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Errors in enzymatic reactions

DNA polymerase



Errors in enzymatic reactions

DNA polymerase



Errors in enzymatic reactions




Errors in enzymatic reactions
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Errors in enzymatic reactions

DNA polymerase
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Errors in enzymatic reactions

Protein synthesis

tRNA charging

T-cell receptors
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John Hopfield (1974)

Kinetic Proofreading Jacques Ninio (1975)
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A.M, D.Huse, S.Leibler, PNAS 2012

General Principle
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General network
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Error correcting kinetic limit
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Error correcting kinetic limit

Reaction coordinate
(a measure of reaction progress)



Reaction coordinate & progress
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Catastrophes at checkpoints
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Low error rate but very slow completion rate



Catastrophes and rescues




Catastrophes and rescues
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Reaction coordinate & progress
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Energy vs Error R?tse tradeoff
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Dynamic instability of
microtubules
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Non-equilibrium growth of microtubules
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Microtubule growth regimes
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Microtubule growth as a search strategy
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Microtubules and foraging
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When should you return home and try again?
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Algorithms that get stuck
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Algorithms that get stuck
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Restarts cut tail of first passage time distribution
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Example:
Simulated annealing
on a glassy landscape
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Duality: Errors vs (first passage)
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Summary

Proofreading = Dynamic instability in chemical space
(catastrophes and rescues)
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Happy medium in error-energy tradeoff

Dissipation/Time

Food

Happy medium in returns home (search, stochastic algorithms..)




