Computational principles underlying the learning of sensorimotor repertoires Gb
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e Rules for motor memories in sensorimotor learning

e COIN (COntextual INference) model of motor repertoire learning
- Memory creation, expression and updating
- Experimental tests of the model on new and existing data



Type of Motor Learning
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Adaptation to novel dynamics

Reaching when changing relation between motor command
and consequences by applying forces
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Motor learning of novel dynamics
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Measuring adaptation
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Contextual cues: static visual
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Sequential action with variable dwell time
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(Howard et al, J. Neurosci., 2012)



Future states
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Planning vs. execution
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Recent past and future actions determine current motor
(Sheahan et al. Neuron 2016) memory: planning more important than execution




Tool use




Control points on an object




Sensory cues: control points on an object
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Repertoire learning

Artwork by Matteo Farinella (Columbia University)

Develop a model as a simplified, abstract model of motor adaptation
e scalar states, observation and action variables
e trial-level model
e core computational problem identified applicable to more complex models of motor learning



The COntextual INference (COIN) model

generative model

context

state | context 1

state | context 2

state | context 3

4 4
observations @

sensory  state
cue feedback

online (recursive) inference

variables parameters
* number of contexts
context e current context probabilities e context transition probabillities
* cue emission probabillities
state * current state (each context) e state transition dynamics (each context)

(Heald et al, Nature, 2021)



The COntextual INference (COIN) model
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The COntextual INference (COIN) model
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Inference
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Inference performed using particle learning (Carvalho et al., Stat. Sci., 2010)



Memory creation, expression and updating
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Which learning curve is proper learning?
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Parameter learning in the COIN model

observations
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Adaptation
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COIN model: Spontaneous and evoked recovery
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Spontaneous recovery (n=38)

COntextual INference model (BioRxiv tiny.cc/co-in)
COIN: Bayesian model: with 7 parameters

Dual rate model: with 5 parameters
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8. Why should you not yet be convinced that COIN is the better model?
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http://tiny.cc/co-in

Spontaneous and evoked recovery

spontaneous (n = 38) evoked (n = 8)
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context estimation controls memory creation and expression
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Why should you not yet be convinced that COIN is the better model?
(Heald et al, Nature, 2021)
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3. Model fitting and parameter recovery: COIN model

If claims are made about parameters are they recoverable from synthetic data”
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Spontaneous and evoked recovery

spontaneous (n = 8) evoked (n = 8)
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We can fit two datasets well.
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(Heald et al, Nature, 2021)



5. Parameters similar across paradigms
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Overlearning potentiates spontaneous recovery

paradigm model
overlearning
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the magnitude of spontaneous recovery is sensitive to the
frequency of contexts in the environment
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Memory updating: T'heory

state-space model (single context)
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Memory updating (n=24)
All memories should be updated proportional to their responsibility
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Classical paradigms as apparent learning
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Explicit and implicit learning
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Explicit and implicit learning

explicit — fast state?

(McDougle et al., J Neurosci., 2015)
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Explicit and implicit learning
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Explicit and implicit learning
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Explicit and implicit learning

data model
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Explicit and implicit learning
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Comparison with previous models

single-context models multiple-context models
dual-rate memory of | source of winner- DP-KF MOSAIC COIN
errors errors take-all
Smith et al. ° Herzfeld et al. Berniker and Oh and Gershman et al. | Haruno et al. %3
Kording . Schweighofer ‘
spontaneous a b b c d
| recovery 4 | X X | X | X | X /
Sty xe xe X X X X /
memory g g g g,h g,h
updating X | X X | X | X | v v
savings after .
full washout X 4 / / / 4 /
anterograde ] b ] J.
iInterference / X X X 4 X v
environmental ' | b | b b
consistency X / X X X / /
explicit/implicit | K K K K K
learning % X X X X 4 /
generative model inference

» do not model state dynamics » only update/express a single memory
» do not model context transitions * learn no or few parameters

* NO Sensory cues
 non-hierarchical
e number of contexts assumed known
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state | context 2

state | context 3

v L Y v
observations @ @

sensory  state
cue feedback

e Rules for motor memories in sensorimotor learning
e COntextual INference is a key computation

e principled (Bayesian) and comprehensive

e unifies disparate data sets

e apparent vs. proper learning
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