both networks exhibit adaptability to new environmental conditions through learning and
evolutionary mechanisms.
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How cell science is getting an upgrade- Neuromorphic Computing

Neuromorphic Computing Cellular computing
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Neuromorphic Computing in living cells
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Neuromorphic Computing in genetic networks
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Adaptive gene circuits
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Design principles of molecular neuromorphic circuits

Weights and biases in neuromorphic circuits are determined by several factors:

« Hill coefficients of small molecule inducers,

* Number and sequence of transcription factor binding sites,

* Negative feedback strength,

 Incoherent feedforward strength,

« Transcription factor sequestration

« Transcription factors that competitively inhibit expression via steric hindrance, operator
sequence that controls binding affinity of transcription factor in open loop and positive
feedback, activation via RNA-protein interactions , and protein structure (e.g., dimerization
and cooperativity)
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Open loop (OL)
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Design principles of genetic neuromorphic circuits

(a) Positive- weight perceptgene based dual repression system

(b) Negative-weight perceptgene based dual repression
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Multilayer networks
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Al (optimization) algorithm
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Al-based Optimization
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Al-based Optimization
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Bacteria consortia for classification of chemical patterns

—_— Activation

Dr. Ximing Li

Quorum sensing is the way how bacterial cells communicate and
coordinate with each other as an individual or several groups

Ximing et al., Nat. Comm 2021,



Bacteria consortia for classification of chemical patterns
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Bacteria consortia for classification of chemical patterns
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Bacteria consortia for classification of chemical patterns 3x3
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Conclusions

Implementation of artificial neural networks into genetic circuits and cells
=» Biological Intelligence (BI)
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