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States

Contexts

• Rules for motor memories in sensorimotor learning

• 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

strategy learning skill learning/

variability reduction sequence learning

adaptation
optimization

Reaching, manipulation, walking, balance, speech, eye movements etc.
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Reaching when changing relation between motor command 
and consequences by applying forces

Adaptation to 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

(Howard et al, J. Neurosci., 2012)
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Future Movement 

Static Visual 

Future states

(Howard et al, Curr. Biol., 2015)
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Recent past and future actions determine current motor 
memory: planning more important than execution
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Figure 1.2 Bird beaks and human tools. Specialist species are specifically adapted for a particular 

ecological niche. The characteristic beaks of birds are classic examples of specialist adaptations. 

Human tool use is also a specialist adaptation. However, as the figure demonstrates, tool use allows 

humans to be generalists. A The hummingbird uses its beak to access nectar in the narrow base of 

flowers. B The ibis uses its beak to catch worms and other small aquatic invertebrates. C The spoonbill 

uses its beak to catch crabs and other invertebrates. D The woodpecker uses its beak to access grubs 

and other wood-burrowing insects. E. The pelican uses its beak to catch fish. F The ground finch uses 

its beak to crack seeds and nuts. 
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Control points on an object



Sensory cues: control points on an object
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(Heald et al., Nature Human Behaviour, 2018)

0 440 1016
Trial

0

50

100

Ad
ap

ta
tio

n 
(%

)

Pre Exposure Generalization Post

0 440 1016
Trial

0

50

100

Ad
ap

ta
tio

n 
(%

)

Pre Exposure Generalization Post

Two control-point group
Single control-point group

0 440 1016
Trial

0

50

100

Ad
ap

ta
tio

n 
(%

)

Pre Exposure Generalization Post

Two control-point group
Single control-point group

0

50

100

32 440 1,016

0

1

2

3

4

Pre Exposure Generalization Post Pre Exposure Generalization Post

Single control-point group
Two control-point group

32 440 1,016

LCD monitor

Semi-silvered mirror
Virtual 
object

Manipulandum

ba

c

e

b
Right target

Possible control points

Virtual object

Single control point

CW 
field

CCW 
field

Left target

Possible control points

Virtual object

CW 
field

CCW 
field

CW 
field

CCW 
field

y

x

LCD monitor

Semi-silvered mirror
Virtual 
object

Manipulandum

b

c Different control points

b
Right target

Possible control points

Virtual object

Single control point

CW 
field

CCW 
field

Right target

Possible control points

Virtual object

CW 
field

CCW 
field

Single control point

CW 
field

CCW 
field

y

x

Two control-point group Single control-point group

f

d

Trial Trial

M
PE

 (c
m

)

Ad
ap

ta
tio

n 
(%

)

Single control-point group
Two control-point group

P+P-

0

50

100

32 440 1,016

0

1

2

3

4

Pre Exposure Generalization Post Pre Exposure Generalization Post

Single control-point group
Two control-point group

32 440 1,016

LCD monitor

Semi-silvered mirror
Virtual 
object

Manipulandum

ba

c

e

b
Right target

Possible control points

Virtual object

Single control point

CW 
field

CCW 
field

Left target

Possible control points

Virtual object

CW 
field

CCW 
field

CW 
field

CCW 
field

y

x

LCD monitor

Semi-silvered mirror
Virtual 
object

Manipulandum

b

c Different control points

b
Right target

Possible control points

Virtual object

Single control point

CW 
field

CCW 
field

Right target

Possible control points

Virtual object

CW 
field

CCW 
field

Single control point

CW 
field

CCW 
field

y

x

Two control-point group Single control-point group

f

d

Trial Trial

M
PE

 (c
m

)

Ad
ap

ta
tio

n 
(%

)

Single control-point group
Two control-point group

P+P-

Control points on an object can be 
associated with different dynamics for the 
same movement = sensory cue



Repertoire learning

Artwork by Matteo Farinella (Columbia University)

Develop a model as a simplified, abstract model of motor adaptation

• scalar states, observation and action variables

• trial-level model

• core computational problem identified applicable to more complex models of motor learning
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<latexit sha1_base64="75OTXuLoP+bxa9FC3h6clc8E6ZA="></latexit>

state | context 1

state | context 2

yt2

<latexit sha1_base64="2EFp7mnogs0FI4bgmJ7vX0QJS9w="></latexit>

yt3

<latexit sha1_base64="/Er+xFv+SJI074i8WVIsd8uq70k="></latexit>

yt4

<latexit sha1_base64="NB70U/tRZEYWGsCVqiNN0/AnTVY="></latexit>

yt5

<latexit sha1_base64="KS2uzrdH9OBekHC6yIe1YkNxZaw="></latexit>

state

state | context 3

cue feedback

x3
t5

<latexit sha1_base64="5lGCX/n3ZLkPIn2cvtiKI46DV78="></latexit>

 The COntextual INference (COIN) model

online (recursive) inference

generative model

context

variables parameters

• current context probabilities
• number of contexts

• context transition probabilities

• cue emission probabilities

state • state transition dynamics (each context)• current state (each context)

James Heald Máté Lengyel

(Heald et al, Nature, 2021)



context ct2

<latexit sha1_base64="RigExRNalMROORFWoV7nonhf660="></latexit>

ct3

<latexit sha1_base64="38SsPoPOpdAmaFPl7TDphgvubQg="></latexit>

ct4

<latexit sha1_base64="UeNhL+V/ZCtj41rjMejJk7Jv2iU="></latexit>

ct5

<latexit sha1_base64="cXwq40eNu278AlwfleMOy5SppB0="></latexit>

context ct2

<latexit sha1_base64="RigExRNalMROORFWoV7nonhf660="></latexit>

ct3

<latexit sha1_base64="38SsPoPOpdAmaFPl7TDphgvubQg="></latexit>

ct4

<latexit sha1_base64="UeNhL+V/ZCtj41rjMejJk7Jv2iU="></latexit>

ct5

<latexit sha1_base64="cXwq40eNu278AlwfleMOy5SppB0="></latexit>

sensory

qt2

<latexit sha1_base64="8RgCFQ40bXjT1J81fLoGLUvlalQ="></latexit>

qt3

<latexit sha1_base64="PYoe3K7ZSIj1aZWaCnu2NtoArDM="></latexit>

qt4

<latexit sha1_base64="PpabTKreCcfE4tQYrn+ktckQhZg="></latexit>

qt5

<latexit sha1_base64="Y7u93hYRn4zS4L3zo61skZgcg4s="></latexit>

observations

cue

context ct2

<latexit sha1_base64="RigExRNalMROORFWoV7nonhf660="></latexit>

ct3

<latexit sha1_base64="38SsPoPOpdAmaFPl7TDphgvubQg="></latexit>

ct4

<latexit sha1_base64="UeNhL+V/ZCtj41rjMejJk7Jv2iU="></latexit>

ct5

<latexit sha1_base64="cXwq40eNu278AlwfleMOy5SppB0="></latexit>

sensory

qt2

<latexit sha1_base64="8RgCFQ40bXjT1J81fLoGLUvlalQ="></latexit>

qt3

<latexit sha1_base64="PYoe3K7ZSIj1aZWaCnu2NtoArDM="></latexit>

qt4

<latexit sha1_base64="PpabTKreCcfE4tQYrn+ktckQhZg="></latexit>

qt5

<latexit sha1_base64="Y7u93hYRn4zS4L3zo61skZgcg4s="></latexit>

observations

x1
t2

<latexit sha1_base64="Dw02+HgSO3lCMFlhYz4QJd1gXGQ="></latexit>

x1
t3

<latexit sha1_base64="gfGg+1pRD3ttRy35g+DO3ZMaLM8="></latexit>

x1
t4

<latexit sha1_base64="u31xj46JWH7ceK7ls1A5pZmIROQ="></latexit>

x1
t5

<latexit sha1_base64="dhnqRpKUxDgzqUgEOqdA9EyXqDc="></latexit>

x2
t3

<latexit sha1_base64="VvQqFswRxQ8ZUx/OdSRQWqnWf6o="></latexit>

x2
t4

<latexit sha1_base64="q48/lfKH+DZvTyNlNT8cKfbpg3c="></latexit>

x2
t5

<latexit sha1_base64="75OTXuLoP+bxa9FC3h6clc8E6ZA="></latexit>

state | context 1

state | context 2

state | context 3

cue

x3
t5

<latexit sha1_base64="5lGCX/n3ZLkPIn2cvtiKI46DV78="></latexit>

context ct2

<latexit sha1_base64="RigExRNalMROORFWoV7nonhf660="></latexit>

ct3

<latexit sha1_base64="38SsPoPOpdAmaFPl7TDphgvubQg="></latexit>

ct4

<latexit sha1_base64="UeNhL+V/ZCtj41rjMejJk7Jv2iU="></latexit>

ct5

<latexit sha1_base64="cXwq40eNu278AlwfleMOy5SppB0="></latexit>

sensory

qt2

<latexit sha1_base64="8RgCFQ40bXjT1J81fLoGLUvlalQ="></latexit>

qt3

<latexit sha1_base64="PYoe3K7ZSIj1aZWaCnu2NtoArDM="></latexit>

qt4

<latexit sha1_base64="PpabTKreCcfE4tQYrn+ktckQhZg="></latexit>

qt5

<latexit sha1_base64="Y7u93hYRn4zS4L3zo61skZgcg4s="></latexit>

observations

x1
t2

<latexit sha1_base64="Dw02+HgSO3lCMFlhYz4QJd1gXGQ="></latexit>

x1
t3

<latexit sha1_base64="gfGg+1pRD3ttRy35g+DO3ZMaLM8="></latexit>

x1
t4

<latexit sha1_base64="u31xj46JWH7ceK7ls1A5pZmIROQ="></latexit>

x1
t5

<latexit sha1_base64="dhnqRpKUxDgzqUgEOqdA9EyXqDc="></latexit>

x2
t3

<latexit sha1_base64="VvQqFswRxQ8ZUx/OdSRQWqnWf6o="></latexit>

x2
t4

<latexit sha1_base64="q48/lfKH+DZvTyNlNT8cKfbpg3c="></latexit>

x2
t5

<latexit sha1_base64="75OTXuLoP+bxa9FC3h6clc8E6ZA="></latexit>

state | context 1

state | context 2

yt2

<latexit sha1_base64="2EFp7mnogs0FI4bgmJ7vX0QJS9w="></latexit>

yt3

<latexit sha1_base64="/Er+xFv+SJI074i8WVIsd8uq70k="></latexit>

yt4

<latexit sha1_base64="NB70U/tRZEYWGsCVqiNN0/AnTVY="></latexit>

yt5

<latexit sha1_base64="KS2uzrdH9OBekHC6yIe1YkNxZaw="></latexit>

state

state | context 3

cue feedback

x3
t5

<latexit sha1_base64="5lGCX/n3ZLkPIn2cvtiKI46DV78="></latexit>

context ct2

<latexit sha1_base64="RigExRNalMROORFWoV7nonhf660="></latexit>

ct3

<latexit sha1_base64="38SsPoPOpdAmaFPl7TDphgvubQg="></latexit>

ct4

<latexit sha1_base64="UeNhL+V/ZCtj41rjMejJk7Jv2iU="></latexit>

ct5

<latexit sha1_base64="cXwq40eNu278AlwfleMOy5SppB0="></latexit>

sensory

qt2

<latexit sha1_base64="8RgCFQ40bXjT1J81fLoGLUvlalQ="></latexit>

qt3

<latexit sha1_base64="PYoe3K7ZSIj1aZWaCnu2NtoArDM="></latexit>

qt4

<latexit sha1_base64="PpabTKreCcfE4tQYrn+ktckQhZg="></latexit>

qt5

<latexit sha1_base64="Y7u93hYRn4zS4L3zo61skZgcg4s="></latexit>

observations

x1
t2

<latexit sha1_base64="Dw02+HgSO3lCMFlhYz4QJd1gXGQ="></latexit>

x1
t3

<latexit sha1_base64="gfGg+1pRD3ttRy35g+DO3ZMaLM8="></latexit>

x1
t4

<latexit sha1_base64="u31xj46JWH7ceK7ls1A5pZmIROQ="></latexit>

x1
t5

<latexit sha1_base64="dhnqRpKUxDgzqUgEOqdA9EyXqDc="></latexit>

x2
t3

<latexit sha1_base64="VvQqFswRxQ8ZUx/OdSRQWqnWf6o="></latexit>

x2
t4

<latexit sha1_base64="q48/lfKH+DZvTyNlNT8cKfbpg3c="></latexit>

x2
t5

<latexit sha1_base64="75OTXuLoP+bxa9FC3h6clc8E6ZA="></latexit>

state | context 1

state | context 2

yt2

<latexit sha1_base64="2EFp7mnogs0FI4bgmJ7vX0QJS9w="></latexit>

yt3

<latexit sha1_base64="/Er+xFv+SJI074i8WVIsd8uq70k="></latexit>

yt4

<latexit sha1_base64="NB70U/tRZEYWGsCVqiNN0/AnTVY="></latexit>

yt5

<latexit sha1_base64="KS2uzrdH9OBekHC6yIe1YkNxZaw="></latexit>

state

state | context 3

cue feedback

x3
t5

<latexit sha1_base64="5lGCX/n3ZLkPIn2cvtiKI46DV78="></latexit>

 The COntextual INference (COIN) model

context transitions

sticky hierarchical 

Dirichlet process prior

(3 hyperparameters)

• non-parametric

• hierarchical 

p=0.2

global probabilities (!)

transition probabilities (")

︙

1

2

3

4

5

6

cue emissions

hierarchical 

Dirichlet process prior

(2 hyperparameters)

global cue probabilities (!e)

cue emission probabilities (ɸ)

︙

1

2

3

4

5

6

⇧

<latexit sha1_base64="wHdgvQc8Af/dt6Ff/A77dZIp61s=">AAAB6nicbVDLSsNAFL3xWeur6tLNYBFchUQqtbuKG5cV7QPaUCbTSTt0MgkzE6GEgj/gxoUibv0id/6Nk6SIrwOXezjnXubO8WPOlHacD2tpeWV1bb20Ud7c2t7Zreztd1SUSELbJOKR7PlYUc4EbWumOe3FkuLQ57TrTy8zv3tHpWKRuNWzmHohHgsWMIK1kW4GLTasVB37zMmA/hLXzrtThQVaw8r7YBSRJKRCE46V6rtOrL0US80Ip/PyIFE0xmSKx7RvqMAhVV6anzpHx0YZoSCSpoRGufp9I8WhUrPQN5Mh1hP128vE/7x+ooNzL2UiTjQVpHgoSDjSEcr+jUZMUqL5zBBMJDO3IjLBEhNt0innITRyoILUawvScL9C6Jzabs1uXNeqzYv7Io4SHMIRnIALdWjCFbSgDQTG8ABP8Gxx69F6sV6L0SVrEeEB/ID19gmcgY7X</latexit>

�

<latexit sha1_base64="YAqDwZhXL2gXp9w/7OXXfHF4fE4=">AAAB63icbVDLSgMxFL1TX7W+qi7dBIvgapiRSu2u4sZlBfuAdiiZNNOGJpkhyQhlKPgFblwo4tYfcuffOI8ivg5c7uGce8nN8SPOtHGcD6u0srq2vlHerGxt7+zuVfcPujqMFaEdEvJQ9X2sKWeSdgwznPYjRbHwOe35s6vM791RpVkob808op7AE8kCRrDJpGF7ykbVmmOfOxnQX+LaeXdqsER7VH0fjkMSCyoN4VjrgetExkuwMoxwuqgMY00jTGZ4QgcplVhQ7SX5rQt0kipjFIQqLWlQrn7fSLDQei78dFJgM9W/vUz8zxvEJrjwEiaj2FBJioeCmCMTouzjaMwUJYbPU4KJYumtiEyxwsSk8VTyEJo5UEEa9SVpul8hdM9st243b+q11uV9EUcZjuAYTsGFBrTgGtrQAQJTeIAneLaE9Wi9WK/FaMlaRngIP2C9fQJgLI9J</latexit>

(Heald et al, Nature, 2021)



context ct2

<latexit sha1_base64="RigExRNalMROORFWoV7nonhf660="></latexit>

ct3

<latexit sha1_base64="38SsPoPOpdAmaFPl7TDphgvubQg="></latexit>

ct4

<latexit sha1_base64="UeNhL+V/ZCtj41rjMejJk7Jv2iU="></latexit>

ct5

<latexit sha1_base64="cXwq40eNu278AlwfleMOy5SppB0="></latexit>

sensory

qt2

<latexit sha1_base64="8RgCFQ40bXjT1J81fLoGLUvlalQ="></latexit>

qt3

<latexit sha1_base64="PYoe3K7ZSIj1aZWaCnu2NtoArDM="></latexit>

qt4

<latexit sha1_base64="PpabTKreCcfE4tQYrn+ktckQhZg="></latexit>

qt5

<latexit sha1_base64="Y7u93hYRn4zS4L3zo61skZgcg4s="></latexit>

observations

x1
t2

<latexit sha1_base64="Dw02+HgSO3lCMFlhYz4QJd1gXGQ="></latexit>

x1
t3

<latexit sha1_base64="gfGg+1pRD3ttRy35g+DO3ZMaLM8="></latexit>

x1
t4

<latexit sha1_base64="u31xj46JWH7ceK7ls1A5pZmIROQ="></latexit>

x1
t5

<latexit sha1_base64="dhnqRpKUxDgzqUgEOqdA9EyXqDc="></latexit>

x2
t3

<latexit sha1_base64="VvQqFswRxQ8ZUx/OdSRQWqnWf6o="></latexit>

x2
t4

<latexit sha1_base64="q48/lfKH+DZvTyNlNT8cKfbpg3c="></latexit>

x2
t5

<latexit sha1_base64="75OTXuLoP+bxa9FC3h6clc8E6ZA="></latexit>

state | context 1

state | context 2

yt2

<latexit sha1_base64="2EFp7mnogs0FI4bgmJ7vX0QJS9w="></latexit>

yt3

<latexit sha1_base64="/Er+xFv+SJI074i8WVIsd8uq70k="></latexit>

yt4

<latexit sha1_base64="NB70U/tRZEYWGsCVqiNN0/AnTVY="></latexit>

yt5

<latexit sha1_base64="KS2uzrdH9OBekHC6yIe1YkNxZaw="></latexit>

state

state | context 3

cue feedback

x3
t5

<latexit sha1_base64="5lGCX/n3ZLkPIn2cvtiKI46DV78="></latexit>

19

⇧

<latexit sha1_base64="wHdgvQc8Af/dt6Ff/A77dZIp61s=">AAAB6nicbVDLSsNAFL3xWeur6tLNYBFchUQqtbuKG5cV7QPaUCbTSTt0MgkzE6GEgj/gxoUibv0id/6Nk6SIrwOXezjnXubO8WPOlHacD2tpeWV1bb20Ud7c2t7Zreztd1SUSELbJOKR7PlYUc4EbWumOe3FkuLQ57TrTy8zv3tHpWKRuNWzmHohHgsWMIK1kW4GLTasVB37zMmA/hLXzrtThQVaw8r7YBSRJKRCE46V6rtOrL0US80Ip/PyIFE0xmSKx7RvqMAhVV6anzpHx0YZoSCSpoRGufp9I8WhUrPQN5Mh1hP128vE/7x+ooNzL2UiTjQVpHgoSDjSEcr+jUZMUqL5zBBMJDO3IjLBEhNt0innITRyoILUawvScL9C6Jzabs1uXNeqzYv7Io4SHMIRnIALdWjCFbSgDQTG8ABP8Gxx69F6sV6L0SVrEeEB/ID19gmcgY7X</latexit>

�

<latexit sha1_base64="YAqDwZhXL2gXp9w/7OXXfHF4fE4=">AAAB63icbVDLSgMxFL1TX7W+qi7dBIvgapiRSu2u4sZlBfuAdiiZNNOGJpkhyQhlKPgFblwo4tYfcuffOI8ivg5c7uGce8nN8SPOtHGcD6u0srq2vlHerGxt7+zuVfcPujqMFaEdEvJQ9X2sKWeSdgwznPYjRbHwOe35s6vM791RpVkob808op7AE8kCRrDJpGF7ykbVmmOfOxnQX+LaeXdqsER7VH0fjkMSCyoN4VjrgetExkuwMoxwuqgMY00jTGZ4QgcplVhQ7SX5rQt0kipjFIQqLWlQrn7fSLDQei78dFJgM9W/vUz8zxvEJrjwEiaj2FBJioeCmCMTouzjaMwUJYbPU4KJYumtiEyxwsSk8VTyEJo5UEEa9SVpul8hdM9st243b+q11uV9EUcZjuAYTsGFBrTgGtrQAQJTeIAneLaE9Wi9WK/FaMlaRngIP2C9fQJgLI9J</latexit>

<latexit sha1_base64="uzGcZ2gSj/zkNrFD0PDoSZ5Z9B8=">AAACCXicbZBLS8NAFIUn9VXrK+pShMEiVJSSiKIboejGZQX7gDaGyfS2Dp1JQmZSDCErl/4Sl+pG3PobXPhvTGo2sZ7Vxz1zZuYex+dMKsP41kpz8wuLS+Xlysrq2vqGvrnVll4YUGhRj3tB1yESOHOhpZji0PUDIMLh0HHGV5nfmUAgmefeqsgHS5CRy4aMEpWObH03smOV4AuMHzK4i2vUVgcJPsR4Yitbrxp1Yyo8C2YOVZSraetf/YFHQwGuopxI2TMNX1kxCRSjHJJKP5TgEzomI4iJkDISToL3BVH38q+XDf/1HFG4pxeq4bkVM9cPFbg0jaTeMORYeTjbGA9YAFTxqBiS4BIB8mgwYb6cohVP6yx+0sleq6Q9mH+3noX2cd08rRs3J9XGZd5IGe2gPVRDJjpDDXSNmqiFKHpEz+gVvWlP2ov2rn38Hi1peWYbFaR9/gDhQZmX</latexit>

yt = x(ct)
t + vt

state feedback observations

noisestate feedback

active context

state transitions

<latexit sha1_base64="fOaaYtqSNwYhvtVE1yZbwdfLTkc=">AAACH3icbZA7T8MwFIWd8irlFWBkiaiQioAq4SFYkCpYGItEH1JbIse5LaZ2EsVOoYryQxj5JYzAglgY+m9ISkBKy50+nePjax/LY1RIXR8puZnZufmF/GJhaXlldU1d36gLN/AJ1IjLXL9pYQGMOlCTVDJoej5gbjFoWP3LxG8MwBfUdW7k0IMOxz2HdinBMpZM9ejRDGV0G5budyPtXMMpJeqB8avvafYfPZjSVIt6WR+PNg1GCkWUTtVUv9q2SwIOjiQMC9EydE92QuxLShhEhXYgwMOkj3sQYi7EkFuRtsOxvBOTXiL+61k8c08rkN2zTkgdL5DgkDgSe92AadLVkh40m/pAJBtmQwIczEHs2wPqiTF2wnHJ2UdaybZC3IMx+etpqB+WjZOyfn1crFykjeTRFtpGJWSgU1RBV6iKaoigJ/SC3tC78qy8Kh/K58/RnJJmNlFmlNE3qYmhSA==</latexit>

x(j)
t = a(j)x(j)

t�1 + d(j) + wt

retention driftstate noise

context j

<latexit sha1_base64="n5J0CLKoQ0R0Aa6IJ6lMT8qwENY="></latexit>

d(j) ⇠ N (0,�2
d)

Gaussian priors

a(j) ⇠ T N (µa,�
2
a)

<latexit sha1_base64="tIA3ZFfbwUZpGMHm2h4dMq01EBM="></latexit>

• without cues:   7

• with cues:        8

number of free parameters

⌦(1)

<latexit sha1_base64="ldqWeA2twI3qm+cDRgeL8u+wBLA=">AAAB83icbZDLSgMxGIUz9VbrrerSTbAIdTPMSKV2V3Hjzgr2Ap2xZNK0DU0yQ5IRylDwKdy4UMStL+POtzEzU8TbgZDDOX/IzxdEjCrtOB9WYWl5ZXWtuF7a2Nza3inv7nVUGEtM2jhkoewFSBFGBWlrqhnpRZIgHjDSDaYXad+9I1LRUNzoWUR8jsaCjihG2kSed8XJGN0mVfd4PihXHPvUSQX/GtfObqcCFmoNyu/eMMQxJ0JjhpTqu06k/QRJTTEj85IXKxIhPEVj0jdWIE6Un2Q7z+GRSYZwFEpzhIZZ+v1FgrhSMx6YSY70RP3u0vC/rh/r0ZmfUBHFmgicfzSKGdQhTAHAIZUEazYzBmFJza4QT5BEWBtMpQxCIxPMTb22MA33C0LnxHZrduO6Vmme3+c4iuAAHIIqcEEdNMElaIE2wCACD+AJPFux9Wi9WK/5aMFaINwHP2S9fQKYRpI5</latexit>

⌦(2)

<latexit sha1_base64="YLS4vdUrMrtkLqzx89flR+uNZtA=">AAAB83icbZBNS8MwHMbT+Tbn29Sjl+AQ5qW0YzJ3m3jx5gTnBmsdaZZtYUlaklQYZeCn8OJBEa9+GW9+G9N2iG8PhDw8zz/kzy+IGFXacT6swtLyyupacb20sbm1vVPe3btRYSwx6eCQhbIXIEUYFaSjqWakF0mCeMBIN5iep333jkhFQ3GtZxHxORoLOqIYaRN53iUnY3SbVGvH80G54tgnTir417h2djsVsFB7UH73hiGOOREaM6RU33Ui7SdIaooZmZe8WJEI4Skak76xAnGi/CTbeQ6PTDKEo1CaIzTM0u8vEsSVmvHATHKkJ+p3l4b/df1Yj079hIoo1kTg/KNRzKAOYQoADqkkWLOZMQhLanaFeIIkwtpgKmUQmplgbhr1hWm6XxBuarZbt5tX9Urr7D7HUQQH4BBUgQsaoAUuQBt0AAYReABP4NmKrUfrxXrNRwvWAuE++CHr7ROZzJI6</latexit>

⌦(3)

<latexit sha1_base64="Iwro5t/KIcd9oY0OHoc4+7DOTrY=">AAAB83icbZDLSgMxGIUzXmu9VV26CRahboYZrdTuKm7cWcFeoDOWTJq2oUlmSDJCGQo+hRsXirj1Zdz5NmZming7EHI45w/5+YKIUaUd58NaWFxaXlktrBXXNza3tks7u20VxhKTFg5ZKLsBUoRRQVqaaka6kSSIB4x0gslF2nfuiFQ0FDd6GhGfo5GgQ4qRNpHnXXEyQrdJ5eRo1i+VHfvUSQX/GtfObqcM5mr2S+/eIMQxJ0JjhpTquU6k/QRJTTEjs6IXKxIhPEEj0jNWIE6Un2Q7z+ChSQZwGEpzhIZZ+v1FgrhSUx6YSY70WP3u0vC/rhfr4ZmfUBHFmgicfzSMGdQhTAHAAZUEazY1BmFJza4Qj5FEWBtMxQxCPRPMTa06N3X3C0L72Hardv26Wm6c3+c4CmAfHIAKcEENNMAlaIIWwCACD+AJPFux9Wi9WK/56II1R7gHfsh6+wSbUpI7</latexit>

 The COntextual INference (COIN) model

(Heald et al, Nature, 2021)



2

1

3

memory expression
memory creation
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Inference performed using particle learning (Carvalho et al., Stat. Sci., 2010)
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COntextual INference model (BioRxiv  tiny.cc/co-in)


COIN: Bayesian model: with 7 parameters

Dual rate model:            with 5 parameters

likelihooddatapointsDOF

8. Why should you not yet be convinced that COIN is the better model?
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 context estimation controls memory creation and expression 

in spontaneous and evoked recovery

 Why should you not yet be convinced that COIN is the better model?
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1. Model class recovery
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2. cross-validated log likelihood 
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3. Model fitting and parameter recovery: COIN model

If claims are made about parameters are they recoverable from synthetic data?

30
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∆ group-level BIC = 394.1∆ group-level BIC = 302.6

(Heald et al, Nature, 2021)

 context estimation controls memory creation and expression 

in spontaneous and evoked recovery

 We can fit two datasets well. 

What more might you need to be convinced that COIN is the better model?



5. Parameters similar across paradigms
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6. Robustness analysis
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Overlearning potentiates spontaneous recovery
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(Hulst et al., bioRxiv., 2021)

trial

-1

0

1

ad
ap
ta
tio
n

3420
582

0

the magnitude of spontaneous recovery is sensitive to the 
frequency of contexts in the environment
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Memory updating: Theory

each memory should be updated proportional to its responsibility
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Classical paradigms as apparent learning

Apparent changes in learning rate driven by contextual inference 



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




fast state?
slow state?

Explicit and implicit learning
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explicit


implicit


credit assignment problem: errors can be due to a 
misestimated state or sensory bias (miscalibration)

hypothesis 
• implicit = sensory bias 

• explicit = belief about rotation (state)

(McDougle et al., J Neurosci., 2015)
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yt = x(ct)
t + b(ct) + vt

state feedback has a bias:

prior
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Explicit and implicit learning
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Explicit and implicit learning
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Explicit and implicit learning
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inference

• do not model state dynamics

• do not model context transitions


• no sensory cues


• non-hierarchical

• number of contexts assumed known

• only update/express a single memory

• learn no or few parameters

generative model

Comparison with previous models
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• Rules for motor memories in sensorimotor learning

• COntextual INference is a key computation


• principled (Bayesian) and comprehensive

• unifies disparate data sets

• apparent vs. proper learning

Summary
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