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Neural activity in the sensory cortex

The taste cortex

Mechanistic model - recurrent neural network

Model predictions vs. experiments
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Recording from primary sensory cortex
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Ongoing activity

Neural activity in the absence of overt sensory
stimulation
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Recording from primary sensory cortex

Extracellular recordings
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Recording from primary sensory cortex

Extracellular recordings
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Ongoing activity: noise?
¢

Traditional view:
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Ongoing activity: noise?

‘ Taste-responsive neuron

Traditional view: 1A I
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Ongoing <«—> Evoked

“Cortical states” during ongoing activity
reproduce evoked orientation maps
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Ongoing <«— Evoked
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Neuron B Neuron A
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A unifying approach

Ongoing neural
activity

Evoked neural
activity
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A unifying approach m

Ongoing neural
activity

Evoked neural Spiking network
activity model

Predict response to
stimuli
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Taste

Not again!
Food!

Where’s
my pizza?
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Ongoing neural
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Experiment

Ongoing activity

I
ol



Ongoing activity
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Ongoing activity
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Ongoing activity
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Ongoing activity
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Ongoing activity
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Ongoing activity
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Ongoing activity: multistability

Neurons

Neurons

Trial 1

(ereys)d

1
40 0

20

Firing rate [spks/s]

Neurons

Neurons

Trial 2

‘ IIIIII- L1} lIIlI I

T|me [s]

=g

0 20 400 20 40 0 20 40
Firing rate [spks/s]

(eua?s)d

Neurons

Neurons

Trial 3

(ele?s)d

Tlme [s]

ﬁLL

0 20 40 20 40 0 20 40

ang rate [spks/s]

Single neuron firing rate distribution

density

-
-
oy -

Neuron 2

-
-
-
__-“'-‘
]

20 30
Firing rate (spk/s)

40

Mazzucato et al., 2015



Ongoing activity: multistability

Neurons
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Ongoing activity: multistability

42% of neurons have 3 or
more firing rates across states
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A unifying approach
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Ongoing activity: Model

A model that captures ongoing activity:
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Ongoing activity: Model
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Ongoing activity: Model

Leaky integrate-and-fire neurons:
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Ongoing activity: Model

Q Leaky integrate-and-fire neurons:
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Ongoing activity: Model

Q Leaky integrate-and-fire neurons:
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Clustered network

Cluster: stronger recurrent
synaptic weights

clusters
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Ongoing activity: Model

N Mean field theory
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stable states

Model

Mean field theory
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ity: Model
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ity: Model
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Ongoing activity: Model
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Ongoing activity: Model

44% of neurons have 3 or
more firing rates across states
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A unifying approach
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Evoked activity: Model

Deliver 1 out of 4 sensory
stimuli:

S_timulus A

— N W
O OO0 O0O

% gain

30 clusters O | 2 | 4 |
Time [S]

Mazzucato et al., 2015



Evoked activity: Model

Deliver 1 out of 4 sensory
stimuli:
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Evoked activity: Model

30 clusters
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Evoked activity: Model
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Stimuli reduce multistability

Model prediction
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Stimuli reduce multistability
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Neural dimensionality
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Neural dimensionality
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Neural dimensionality
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Neural dimensionality
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Dimensionality (d)
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A unifying approach
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Taste-evoked activity
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A bottom-up approach to sensory processing

* Ongoing activity in taste cortex - we discovered:

* State sequences
 Multistability (42% neurons have > 3 firing rates)

* Mechanistic model predicts response to stimuli.
* Stimuli reduce multistability & dimensionality.
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Expectations bias sensory processing




Expectations bias sensory processing

Classical conditioning: Expectation of a stimulus
speeds up sensory processing

Conditioned Unconditioned
stimulus stimulus

Samuelsen et al., 2012
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