Putting vision into context:

Influence of behaviour and context on sensory processing
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Classical view of hierarchical feed-forward visual processing
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Problems with the hierarchical feed-forward model

Most properties of the environment cannot be directly deduced from
sensory input

Analyzing complex visual scenes requires a model of the world



Our model of the world shapes our perception




Our model of the world shapes our perception




Our model of the world shapes our perception




Effect of context on perception:
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Effect of context on perception:




Integration of sensory and contextual ‘top-down’ signals
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Integration of sensory and contextual ‘top-down’ signals

Top-down cortical inputs
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Outline

* Neuronal signals related to attention and reward
expectation

« Behavioural relevance & Learning
» Motor signals in sensory cortex

« Bayesian inference and predictive coding



Modulation of sensory responses by attention

Spatial attention (Top-down)
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Modulation of sensory res

ponses by attention
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Object-based attention

Curve-tracing task
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Modulation of sensory responses by reward expectation

Attention or reward expectation?
Adapted curve-tracing task Saccade
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Changes of sensory responses during learning

How do responses to visual stimuli change as they
become behaviourally relevant to an animal?



Changes of sensory responses during learning

Visual discrimination task in virtual reality
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Trained mouse performing the task

Head-fixed mouse on a cylinder,
running through a virtual corridor
(only half of virtual reality visible)
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Two-photon calcium imaging of GCaMP calcium indicators

GCaMP6-expressing neurons in visual cortex (V1)
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In vivo two-photon calcium imaging during the discrimination task

Neurons in visual cortex
Trained mouse performing the task expressing GCaMP6 Eye position
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Neuronal responses to task-relevant stimuli

Example cell response to grating corridors:

Trials rewarded grating (vertical) Trials non-rewarded grating (angled)
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Neuronal responses to task-relevant stimuli

Cell 1
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Relationship between behavioural and neuronal performance
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Neuronal changes with lear

ning
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The visual cortex gets better at distinguishing the two task-
relevant stimuli, tightly correlated with behavioural performance

Learning may increase the salience of task-relevant visual
information to better inform behavioural decisions

Poort, Khan et al., Neuron 2015



Switching between visual and olfactory discrimination task
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Switching between visual and olfactory discrimination task

Mice switch between a visual and an olfactory task
(the same visual stimuli are shown but ignored)

Population discriminability
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Modulation of sensory responses by task demands

Task-dependent changes in auditory cortex receptive fields
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Motor signals in sensory areas
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Electrophysiological recordings in primary visual cortex in head-fixed, running mice

Titanium
saphhire
laser

Scan Box

Dichroic mirror

3D positioning
micromanipulator
Objective

Cranial window.

ead plate |

Styrofoam Ball

(w)
m
M

10, 1 30
Optical mice stationary
l. I . ‘ - . T >\
8 ‘-moving g 08 25 |
Bl anesthesia o] s)
v gl Q @ 20
] o 06 e
4 [} wv
sy c <15
J A Q 4 _ L 04 =
Pressurized air ag 210
2
1 g 0.2 5
(e]
0._ | e e e - L. -
spontaneous evoked 0 0

Visual responses in V1 are increased during locomotion

Niell & Styker, 2010



Motor signals in sensory areas
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Circuit-mechanisms of locomotion-related signals in visual cortex?

visual cortex
»

V1 "
= pathway proposed by Lee et al. MLR |
----- alternative pathways A@@

£ glutamatergic synapse Bk
*? locuscoerilous B noradrenergic synapse . )
e @ cholinergic synapse MLR: mesencephalic locomotor region
basal forebrain to spinal cord ? A

indirect projection

E
[ no stim (stationary) —
41 W stim (stationary) i
) ) 1
. - I no stim (running) s
i 5 | I stim (running)
o X
(2]
x 21
[o)]
£
£
. 1

Spontaneous Evoked

Lee at al., 2014






Motor signals in sensory areas

Circuit-mechanisms of locomotion-related signals in visual cortex?

Excitatory

Connectivity Disinhibition model
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Motor signals in sensory areas

Origin of motor signals?

Anterior cingulate cortex (+ secondary motor cortex)?
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Motor signals in sensory areas

Origin of motor signals?

Thalamus?
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Imaging activity of thalamic projections in cortical areas

Expression of calcium
indicator in pulvinar or LGN

Pulvinar/
LP
Intrinsic signal imaging
to determine position of

visual areas

Two-photon imaging of
thalamic projections in V1




In vivo two-photon calcium imaging of thalamic axons and boutons in layer 1 of V1

Speed 5x 15 pm



Imaging activity of thalamic projections in V1
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Visuo-motor ‘task’

* Trained to run through
virtual corridor

* Running uncoupled from
visual flow



Visuo-motor signals in thalamic boutons in V1
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Motor signals in sensory areas

Motor signals seem to dominate neuronal activity across the cortical surface

Widefield calcium imaging of cortical activity
during a simple spatial discrimination task
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Motor signals in sensory areas

Just gain control? No!

Activity in visual cortex excitatory cells:

— o

modulated in the dark and carry detailed running speed information
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Motor signals in sensory areas
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Motor signals as efference copy?



Integration of sensory and contextual ‘top-down’ signals
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The importance of predictions for sensory perception

During eye or head movements:

Information about own body’s movement
Efference Prediction Predicted
copy visual
feedback

Motor Difference I Visual

command calculator discrepancy
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system Visual @
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Predictive Coding and Bayesian Inference
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Predictive coding framework

Experimental evidence for predictive coding in cortical circuits
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Predictive coding framework

Potential circuit for mismatch computation in visual cortex

Mismatch (negative prediction error)

Muscimol in Anterior Cingulate Cortex (ACC)
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Potential circuit for mismatch computation in visual cortex

Mismatch (negative prediction error)

g N kK
ACC s =
£ OCT .
WIloEIE ate SOM 3 ont  Somatostatin (SOM)
input \ 55 01F
ihe c 3 neurons are most
' $s 0.05 - + ; strongly driven by
5 .
Sz o g $ visual flow
, ! =
exc. Visual input S 005l ue
| ‘ *k%k %
\_ Category |
r— . —
# & T ¢ &
&
A SST-C = - B SST-C - - -y
AAviEfrfgmt?chI;%hrimsonR 20 — Mismatch (MM) AAVjchTf;;Ath 2 — Mismatch (MM)
AAV-Ef1a-GCaMP6f 5 B AAV-Ef1a-GCaMP&f : Sk
— SST activation — 88T inhibition
x/0.8N. x/0.8N. 5
% = 10 MM & SST act. %; 10 MM & SST inh,
w (T
@ vIP é —_/\“"" @ VIP <
0 = ] 0
MM \/f MM
o 1 2 3 o 1 2 3
Time [s] Time [s]

Optogenetic manipulation of SOM neurons alters mismatch response

(consistent with the model but no proof)

Attinger et al., 2017



Predictive coding framework
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Spatial prediction and prediction error signals in visual cortex
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Predictive coding framework
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Spatial prediction and prediction error signals in visual cortex
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Predictive Coding and Bayesian Inference
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Feed-back projections

What is the role of feed-back projections?

How does feed-back influence the target area?

How do cortical areas communicate? How dynamic is this communication?
What is computed where?



A causal measure of effective inter-areal connectivity
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Influence of feed-forward vs feed-back projections

Silencing V1, Effect in LM
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Feed-back suppresses responses and increases selectivity

Average population response V1 Response selectivity in V1 Go - Nogo

_ _ _ (80-120 ms after stimulus onset)
Go stimulus, silencing at 60ms

, **  Trained mice
Visual stimulus 0.5( Trained mice, LM silenced
151 == Control Naive mice
- | aser

Spike rate (Hz)

u

Absolute selectivity

200 ms

» Feed-back influence is strongest when visual information is
most relevant

« Feed-back increases selectivity in V1 after learning by suppressing
responses, consistent with the predictive coding framework



Summary

“Sensory” cortical areas are strongly influenced by context and
behaviour

Sensory processing is highly dynamic, allowing animals to flexibly access
and process sensory information according to their current perceptual
and behavioural demands.

Still unclear to what degree top-down predictions influence or dominate
sensory representations

The sources of different internal signals are mostly still unknown and we
are only starting to determine the circuit mechanisms of how some of
these signals are integrated with sensory information

Subcortical structures such as the superior colliculus, thalamus,
cerebellum and the basal ganglia might also be important for shaping
cortical information flow and integrating sensory and internal
information
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