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Partially-observable Markov decision
process (POMDP)
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Variable reward delay paradigm
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Variable reward delay paradigm

Deterministic task Stochastic task (00% rewarded)
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ISI: Inter-stimuli interval
ITI: Inter-trial interval Starkweather et al., 2017, Nat. Neurosci.



TD model with belief state

TD model with CSC
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Belief state representation in the brain

Stochastic task,
MPFC inactivation

mPFC: medial pre-frontal cortex
SalB: salvinorin B

TD model with CSC
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Starkweather et al., 2018, Neuron Starkweather et al., 2017, Neuron A



Belief state representation in the brain

Stochastic task,
MPFC inactivation

mPFC: medial pre-frontal cortex
SalB: salvinorin B Well-connected
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A different region to compute belief
state representation?

Starkweather et al., 2018, Neuron Wilson et al., 2014, Neuron A



Is belief state representation computed
in the OFC, and if so, how?




Is belief state representation computed
in the OFC, and if so, how?
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Is belief state representation computed
in the OFC, and if so, how?

Individual neurons Neural activity State decoder Evolution of the

investigation encoder neural activity at
the population level
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OFC neurons encode stimuli presence in the

task
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OFC neurons encode the task structure
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Neurons in OFC

Activity map in the OFC

+ Trial -averaged activity
+ Neurons sorted by timing of their peak activity
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Is belief state representation computed
in the OFC, and if so, how?

Individual neurons Neural activity State decoder Evolution of the

investigation encoder neural activity at
the population level
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Poisson GLM model
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A large fraction of neurons in the OFC
encode state-relevant variables
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Is belief state representation computed
in the OFC, and if so, how?

Individual neurons Neural activity State decoder Evolution of the
investigation encoder neural activity at
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Is belief state representation computed
in the OFC, and if so, how?
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Evolution of the
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Macro-states

States classifier

Macro-states classifier
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Is belief state representation computed
in the OFC, and if so, how?
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investigation encoder neural activity at
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Is belief state representation computed
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Representing the belief states in the
brain
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Dr. Jay

GRU network modeling

Activation layers state decoder
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GRU: gated recurrent unit



Dr. Jay

GRU network modeling

Deterministic task
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Geometrical representation (PCA)

+ Low-dimensional trial-averaged activity trajectory
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Geometrical representation (PCA)
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Recurrent switching linear dynamical
systems (rSLDS)

parameters |

discrete states

continuous states

data

Linderman et al., 2016, preprint A



Dynamics of the

GRU network
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Dynamics of the neural population activity

Reward timing
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Dynamics of the neural population activity

—e— latelTI

‘ 2 ) —— |SI
ovua -] NI N a5
Distributed - - . < - 2 © o ¢ cue

reward - ™ B \ { . A e e reward

3 2 1 o 1 2 3 3 2 1 o 1 2 3 -4 3 2 1 o 1 2 3
1 x x
ad aq 4]
2 24 24
Early
< o0 n < 0 AN EECE °_\
\ \ Pd

reward < 3 . . Y
7 N ] - A ] ¢

reward B §2s

.
44 49
24 24 2
Late el P b
/ < o \. |/ £ 0 ~ %
. Y )
N ) 2
S 3




Dynamlcs of the neural populatlon activity
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Dynamics of the neural populatlon activity
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Is belief state representation computed
in the OFC, and if so, how?

Individual neurons Neural activity State decoder Evolution of the

investigation encoder neural activity at
the population level

Single-neuron OFC encode OFC population Population d .
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Discussion

Belief state representation in the OFC
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Discussion

Belief state representation in the OFC
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Discussion @ @
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Discussion
Limits of the rSLDS & further experiments
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Discussion
New data in OFC
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Trial-averaged licking rate
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Example neuron in piriform cortex
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Example neuron in M2
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Fractions of neurons encoding each
variable in M2
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Activity map in other regions
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Performances on full/reduced matrices with
Poisson GLM model
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Comparison linear regressor vs Poisson GLM
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Performances on full/reduced matrices with
linear regression model
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State classifier on M1 neural activity
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State classifier on PIR neural activity
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State classifier on M2 neural activity
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Global drift in the
population activity

Explained variance ratio
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Principal component index
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Recurrent switching linear dynamical
systems

0 = {Ay, Vi, by, C,d,R,W,r} (Parameters)

pz,=ilz,— 1 =j,x,_;) xexp(Rx,_; + Wu,_; + )

z: = {1,2,..K}, z, | U, 21, %1 (Discrete states)
Xt = Azt "Xp-1t VZt "Up Tt bZt (Latent dimensions)

ve=C-x+d (High-dim data)

y.




Gated Recurrent Unit (GRU) I[t]

s 4 —\—JA—> h[t]

> o > o )tanh




GLM variables structure

Variable
ISI
Reward
Licking
Nuisance

Event

Cue

Reward

Licking
Recording onset

Basis type Basis Duration Bases Number

unit [1.2s, 2.8S] 14, cut at reward
unit 3s 15
Cosine 1s 5

Cosine Full recording 5




_ _ _ CSC Microstimuli
CSC vs microstimuli

. M N
features representation n ~
I /\\
M N\

) CS US CS US
V(t) v v v
V(t+1) I\_
U+ 1)-9 ) A
GI | A
Starkweather & Uchida, 2020 t g A




Consistent EmBeddings of high-dimensional
Recordings using Auxiliary variables (CEBRA)

a ;4 Non-Linear Encoder =J» Behavior- and Time-guided = Low-dimensional
‘% CEB RA (neural network) contrastive learning embedding
behavior ® @ 1) — - attract final layer output
labels '@ N similar — 7]
I samples
time-only g. 0 ° L f
il 1 N ¥
E| | m| |E ‘ > > . -> // -»> . -
neural data Ll | N . \’. . o s |
repel il .
ﬁ dissimilar
- samples .

Schneider et al., 2022, preprint



Demixed PCA
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» Concise way of visualizing the data that summarizes the task-dependent
features of the population response in a single feature.

Kobak et al., 2015, elLife



