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Classic perceptual decisions:
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Fasy decisions are fast...
...hard decisions are slow



Fasy decisions are fast...
...hard decisions are slow

social decisions
economic decisions
gambling decisions
memory decisions
visual search decisions
value decisions

perceptual decisions
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no do | talk to?”

nich investment do | make?”
nich number will | bet on?”
nat does this remind me of?”

nere is the object I'm looking for?”

nich ice cream do | get?”

“"Were there more events on left or right?”

why?

Krajbich, 2012
Gluth, 2012
Busemeyer, 1993
Ratcliff, 1978
Purcell, 2010
Milosavljevic, 2012
Brunton, 2013



Outline

Part 1 - Noise in the brain
Part 2 - Perception as statistical inference

Part 3 - Neural mechanisms for accumulation



Before choice, perception

Thalamus (LGN) serves strategic role in
gating of\information flow to cortex

' Light falls onto Optic tract
“the photoreceptors
of the retina LGN optic Hubel, 1995

radiations\‘




Neural signaling

Presynaptic neuron Postsynaptic neuron
of synapsec i  Excitatory . of synapse i
synapse i
Axon s j

N :
postsynaptic
membrane

|11
bt

=l

>
><
S
=

R

e

action
potential

threshold

Excitatory Post-Synaptic Potential



IC property of neural systems
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Noise propagates from one neuron to the next

a Coupled spiking model
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Noise In the retinal

 Can't be explained by shifting attention, motivation,
small head or eye movements.

* But maybe other factors... tluctuations in
temperature, stimulus delivery, health of the
poreparation?

* Since we can only see the action potential with
extracellular recording, we can't tell it the noise is at
the level of the synapse or whether it is intrinsic to
the spike generation process.



Intracellular recording!
Sakmann & Heher, Nobel Prize, 1991




Intracellular recording!
(Sakmann & Heher, Nobel Prize, 1991)
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Noisy (naturalistic) current injection results in reliable spiking.
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SO noise is not in the spike generation process, but earlier.

Mainen & Sejnowski, 1995



Release of neurotransmitter is probabilistic (and quantal)
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Since the brain is noisy, then events in the
world generate a distribution of responses
in the brain which makes perception a
statistical inference problem!
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Signal Detection Theory

criterion response

J/
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1 2 2
miss hit \/3 (Us +0n)

Probability

d' = Z(Hits) — Z(FalseAlarms)

internal response

correct reject

Z(p) is the inverse
normal CDF

false alarm

/)

Probability

Internal response

http://www.cns.nyu.edu/~david/handouts/sdt/sdt.html



Area under the ROC curve

True Positive Rate
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Fraction correct decisions
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abs(length - width)



Two classes of decisions involving
accumulation of evidence:

Fixed duration vs. Reaction Time

At end of stimulus Have to decide both
take your best guess how and when

Swinging a bat

Choosing a school (in a baseball game)



Sequential Probability Ratio Test

eStart with 2 hypothesis Ho s p=pn i p = py
eCalculate the cumulative sum of the S = Si_| + logA,
log-likelihood ratio f(xilp,)
Ai = Tt

f(X|/41»0) . (x_/’tn)z_(x_ﬂs)z
log (f(xluz,cf)) - 202

oif a < Si < b, then keep accumulating

oif S; < a, accept Hop

oif S; > b, accept H

eChoose a,b depending on desired false alarm/miss rate




Sequential Probability Ratio Test

eDeveloped by Wald, 1945
eUsed by Alan Turing in cracking the Enigma code.
eNeeded to test whether two messages came from the same
enigma machine, taking advantage of non-uniform
frequency of letters. (e.g. vowels are common)
e(5ives a statistical basis for reaction time data
eStrong evidence hits the stopping rule faster!
|s the optimal strategy (for a given set of costs)
eStatistically equivalent to the drift diffusion model (Bogacz,
20006)



Drift Diffusion Model

e DDM have been used for ~50 years to fit reaction time and
choice data in 2-AFC tasks.

e Although it fits a huge amount of data, it cannot explain tasks
where errors are faster (on average) than correct trials. (e.g.
Anti-saccades) (assuming >50% correct)

eMany derivative versions with extra parameters (e.q.
collapsing bounds, noise in starting point).

eCan be approximated by biophysical models (XJ Wang)

Response density
(upper boundary)

(a)

__-_--_______)

(lower boundary) time



But....

e DDM also makes some strange predictions:
ecqual RT distributions for correct and error trials (for a given

stimulus strength)
*RT should be a function of the signal to noise ratio.

A Two-Stage Process Model of Sensory Discrimination: An
Alternative to Drift-Diffusion

Peng Sun and Michael S. Landy
Journal of Neuroscience 2 November 2016, 36 (44) 11259-11274; DOI: https://doi.org/10.1523/JNEUROSCI.1367-16.2016

Time
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But....

e DDM also makes some strange predictions:

ecqual RT distributions for correct and error trials (for a given
stimulus strength)

*RT should be a function of the signal to noise ratio.

Optimal policy for value-based decision-
making

Satohiro Tajima, Jan Drugowitsch & Alexandre Pouget

Nature Communications 7, Received: 07 October 2015
Article number: 12400 (2016) Accepted: 29 June 2016
doi:10.1038/ncomms12400 Published online: 18 August 2016

Download Citation

Decision
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Outline (of Part 3)

e Rats (and humans) are near optimal accumulators
(Brunton et al, Science, 2013)

e System ldentification: a powerful approach to behavioral modeling

e There are signatures of accumulation in rodent prefrontal (FOF)
and parietal (PPC) cortex (Hanks et al., Nature, 2015)

e (Classic analyses reveal similar results as previous monkey work.

e New, model based analyses, reveal distinct encoding in prefrontal and
parietal cortex.

e The FOF (but not PPC) of the rat is obligatory for decisions

guided by evidence that accumulates longer than 240ms.
(Erlich et al, eLife, 2015)

e Parietal cortex plays a larger role in free choice.
e (Optogenetic data supports modeling results.



Random-dot Motion




Stimulus Strength

Neural signatures of accumulation

Strong Rightward Stimulus

=

Strong Leftward Stimulus

0 2 4 6

Time

Accumulated Evidence
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similarity suggests PPC firing rates r encode value of a
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=9 electrophysiological
_ recordings in FEF

DOTS Task
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Ding & Gold (2012)
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sensory
information

N\

decision-making circuit

4 N
similarity in ramping firing rates across areas — PFC
diffuse circuit mechanism, widely distributed . \4
across the brain? Sy
" PPC " FEF
* i.e., biophysical circuit mechanisms remain . \4 . \L
essentially unknown . @ . a
basic unanswered questions: striatum
* where is evidence accumulation computed . \4
(maybe none of these)? LE) D e
e how is evidence accumulation computed?
 which of the these brain regions is  gc |
necessary/not necessary for the process?
e Where iIs the decision made? = /
. A,

e Use rats in attempt to unravel mechanistic circuit logic
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The Training Box

- Infra-red

. detection of poking
P N —
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Rat University

30 boxes x 9 shifts = 270 rats/day



Can rats gradually accumulate evidence for decision-making?

“Poisson Clicks”, a task that facilitates quantitative modeling and analysis:

A trial in the task:

A\

| @

which side (R vs L)
played the greater
# of clicks?

1| 1@ B

Center LED

Nose in center port

l=—rat “fixates” in center 7!3“(;0” signal
\

Nose in side port

Water valve

L/R response

oI

<) Poisson clicks play =)

=

fe— = )
02 -172s Experimenter-controlled

variable stimulus duration



Can rats gradually accumulate evidence for decision-making?

“Poisson Clicks”, a task that facilitates quantitative modeling and analysis:

which side (R vs L)
played the greater
# of clicks?

IINIC N
IIICE =

A\

A trial in the task:

l=—rat “fixates” in center —=

Center LED !
Nose in center port
Nose in side port L/R response
Water valve o1
<) Poissonclicks play <) .

fe— = )
02 -172s Experimenter-controlled

variable stimulus duration

e Optimal performance ==> add up each side’s clicks over time -- i.e., accumulate over time

(rat is rewarded by # of clicks played, not underlying Poisson rate)

* Poisson variability explores stimulus space, gives statistical power to a quantitative trial-by-trial model



Can rats gradually accumulate evidence for decision-making?

“Poisson Clicks”, a task that facilitates quantitative modeling and analysis:

which side (R vs L)
played the greater

A\

IINIC N

A trial in the task:

T =

— # of clicks?
l=-rat “fixates” in center —=

Center LED !
Nose in center port
Nose in side port L/R response
Water valve O]

<) Poissonclicksplay <0

e .
02 -172s Experimenter-controlled
variable stimulus duration
e Trial difficulty controlled by ratio rater : rate. stimulus:

=== strong R

!

weak

!

=== Strong L

For example, 39:1 clicks/sec = strong evidence, easy trial;
21:19 clicks/sec =

e At rater + rateL = 40 clicks/sec, we think of it as graded accumulation, not integer counting.



Gradual accumulatioerformance improves as stimulus duration grows

m  Can we find such performance improvement in rodents? ongoing debate
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We need to “look inside the black box” aka system identification

INPUT

Internal properties of nonlinear systems

can be probed by observing responses to
highly variable inputs:

For example, response-triggered averaging
to noisy stimuli reveals receptive fields in the

early visual system:

obtain detailed strength
and time course of the
functional connectivity

Reid & Alonso,
Nature 1995.

OUTPUT

el  Nonlinear system B

Even more powerful technique:

Fit a model that uses detailed
trial-by-trial information to reveal many
guantitative properties of system

Pillow et al., Nature 2008:

il Coupled spiking model

Stimulus Stochastic
filter Nonlinsarity spiking

—» WS o 8 o

% g ‘:’#
Neuron 2




Let’s bring the approach to decision-making

Our grey box

Flexible model, fit to the trial-by-trial data, resolves a
number of previously unmeasured internal parameters

} Right Clicks |. TP
v Left Clicks
o
¢ > go
| [ [P o Right
.©
S ﬂ -« bies
5 go
% Left
O
1] @ a)
Input: T ' —B Output:
Time

Clicks times

Brunton, Botvinick, & Brody, Science, 2013

Choice
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Flexible model

integrator:
high bounds B—,
long 1=

a, pulse accum.

: very different strategies in different parameter regimes

burst detector:
short T=-50 ms
(forget in 50 ms)
low bounds B=2.5,

mixture:
burst accumulator:
B—, long 1=,
a=1.5, short Trp=100 ms

-5 0 5
a, pulse accum.

a, pulse accum.

smmmmmmEmmmssssms==- FEmmmmmsmsmmm===s
+ Burst
1 accumulator

X Integrator

R
X

Burst detector

M e e o e e e A S e ’

— param 1 —

and more...



Subjects

What did we

find?

Long accumulation High decision- No accumulator
time constant commitment bounds| |noise (13/19 rats)
T (=1/A, sec)
-0.25 -1 1 0.25
= e
-4 -10 1 4 0) 6 .12 oo 0) 10 20
AN (=171, 1/seq) B (clicks) 02 (clicks?/sec)

T—————— j

Graded accumulation regime

——

Substantial
sensory noise

o’ Major source
3 of errors

100 20
(clicks?/sec)

O2
O

Accumulator appears to be near optimal:
lossless (t ~ 00, B ~ ) and noiseless (6°, =~ 0)

(Brunton et al., Science 2013)



Model+click times facilitates analysis of neural and behavioral data:

— accumulator a —

0 +10

-10

= right clicks = left clicks
p(go
——a=0 decision border
p(go L)
— time —
O probabllltyp

the key items for the rest of the talk:

1. Strong behavioral evidence that rats can gradually accumulate evidence for decision-making

most statistically powerful method to date for quantifying features of decision processes

3. Model provides trial-by-trial, moment-by-moment, estimate of value of accumulator a

(Brunton et al., Science 2013)




Talk Outline

e Accumulation of evidence

e Rats (and humans) are near optimal accumulators
(Brunton et al, Science, 2013)

e System ldentification: a powerful approach to behavioral modeling

e There are signatures of accumulation in rodent prefrontal (FOF)
and parietal (PPC) cortex (Hanks et al., Nature, 2015)

e (Classic analyses reveal similar results as previous monkey work.

e New, model based analyses, reveal distinct encoding in prefrontal and
parietal cortex.

e The FOF (but not PPC) of the rat is obligatory for decisions

guided by evidence that accumulates longer than 240ms.
(Erlich et al, eLife, 2015)

e Parietal cortex plays a larger role in free choice.
e Optogenetic data supports modeling results.
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Leonard, 1969

Superior
Colliculus

edial Dorsal

Thalamus

1 mMm

Anterior B Posterior

Sagittal section at 1.3 Lateral, LONI MRI Rat Atlas



Memory-guided Orienting

<) N
X R S

signal 5

Center LED on

Nose in center J 0.15 s

o) -

_ . Response
Memory trial L/R . Onset
— :
or 0.3s ) :
Non-Memory trial L/R
Response L/R
0.9-1.5 sec

Erlich, Bialek & Brody . (Neuron, 2011)



Muscimol inactivation of FOF

contra ipsi _—
\ / o R }p<0.001
[T 8 e ® =
X o /oI
8 Non-Memory Trials
>
Memory Trials
0 | |
No Drug lpsi Contra

Muscimol

300 nL of 0.5mg/mL muscimol
a GABA-A agonist

n=20; 5 rats x 4 sessions per rat



Muscimol inactivation of FOF
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Choice predictive delay activity in FOF
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Krieg, 1946; Kolb & Walkey, 1987

PPC
FOF
e

ulvinar LGN
(LP.Thalamus)

r

Anterior B Posterior

Sagittal section at 2.8 Lateral, LONI MRI Rat Atlas



Firing Rate (Z-Score)

Neural signatures of accumulating evidence
in rat Posterior Parietal Cortex and Frontal Orienting Field

PPC, n=93 FOF, n=128
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Hanks, Kopec, Brunton, Duan, Erlich & Brody (Nature, 2015)



Use the model to estimate the tuning curve of
firing rate relative to evidence

a Cell 6217, trial 13

Time — neural response lag (s)
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PPC encodes a graded representation of the accumulator
FOF encodes the sign of the accumulator

C PPC (black) vs. FOF (red)
- a<0 = .- .

a0 =

Fractional change
in firing rate r
o
@)

ol 17 " go Right
B -10 0 10 +B

Accumulator value, a

See Hanks et al (2015) for more details



A Neural Implementation

of Wald’s Sequential Probability Ratio Test

Shinichiro Kira,'-?7-8 Tianming Yang,*” and Michael N. Shadlen?+5:6*
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Summary

Traditional analysis (averaging across similar trials) reveals
accumulating evidence signatures in FOF and PPC that are
qualitatively the same as recordings from monkey FEF and LIP.

The Accumulator Model, fit to the rats’ choices and click times,
provides a moment-by-moment estimate of the internal value of the
accumulated evidence.

This estimate can be used to generate tuning curves of firing rate vs.
accumulated evidence.

We find that the tuning curves for PPC neurons are smooth,
suggesting that PPC encodes the value of accumulated evidence.

We find that the tuning curves for FOF neurons are steep, suggesting
that FOF encodes the sign of accumulated evidence.

This suggests that the PPC may accumulate evidence and send this
information to FOF where the evidence in transformed into a choice

+  but as we will see this is not the case......



Talk Outline

e Rat University
e Accumulation of evidence

e Rats (and humans) are near optimal accumulators
(Brunton et al, Science, 2013)

e System ldentification: a powerful approach to behavioral modeling

e There are signatures of accumulation in rodent prefrontal (FOF)
and parietal (PPC) cortex (Hanks et al., Nature, 2015)

e (Classic analyses reveal similar results as previous monkey work.

e New, model based analyses, reveal distinct encoding in prefrontal and
parietal cortex.

e The FOF (but not PPC) of the rat is obligatory for decisions

guided by evidence that accumulates longer than 240ms.
(Erlich et al, eLife, 2015)

e Parietal cortex plays a larger role in free choice.
e (Optogenetic data supports modeling results.




Clicks Task + side LED Task

Accumulation Trial
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Rats are (still) accumulating evidence
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Bilateral inactivation of FOF results in a significant
impairment in Clicks but not side LED task

Bilateral FOF (75 ng)

100 - ; ®
= 80 -
o
T 60 -
qc) ..................
40 -
;o Bilateral FOF
o~ 20 - No Infusion
O \\\\ | | | \\\\I
-18 O 18

#R — #L Clicks



Model-based analyses reveal details of impairment
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significant bias in Clicks but not side LED task
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https://doi.org/10.7554/elife.05457.024



https://doi.org/10.7554/eLife.05457.024

Modify model to allow for 3 additional kinds of bias
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P(Went Contra)

Psychometrics narrow it down to two models.

Control Post-Cat. Bias Unbal. Inp. Gain Accumulator Shift Unbal. Inp. Noise
a likelihood/trial 0.6157 b likelihood/trial 0.599 C likelihood/trial 0.592 d likelihood/trial 0.5610 e likelihood/trial 0.5530
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Looking at likelihood surface clearly
argues for post-categorization model

a b
mg o
N 2.4 i .
§ @ L UniFOF _ 0.8 %
2 22; I 06 5
o % £ 0.2 - 3 . .
S5 2 3 I 8: g and the post-cat. model fits the psychometric,
3 S 0 1 Control®* — £ hronometric and n NONDN 109 rneldata
D US>5
P 2232
otz

Seems the FOF is “post-accumulator’...

~50 log units b

...could be site of decision? sieces I
odel fit
0 — 40 - — - -
20 0 20 0 0.5 1 -0.5 0
#Contra - #lpsi Clicks Stimulus Duration (s) Time from

end of stimulus (s)



Use Metropolis-Hastings to sample a more complex model
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Bilateral PPC inactivation generates a small
impairment fit by lapse

PPC
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Unilateral PPC inactivation does not cause a bias....

Left Infusions Right Infusions

Unilateral PPC
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So what’s the role of PPC?
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M. Wilke, I. Kagan, R. A. Andersen, Proc. Natl. Acad. Sci. U.S.A. 109, 8274-8279 (2012).



So what’s the role of PPC?

d

/% PPC qguides internal decisions but not
, perceptual decisions....
...Wwhat are the signatures of accumulation doing?
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Is this only true in rats?

doi:10.1038/naturel8617

Dissociated functional significance of decision-
related activity in the primate dorsal stream

Leor N. Katz!*, Jacob L. Yates'*, Jonathan W. Pillow? & Alexander C. Huk?
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MT, but not LIP inactivations affect perceptual decisions
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LIP inactivations do affect "internal" choices.

Targets Hold Memory guided
flash (0.2 s) (0.6-3s) free choice
(<] 1
4
o & : o

4

n R
K D

| I ) Yo i
'} 1 rs
‘ ‘

C :
Contralateral lpsilateral
156% of '® Saccade

o |choices @ Target
= °e
Ko o %al®”® o
[Example session
31% of ) 5
c .
o |choices
T % ° o 0
= 28 m
gl o 5

/L
&4

-5 0 b

Degrees relative to target

b
Fixation < 1>
Targets H600—3,000 ms
Reward 200 ms I8
—
Eye Xa y_,qr 1

Session pairs

106.e] 01 8AI1R|a) Sealiba(]
Session pairs

B Main experiment inactivations
All inactivations

\
I

o N B O

(number)

-0.3

0
Difference in proportion choices

0.3

12 M
g o ;
€ 4
Z
0
2 0 2

Difference in saccade error (°)



Parallel model 1

— FOF activity at end of stimulus

accumulator l
affects decision

projects to FOF

sensory Left / Right
processing motor
PPC commands
~N vl

high throughput training
= quick experiment — hypothesis — experiment cycle

-------- Use optogenetics for high time-resolution inactivation bm -

accumulation occurs in FOF

— FOF activity throughout stimulus
affects decision

Parallel model 2
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processing motor
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on oY
Oue“‘df: O
(\0‘“@\\‘{09“‘ N
9



Full trial inactivation: All rats

500 ms inactivation Rat Group

250 ms inactivation Rat Group
|

. L _ .
[ variable start time i .
[ [
TSR B
8 L
| 4
| L
* 2
O e i \’
( -|- e
A N o
O 05 1 15 2 25 3 O 05 1 15 2 25 3
| i 11 i ]l | | / oo | ] | \ |
pre-Delay  Click Movement pre- Click train Movement
train Delay (0.6 -159)
(1-1.45)

as predicted if FOF only reports sign(a(t)) and is not
iInvolved in computing the accumulated evidence a itself.

Center LED | |
Nose in center |, Fixation Nl
Click train | |
Response —
15 ‘f .
% |
5 10
(%, |
L
RO
oL .
Time(s) 0 0.5 1 15 2 25 3
L : | I I |
pre-Delay  Click Movement
train
08
© == [
m & -
2 15
© = ®
= =
s T I
= O
©% 05
o =
98 0.
L nq:) 500 ms 250 ms

inactivation
duration group

AAV-CamKIl-eNpHR3.0 in FOF

Chuck Kopec



Long time constant pathway

area(s)?
< / dt (~1s) ‘
accumulator a
~\

sensory Left/Right
processing i motor
commands
= normally overridden by

strong input from FOF /
more immediate (~ 0.2 s)

Short time constant pathway

=\ here is the accumulated evidence computed?



Long time constant pathway

area(s)?
< / dt (~1s) ‘
/ accumulator a
2

sensory Left/Right
processing motor

normally overridden by commands y
strong input from FOF
more immediate (~ 0.2 s)

Short time constant pathway

=\ here is the accumulated evidence computed?

e |Likely secondary sensory areas.

= \\Vhich areas are necessary?

e FOF is necessary (bilateral) and sufficient (unilateral) for the clicks task.

e PPC is neither necessary nor sufficient for clicks task. But is sufficient for biasing
free-choice.

= \/\Vhere is the decision made?

e The FOF. Seems to transform evidence over “long” time-constants (> 0.24 s)
iInto decisions or motor-plans. (consistent with Erlich, 2011)

e Also see
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