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PERCEPTUAL UNCERTAINTY

contrast / brightness 3D— 2D projection
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multiple interpretations: bistability
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PERCEPTUAL UNCERTAINTY

contrast / brightness 3D— 2D projection
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P(feature | stimulus)

multiple interpretations: bistability aperture problem: incomplete information
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A SIMPLE TAXONOMY OF PROBABILISTIC REPRESENTATIONS

probability distribution

P(y|x)
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A SIMPLE TAXONOMY OF PROBABILISTIC REPRESENTATIONS

probability distribution spatio-temporal neural activity patterns
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A SIMPLE TAXONOMY OF PROBABILISTIC REPRESENTATIONS

probability distribution spatio-temporal neural activity patterns
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PERCEPTUAL UNCERTAINTY < NEURAL VARIABILITY
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PERCEPTUAL UNCERTAINTY < NEURAL VARIABILITY
VIA SAMPLING
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PERCEPTUAL UNCERTAINTY <« NEURAL VARIABILITY
VIA SAMPLING

=
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PERCEPTUAL UNCERTAINTY <« NEURAL VARIABILITY
VIA SAMPLING
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PERCEPTUAL UNCERTAINTY <« NEURAL VARIABILITY
VIA SAMPLING
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Fiser et al, TICS 2010
see also:

Hinton & Sejnowski, PDP 1986; Hinton et al, Science 1995; Dayan 1999;
Hoyer & Hyvarinen, NIPS 2003, Lee & Mumford 2003
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NEURAL RESPONSE DISTRIBUTIONS
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NEURAL RESPONSE DISTRIBUTIONS

Hoyer & Hyvdrinen, NIPS 2003

Poisson-like variability (sparse coding)
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Berkes et al, Science 2011
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NEURAL RESPONSE DISTRIBUTIONS
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NEURAL RESPONSE DISTRIBUTIONS

see talks tomorrow by
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Aitchison & Latham, arXiv 2015
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NEURAL DYNAMICS
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NEURAL DYNAMICS

Hinton & Sejnowski, PDP 1986
Hinton et al, Science 1995

Gibbs sampling by binary neurons
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Hinton & Sejnowski, PDP 1986
Hinton et al, Science 1995

Gibbs sampling by binary neurons ~Gibbs sampling by spiking neurons
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Hinton et al, Science 1995
Gibbs sampling by binary neurons ~Gibbs sampling by spiking neurons

/' N

N \
G 0

%@/

Buesing et al, PLoS Comput Biol 2011

Hartmann et al, PLoS Comput Biol 2015 Hennequin et al, NIPS 2014
Aitchison & Lengyel, PLoS Comput Biol 2015

fast (Hamiltonian) sampling in E/I networks

deterministic network

Deterministic SORN
1 é 1.0
. = 0.5
' S 0.0 [\/T=====
H} 2
= -0.5 . .
0 100
‘ t (ms)
...DAHGJCJEDFHADIECBG...
— Hamiltonian
/5 04 — Langevin
5B,
A 5
=
0 | E— T
0 100 200
t (ms)

Maté Lengyel | Neural representations of uncertainty Bernstein workshop “Neural sampling”, Gottingen, 12 September 2017 http://www.eng.cam.ac.uk/~m.lengyel 8


http://www.eng.cam.ac.uk/~m.lengyel

NEURAL CIRCUIT DYNAMICS

see talks later today by
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BEHAVIORAL DYNAMICS
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BEHAVIORAL DYNAMICS

Sundareswara & Schrater, J Vis 2008
Gershman et al, NIPS 2009; Neural Comput 2012
Moreno-Bote et al, PNAS 2011

perceptual multistability

1
°
c
ie)
-y
1 . (&) o,
- Simulated g
> = = = Empirical
= = o 3 0.5
Qo o=1.44 -
@© 0.5 1 O
o) =0. O
9 B=0.69 =
& o C
o mult. rule ©
0 ‘ ‘ ‘ ‘ C e IC
0 0.5 1 1.5 2 2.5 0 . ,
Dominance duration
0 0.5 1

empirical fraction

Maté Lengyel | Neural representations of uncertainty Bernstein workshop “Neural sampling”, Gottingen, 12 September 2017

http://www.eng.cam.ac.uk/~m.lengyel 10


http://www.eng.cam.ac.uk/~m.lengyel

BEHAVIORAL DYNAMICS

Sundareswara & Schrater, J Vis 2008
Gershman et al, NIPS 2009; Neural Comput 2012
Moreno-Bote et al, PNAS 2011

perceptual multistability

== Simulated
= = =Empirical

Probability
o

0=1.44 |
B=0.69

0 0.5 1 15 2
Dominance duration

Maté Lengyel | Neural representations of uncertainty

2.5

0.5

predicted fraction

o C

mult. rule
e IC

0 0.5 1
empirical fraction

Vul & Pashler, Psych Sci 2008

Vul et al, Cog Sci 2014

idiosyncrasies in decision making

Mean Squared Error

600
550
500
450
400

350
300
250
200
150
100 —

1 15 2 2.5 3 3.5 4 45 5
Number of guesses averaged together

Bernstein workshop “Neural sampling”, Gottingen, 12 September 2017 http://www.eng.cam.ac.uk/~m.lengyel 10


http://www.eng.cam.ac.uk/~m.lengyel

BEHAVIORAL DYNAMICS

see talk tomorrow by

Adam
Sanborn
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A SIMPLE TAXONOMY OF PROBABILISTIC REPRESENTATIONS

probability distribution

P(y|x)
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A SIMPLE TAXONOMY OF PROBABILISTIC REPRESENTATIONS

probability distribution

P(y|x)

-> Y1
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A SIMPLE TAXONOMY OF PROBABILISTIC REPRESENTATIONS

probability distribution spatio-temporal neural activity patterns
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neural responses r to stimuli y are variable: P(r|y) = /P(r[x) P(x|y) dx
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if P(r|y) is ‘Poisson-like’
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NEURAL ARITHMETICS

sampling predictive coding PPC

prediction prediction prediction
(log-prior prob.)

l“ ‘" '

posterior estim./samples prediction error log posterior prob.
T H1-a) T + T +
input input input

(log-likelihood)

Aitchison & Lengyel, Curr Opin Neurobiol, in press
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NEURAL REPRESENTATIONS OF UNCERTAINTY
computational properties
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neurons represent | variables parameters parameters
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NEURAL REPRESENTATIONS OF UNCERTAINTY
accounting for neural data
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NEURAL REPRESENTATIONS OF UNCERTAINTY
accounting for neural data

sampling mean-field prob. pop. code

variability X
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accounting for neural data

sampling mean-field prob. pop. code
variability X
noise correlations X
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accounting for neural data

sampling mean-field prob. pop. code
variability X
noise correlations X
stimulus-dependent X X
variability & correlations
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variability & correlations
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A PSYCHOPHYSICAL HALLMARK OF SAMPLING

Lengyel et al, arXiv 2015
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A PSYCHOPHYSICAL HALLMARK OF SAMPLING

Lengyel et al, arXiv 2015
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feature #1 intensity cell #1 response
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A GRADUAL REFINEMENT OF THE REPRESENTATION OF UNCERTAINTY

Maté Lengyel | Neural representations of uncertainty Bernstein workshop “Neural sampling”, Gottingen, 12 September 2017 http://www.eng.cam.ac.uk/~m.lengyel 17


http://www.eng.cam.ac.uk/~m.lengyel

A PSYCHOPHYSICAL TEST

Lengyel et al, arXiv 2015
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A PSYCHOPHYSICAL TEST

Lengyel et al, arXiv 2015
fixation

1100 ms

Maté Lengyel | Neural representations of uncertainty Bernstein workshop “Neural sampling”, Gottingen, 12 September 2017 http://www.eng.cam.ac.uk/~m.lengyel 18


http://www.eng.cam.ac.uk/~m.lengyel

A PSYCHOPHYSICAL TEST

Lengyel et al, arXiv 2015
fixation stimulus

N

1100 ms 50-600 ms
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A PSYCHOPHYSICAL TEST

Lengyel et al, arXiv 2015
fixation stimulus mask

N

1100 ms 50-600 ms RT: ~500—1100 ms
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A PSYCHOPHYSICAL TEST

Lengyel et al, arXiv 2015
fixation stimulus mask response

N

1100 ms 50-600 ms RT: ~500—1100 ms ~600 ms
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A PSYCHOPHYSICAL TEST

Lengyel et al, arXiv 2015
fixation stimulus mask response feedback

N

1100 ms 50-600 ms RT: ~500—1100 ms ~600 ms 500 ms
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A PSYCHOPHYSICAL TEST

Lengyel et al, arXiv 2015

fixation stimulus mask response feedback
t
/ N orrtijgntation
° \ °
rr
1100 ms 50-600 ms  RT: ~500—1100 ms  ~600 ms 500 ms uncertainty
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SANITY CHECKS: BASIC RESPONSE

Lengyel et al, arXiv 2015
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A WELL-CALIBRATED PROBABILISTIC

Lengyel et al, arXiv 2015
a single subject:

17 Bin: 0°-15° 17 Bin: 15°- 30° 17 Bin: 30°- 45° 17 Bin: 45°- 60° 17

Bin: 60°- 75° 11 Bin: 75°-90°
N = 898 N =379 N =122 N = 37 N = 24 N = 42
0.8 | 0.8 | 0.8 | 0.8 | 0.8 | 0.8 |
)
c 06} 0.6 | 0.6 | 0.6 | - 0.6 |
g M
-}
g 04 0.4 | 0.4 | . 0.4 f 0.4 f
0.2 0.2} J U 0.2} U 0.2 | 0.2}
: A 3 gﬂ ﬁ
O O " - IR " J O L _.J\:| [ it ) = O L '_||_.:| D L 'Tl J O L |— O
-90 0 90 -90 0 90 -90 0 90 -90 0 90 -90 0 90 -90 0 90
signed error (deg) signed error (deg) signed error (deg) signed error (deg) signed error (deg) signed error (deg)
Maté Lengyel | Neural representations of uncertainty Bernstein workshop “Neural sampling”, Gottingen, 12 September 2017 http://www.eng.cam.ac.uk/~m.lengyel 20


http://www.eng.cam.ac.uk/~m.lengyel

A WELL-CALIBRATED PROBABILISTIC

Lengyel et al, arXiv 2015
a single subject:

1r Bin: 0°-15° 1 Bin: 15°-30° 11  Bin: 30°-45° 11  Bin: 45°-60° 11  Bin: 60°-75° 11 Bin: 75°-90°
N = 898 N = 379 N =122 N =37 N = 24 N =42
0.8 | 0.8 } 0.8 | 0.8 0.8 0.8 |
2
c 06} 0.6 | 0.6 | 0.6 | 0.6 | 0.6 |
3 N
-}
3 04 0.4 | 0.4 | 0.4 I 0.4 0.4 |
0.2 0.2 A 0.2} 02t I 02t 0.2t i '
0 o 0 0 — 0 0
-90 0 90 -90 0 90 -90 0 90 -90 0 90 -90 0 90 -90 0 90
signed error (deg) signed error (deg) signed error (deg) signed error (deq) signed error (deq) signed error (deg)
all subjects:
Subject 1 Subject 2 Subject 3 Subject 4 Subject 5 uncertainty
Tr Tr Tr Tr Tr bins (deg):
-, 08 0.8 | 0.8 | 0.8 | 0.8 | — 0-15
o 15-30
g 06 | 06 | /\ 06 | 06 | /\ 06 | /\ 30 - 45
45 - 60
g 04 \ 0.4 | \\ 0.4 N 0.4 A 0.4 A 6075
0 0 . : 0 : . : 0 : . 0 : .
-90 0 90 -90 0 90 -90 0 90 -90 0 90 -90 0 90
signed error (deg) signed error (deg) signed error (deg) signed error (deg) signed error (deg)
Maté Lengyel | Neural representations of uncertainty Bernstein workshop “Neural sampling”, Gottingen, 12 September 2017 http://www.eng.cam.ac.uk/~m.lengyel 20


http://www.eng.cam.ac.uk/~m.lengyel

a single subject:

A WELL-CALIBRATED PROBABILISTIC

1r Bin: 0°- 15° 1  Bin: 15°-30° 17
N =898 N =379
08 | 08} 08}
%)
S 06 | 06 | 06 |
3 m
g 0.4 04}
0.2 02t A
0 0 iy . 0
-90 0 90 -90 0 90 -90

signed error (deg)

all subjects:

Subject 1

1.
0.8 |
0.6 |

frequency

04t |
0.2

{ANE

-90 0 90
signed error (deg)

90 |
75 |
60 |
45 |
30 |
15 |

error (deg)

0 15 30 45 60 75 90
uncertainty (deg)

Maté Lengyel | Neural representations of uncertainty

signed error (deg)

Subject 2
1.
0.8 |
0.6 | /\
04 | |
- A
0 , .

-90 0 90
signed error (deg)

a0 t
75
60
45 | | o
30 } N C ;
15 | gt ;

0 15 30 45 60 75 90
uncertainty (deg)

signed error (deg)

Lengyel et al, arXiv 2015

Bin: 30°- 45° 1r
N =122

08

06

04}

0.2

0
0 90 -90

Subject 3

90
signed error (deg)

90
75 |
60 |
45 |
30 |
15 |

0 15 30 45 60 75 90
uncertainty (deg)

Bin: 45°- 60° 17 Bin: 60°- 75°
N =37 N =24
0.8 |
06 |
|
02}
| 0
0 90 -90 0

signed error (deq)

1r
08t
06 |
04t

0.2
0

-90 0

90 |
75 |
60 |
45 |
30 |
15 |

Bernstein workshop “Neural sampling”, Gottingen, 12 September 2017

Subject 4

90
signed error (deg)

0 15 30 45 60 75 90
uncertainty (deg)

signed error (deq)

1 r
08 |
0.6 |
04t

0.2
0

90 |
75 |
60 |
45 |

1 Bin: 75°-90°
N =42
0.8}
0.6 }
0.4}
0.2} i .
0
90 -90 0 920

signed error (deg)

Subject 5 uncertainty
bins (deg):
— 0-15
15 - 30
30 — 45
45 - 60
P — 80-78
A_ o
290 0 90
signed error (deg)
° o

30 |
15

0 15 30 45 60 75 90
uncertainty (deg)

http://www.eng.cam.ac.uk/~m.lengyel 20


http://www.eng.cam.ac.uk/~m.lengyel

EFFECTS OF TASK DIFFICULTY

Lengyel et al, arXiv 2015
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THEORY: GENERAL SETUP

Lengyel et al, arXiv 2015
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THEORY: GENERAL SETUP

Lengyel et al, arXiv 2015
D : observation
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THEORY: GENERAL SETUP

Lengyel et al, arXiv 2015

D : observation

V

P(x|D): posterior distribution to be represented

» 1. stimulus to be estimated
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THEORY: GENERAL SETUP

Lengyel et al, arXiv 2015
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THEORY: GENERAL SETUP

Lengyel et al, arXiv 2015
D : observation
P (02)
¢ X
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P(x|D): posterior distribution to be represented

Ly posterior mean

: average o~
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> Var [aﬂ

i W

2
CV2 of o2

> o2

X

‘ oy . posterior variance = task difficulty <

Kx . posterior kurtosis

indirectly controlled
by the experimenter

e

» 1. stimulus to be estimated

.,
x”: true value of z directly controlled

by the experimenter )

for any consistent probabilistic representation:
z* behaves as if sampled from P(x|D)

Elp] = o
E|(px — x*)2 — 0>2<
El(ux —2%)t] = (ke +3)0?
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: average o~

N

THEORY: GENERAL SETUP

Lengyel et al, arXiv 2015

) 2
D : observation o W2 — Var o7
| P(UX)A G2
P(x|D): posterior distribution to be represented CV2 of o2
Ly posterior mean 2
X > 0
‘ o2 posterior variance = task difficulty «
. . . indirectly controlled
Kx . posterior kurtosis by the experimenter

¢ » x: stimulus to be estimated
z”*: true value of z )

directly controlled
by the experimenter

for any consistent probabilistic representation:
z* behaves as if sampled from P(x|D)

Elp] = o
E|(px — x*)2 — 0>2<
El(ux —2%)t] = (ke +3)0?

no parametric assumptions about
P(z|D) or P(o3)
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EXACT, STATIC PROBABILISTIC REPRESENTATION

Lengyel et al, arXiv 2015

x N
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EXACT, STATIC PROBABILISTIC REPRESENTATION

Lengyel et al, arXiv 2015 .
behavioral reports
» stimulus estimate

» uncertainty
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EXACT, STATIC PROBABILISTIC REPRESENTATION

Lengyel et al, arXiv 2015 .
behavioral reports

Ly » stimulus estimate

» uncertainty
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mean squared error
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Lengyel et al, arXiv 2015 .
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» uncertainty
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Lengyel et al, arXiv 2015 .
behavioral reports
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» uncertainty
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EXACT, STATIC PROBABILISTIC REPRESENTATION

Lengyel et al, arXiv 2015 .
behavioral reports

Ly » stimulus estimate

» uncertainty

ok >

ya
I I ° °
mean squared error error-uncertamty correlation
1
e? =g Q=
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0.15¢

0.1}

Error
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0
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Iog10 Error

1000

Uncertainty

o < 1 even for an exact representation®
need trials with varying task difficulty (w? > 0)

*except when the posterior is symmetric Bernoulli, ie kx = -2 = po=1
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EVIDENCE INFEBEAIONMNTEGRATION

Lengyel et al, arXiv 2015
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EVIDENCE INFEBEAIONMNTEGRATION

Lengyel et al, arXiv 2015

!

Dy —> P(CIS‘Dh Dg)
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EVIDENCE INFEBEAIONMNTEGRATION

Lengyel et al, arXiv 2015

!

Dy —> P(Qf’pl, DQ)

» I
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EVIDENCE INFEBEAIONMNTEGRATION

!

Dy —> P(I’Dl, DQ)

time = number of data points

Lengyel et al, arXiv 2015
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EVIDENCE INFEBEAIONMNTEGRATION

Lengyel et al, arXiv 2015

assumptions:

!

DQ — P(CIS‘Dh Dg)

with time, posterior becomes

— narrower and more centred on z*
02 x1/n «> sxl/n

— more Gaussian-like kx o« 1/n

time = number of data points
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EVIDENCE INFEBEAIONMNTEGRATION

Lengyel et al, arXiv 2015

assumptions:

!

DQ — P(I‘Dh DQ)

with time, posterior becomes

k

— narrower and more centred on zx
02 x1/n «> sxl/n

— more Gaussian-like kx o« 1/n

behavioral reports

— stimulus estimate [«

— uncertainty o>

time = number of data points
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EVIDENCE INTEGRATION + BEHAVIOURAL NOISE

Lengyel et al, arXiv 2015

assumptions:

!

Dy —> P(I’Dl, DQ)

with time, posterior becomes

*

— narrower and more centred on z
02 x1/n «> sxl/n

— more Gaussian-like kx o« 1/n

behavioral reports are noisy
— stimulus estimate pxtnoise,

time = number of data points

— uncertainty o2-+noise,>
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EVIDENCE INTEGRATION
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mean squared er
e? = ¢/n+e;
3.

EVIDENCE INTEGRATION

I'da

10 15 20
number of data points, n
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mean squared er
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mean squared er
e? = ¢/n+e;
3.

EVIDENCE INTEGRATION

small noise
1 ' — _}

10 15 20 error Zero
number of data points, n

I'da

error-uncertainty correlation

1 noise, : €1, €2, €3
0= o
V(1 + 3+ (kx/n + 2) w2402 63 + ¢3) (1 +n%eq) noiseq: : €4
small noise .
correlation can increase
0.4b (faster than error decreases)
=7}
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O [l [l [l — |
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mean squared er
e? = ¢/n+e;
3.

EVIDENCE INTEGRATION + NOISE

large noise
error = asymptote

small noise
error — zero

I'da

N
St

10 15
number of data points, n

error-uncertainty correlation

1 noise, : €1, €2, €3

Q:
V(Fsx /4 3+ (Kx/n+2) w2402 s + €3) (1 +n?ey)

IlOiSGJ2 . €4

small noise .
correlation can increase
0.4} (faster than error decreases)
<
0.2
large noise
0, : - = o correlation decreases

number of data points, n
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SAMPLING-BASED REPRESENTATION

Lengyel et al, arXiv 2015

assumption:

independent samples from
the posterior

z; "~ P(z|D)
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SAMPLING-BASED REPRESENTATION

Lengyel et al, arXiv 2015
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» L

assumption:

independent samples from
® the posterior
L1 i.i.d.

r; ~ P(z|D)

O
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SAMPLING-BASED REPRESENTATION

Lengyel et al, arXiv 2015

time = number of samples
[ _

<
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SAMPLING-BASED REPRESENTATION

Lengyel et al, arXiv 2015

» L
x” .
assumption:
4 independent samples from
- ® the posterior
= 7 .
1 i.d.
o o z; ~ P(z|D)
X
5 ®
©
_g @
g ‘
I .
&) O .
E TN behavioral reports
)
\4
fix : sample mean » stimulus estimate
L [ | /:\LX
62 : sample variance » uncertainty

1+1 52
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mean squared error
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mean squared error
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mean squared error

g2 = (l—l—i>
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”E j_L error = asymptote
Zos
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EFFECTS OF TIME

Lengyel et al, arXiv 2015
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EFFECTS OF TIME

Lengyel et al, arXiv 2015
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EFFECTS OF TIME

Lengyel et al, arXiv 2015
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SUMMARY

sampling
< is a simple and powerful way of representing uncertainty (MCMC, particle filters)
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% provides a natural account of
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+ is a simple and powerful way of representing uncertainty (MCMC, particle filters)
% provides a natural account of
< neural variability
< behavioural idiosyncrasies

a new paradigm to obtain trial-by-trial measure of uncertainty:
humans’ representation of uncertainty
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< neural variability
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