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The Most Unknown (2018) dir. lan Cheney



Warrick Roseboom Maxine Sherman Zafeirios Fountas

Roseboom et al (2019) Nature Communications
Sherman et al (2022) BioRXiv

Fountas et al (in press) Neural Computation
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predictive processing

e perceptual content is conveyed
by top-down predictions

 Dbottom-up ‘sensory’ signals
convey prediction errors







perceiving the expected

Experiment 1 Experiment 2

Detection |dentification
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- Pinto et al (2015) Journal of Vision
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uncontrolled perception

controlled hallucination
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time perception



MAN! HOW AM I
SUPPOSED TO BOIL
WHEN HE KEEPS
STARING AT ME
LIKE THAT?

SPUDCOMICS.COM © 2013 LONNIE EASTERLING

PERFORMANCE ANXIETY

WHeN YouwRe HaViNG Fun



clocks in the head?
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time perception

e proposal: subjective duration is based on accumulated salient
perceptual change across multiple levels of processing

 not merely changes in low-level stimulus properties

Roseboom et al (2019) Nature Communications
Sherman et al (2022) BioRXiv

Fountas et al (in press) Neural Computation



study one



:M/\
natre

COMMUNICATIONS

ARTICLE
OPEN

Activity in perceptual classification networks as
a basis for human subjective time perception

Warrick Roseboom® "2, Zafeirios Fountas® 3, Kyriacos Nikiforou® 3, David Bhowmik?, Murray Shanahan# &
Anil K. Seth@ 125

Despite being a fundamental dimension of experience, how the human brain generates the
perception of time remains unknown. Here, we provide a novel explanation for how human
time perception might be accomplished, based on non-temporal perceptual classification
processes. To demonstrate this proposal, we build an artificial neural system centred on a
feed-forward image classification network, functionally similar to human visual processing. In
this system, input videos of natural scenes drive changes in network activation, and accu-
mulation of salient changes in activation are used to estimate duration. Estimates produced
by this system match human reports made about the same videos, replicating key qualitative
biases, including differentiating between scenes of walking around a busy city or sitting in a
cafe or office. Our approach provides a working model of duration perception from stimulus
to estimation and presents a new direction for examining the foundations of this central
aspect of human experience.

Roseboom W., Fountas, Z., Nikiforou, K., Bhowmilk, D., Shanahan, M., & Seth, A.K. (2019) Nature Communications
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Image classification

Convolution Fully connected
A
g 1 » Categories
>
" Dog
Tree
= Cat
- - Face
] etc.
9 -
LO (Input) L1 L2 L3
512x512 256x256 128x128 64x64 32x32 (Output)

Le Cun et al (2015) Nature



DCNN ‘receptive fields’

Kriegeskorte (2015) Guclu & van Green (2015)



computational model
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human experiment

e videos of (objective duration)

1-64 sec

e 4290 trials ~= 55 hours of data

e each participant completed up +—'—8~5——~
to1 houroftrials o

e eye tracking also measured

Roseboom et al (2019) Nature Communications



subjective duration
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Roseboom et al (2019) Nature Communications



computational model
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Roseboom et al (2019) Nature Communications



computational model
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effect of context

Humans

Mean deviation by scene (%)

m City » Campus & outside » Office & cafe

Roseboom et al (2019) Nature Communications
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iImaging experiment

e videos of (objective duration) 8-24 sec

e city scenes and office scenes

40 participants

* record estimated duration and calculate scene-wise bias

Sherman et al (submitted)



neuroimaging study

imaging
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Trial Sequence
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 —
0 8 16 24 32 40
seconds

Intertrial Interval Naturalistic Video 8-24 sec 250 - 500 ms Until Response
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A. Naturalistic videos and ratings
scale, presented while subjects were
scanned using fMRI.

B. Participant-wise relationship
between real and estimated duration,
w/ mean and (dashed) line-of-unity.
C. Relative over/under-estimation for
office vs city scenes (+/- SEM)

A. Relationship between real and
model-estimate duration (with line-of-
unity).

C. Relative over/under-estimation for
office vs city scenes, for model

Sherman et al (submitted)



model-based fMRI

Naturalistic Video 8-24 sec

1. Collect behavioural
and neuroimaging data
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Sherman et al (submitted)



model-based fMRI

Office scenes

City scenes
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model-based fMRI
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study three



A predictive processing model of episodic memory and
time perception

Zafeirios Fountas'?, Anastasia Sylaidi®, Kyriacos Nikiforou?, Anil K. Seth®®,

Murray Shanahan?, and Warrick Roseboom®

! Emotech Labs, London, UK

2 Wellcome Centre for Human Ne I of Ne logy, University College London,

London, UK
3Spikc Al Research Labs, London, UK
4 Department of Computing, Imperial College London, London, UK
5 Department of Informatics and Sackler Centre for Consciousness Science, University of Sussex,
Sussez, UK
8 Canad I for Ad: d Research (CIFAR) Program on Brain, Mind, and

Consciousness, Toronto, Ontario, Canada

March 28, 2022

Abstract

Human perception and experience of time is strongly influenced by ongoing stimulation,

memory of past experiences, and required task context. When paying attention to time, -

time experience seems to expand; when distracted, it seems to contract. When considering Zafe I rIOS FO u ntaS
time based on memory, the experience may be different than in the moment, exemplified

by sayings like “time flies when you're having fun”. Experience of time also depends on

the content of perceptual experience ~ rapidly changing or complex perceptual scenes

seem longer in duration than less dynamic ones. The complexity of interactions between

Fountas, Z., Sylaidi, A., Nikforou, K., Seth, A.K., Shanahan, M., & Roseboom, W. (in press) Neural Computation



time and memory

 computational model integrating hierarchical predictive
coding, short-term plasticity, spatio-temporal attention, and
episodic memory formation and recall

* behavioural (online) experiment with ~13,000 participants

* test whether model can replicate influences of
(i) cognitive load
(i) scene type
(iii) prospective vs retrospective judgement

Fountas et al (in press) Neural Computation
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Block et al (2010) Acta Psychologica



Screen 1

~1 37000 pamC'pantS, each _ prospective variant _ retrospective variant
perfo rm I n g o n e trl al .. Instruction 1 ( Instruction 1 ) Low
Tell us how long you think the duration of the video was. To the best of your ability, use the cues in the video to cognitive
p ros pect i ve vs ret ros pective Note: Please fry not to count inside your head while estimate approximately what time of day the video was load
watching the video. taking place.
high vs low cognitive load mistruction2 o ety Tw . High
To the best of your ability, use the cues in the video to To the best of your ability. use the cues in the video to cognitive
. determine whether the person recording the video is determine whether the person recording the video is load
q u | et VS b u Sy Sce n eS \ traveling by themselves or with another person. ) | traveling by themselves or with another person. )
estimate duration
Screen 3
‘What time of the day was the video taking place 0o =
(just the hour from 0 to 24)? <
How long do you think the video lasted for (in seconds)? = 0.0 v
Were you counting inside your head during the video? (Please be
honest, this will NOT affect your HIT performance.) Yes/No
(high load
Was the person recording the video travelling alone? Yes/No g

1-64 seconds Did you suspect (or know) that we will ask you something about the
duration of the video? Yes/No

If yes, were you counting inside your head during the video? Yes/No

How did you find the initial description of the rask? Completely clear/.

Is English your first language? Yes/No

Fountas et al (in press) Neural Computation
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Fountas et al (in press) Neural Computation



computational model: memory formation
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Fountas et al (in press) Neural Computation



Semantic memory

Subjective timescale (AT)
(rate of salient change)

—— Generative model

L r - » Inference model
V —— Episodic memory
Real timescale (At) structure

start=p 1 node
4 nodes
'YX ) 6 nodes regression
\ time in
T \ ® 7nodes seconds
8 nodes
Full episodic memory Probabilities of recall Nodes recalled from Nodes fulfilled from
(current episode in black) of connected nodes episodic memory semantic memory

Fountas et al (in press) Neural Computation



computational model: demo
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0 04
Recalled tree Recalled tree in frames

Fountas et al (in press) Neural Computation
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summary

e study 1: accumulated salient perceptual change provides a
sufficient basis for human duration estimation

e study 2: this applies to the brain too, in a modality specific
way
e study 3: extension of model to include episodic memory

formation, to account for prospective vs retrospective
judgements

Roseboom et al (2019) Nature Communications
Sherman et al (2022) BioRXiv

Fountas et al (in press) Neural Computation



dreamachine &
perception census
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Brion Gysin

“You are the artist ... what the
Dreamachine incites you to see
is yours.”

From Flicker (1997), dir. Nic Sheehan



stroboscopically-induced hallucinations

 Lucia No.3 strobe light

» see most effects between 8-20 Hz J) l
 EEG data ’s'hows substantial entrainnit *n

e EEG daté!.;hows potential increases in d@Mmplexity/entropy [ .

A
A

Schwartzman et al (2019) BioArXiv
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1. Colour perception — hi & ni

Ishihara test — report what number is presented

Favourite colour — pick preferred colour

o N EEE EEE
[ BT [ S | e |
EEE EEE CEE =

2. Imagery —vi, hi, ni

Imagery snapshot — self-report of imagery vividness

How vivid is your mental imagery?
1-10 scale: no mind’s eye to as vivid as real perception

How vivid is your auditory imagery?
1-10 scale: no mind’s ear to as vivid as real perception

vi = visual impairments
hi = hearing impairments
ni = no impairments

3. Classic Psychophysics — hi, ni
Visual size illusions — adjust size of the orange objects

()
Q@
20

Vernier acwty - report mlsallgnment of the top line

x ‘\/ ’

V }

4. Anomalous perception
vi hi & ni

White Christmas task —
report if you can hear WC

L

VEARs - report experience
of sound

5. Time perception

Vi hi & ni
Sound duration estimation Video duration estimation
H =
H W W .
I . SR

Seconds.

6. Information sampling — hi, ni

Event segmentation task

7. Phenomenological control — vi, ni

Suggestibility primer
Participants will be asked to use their imagination

to create a certain experience. After that,
participants will rate the report on their
experience.

8. Synaesthesia — mostly for ni, some for vi &
hi

Synaesthesia quiz — explain synaesthesia is and
outline different forms and ask people which, if any,

t
Do letters have Q
personalities? D

Do letters have CFPa
colours? %( 1

9. Beliefs about consciousness

2 items from the beliefs about consciousness
survey

Baykova et al (in progress)



summary

e study 1: accumulated salient perceptual change provides a
sufficient basis for human duration estimation

e study 2: this applies to the brain too, in a modality specific
way

e study 3: extension of model to include episodic memory
formation, to account for prospective vs retrospective
judgements

e dreamachine: a large-scale art-science project, and survey of
perceptual diversity

Roseboom et al (2019) Nature Communications
Sherman et al (2022) BioRXiv

Baykova et al (in progress) Fountas et al (in press) Neural Computation



‘A brilliant beast of a book.”
DAVID BYRNE

A New Saence of Consciousness
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The Sunday Times Top 10 Bestseller
A Financial Times Book of the Year
A Guardian Science Book of the Year
An Economist Book of the Year

A New Statesman Book of the Year

A Bloomberg Book of the Year

“An exhilarating book: A vast-
ranging phenomenal achievement
that will undoubtedly become a
seminal text”

Gaia Vince, Guardian (Book of the Week)

“A brilliant beast of a book”

David Byrne

www.anilseth.com
@anilkseth
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