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RESEARCH ARTICLE

Could a Neuroscientist Understand a
Microprocessor?

Eric Jonas'*, Konrad Paul Kording®”

1 Department of Electrical Engineering and Computer Science, University of California, Berkeley, Berkeley,
California, United States of America, 2 Department of Physical Medicine and Rehabilitation, Northwestern
University and Rehabilitation Institute of Chicago, Chicago, llinois, United States of America, 3 Department of
Physiology, Northwestern University, Chicago, lllinois, United States of America

Yuri Lazbnick’s well-known 2002 critique of modeling in molecular biology,
“Could a biologist fix a radio?”
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JONAS, ERIC; KORDING, KONRAD PAUL (2017) “Could a Neuroscientist Understand a Microprocessor?”,
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We find that many approaches in neuroscience,
when used naively, fall short of producing a
meaningful understanding.

JONAS, ERIC; KORDING, KONRAD PAUL (2017) “Could a Neuroscientist Understand a Microprocessor?”,
PLoS Computational Biology, vol. 13, no. 1, pp. 1-24
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Neuron

The Challenge of Understanding the Brain:
Where We Stand in 2015

John Lisman'-*

1Biology Department and Volen Center for Complex Systems, Brandeis University, 415 South Street, Waltham, MA 02454-9110, USA
*Correspondence: lisman@brandeis.edu

http://dx.doi.org/10.1016/j.neuron.2015.03.032

Starting with the work of Cajal more than 100 years ago, neuroscience has sought to understand how the cells
of the brain give rise to cognitive functions. How far has neuroscience progressed in this endeavor? This
Perspective assesses progress in elucidating five basic brain processes: visual recognition, long-term mem-
ory, short-term memory, action selection, and motor control. Each of these processes entails several levels of
analysis: the behavioral properties, the underlying computational algorithm, and the cellular/network mech-
anisms that implement that algorithm. At this juncture, while many questions remain unanswered, achieve-
ments in several areas of research have made it possible to relate specific properties of brain networks to
cognitive functions. What has been learned reveals, at least in rough outline, how cognitive processes can
be an emergent property of neurons and their connections.
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Neuron

20174 Neuron

Neuroscience-Inspired Artificial Intelligence

Demis Hassabis, "> Dharshan Kumaran,'-® Christopher Summerfield,'-* and Matthew Botvinick'-2
DeepMind, 5 New Street Square, London, UK

2Gatsby Computational Neuroscience Unit, 25 Howland Street, London, UK

SInstitute of Cognitive Neuroscience, University College London, 17 Queen Square, London, UK

4Department of Experimental Psychology, University of Oxford, Oxford, UK

*Correspondence: dhcontact@google.com

http://dx.doi.org/10.1016/j.neuron.2017.06.011

PAST PRESENT

- REZEE - ER FUTURE
(Convolutional network, - IEV—FERE(BR) « Imagination
drop-out) - {EXECIE (HIEE. BEEIH) * Planning

- 5&{EZFE (TD-learning) o UFTRADAEY

18



S EA PN

1. [FHRNEREMEL TR

2. ENIMIEREA/A—D T EDRIE DT

3. ENRIEREAA—D T DA EER

4. EMNNTEREAA—D VT DA E:EHE

5. bt
6. TLH

BRA A= T—2DME

19



\\V4

A

BB T DI HDIRR IR ET

« IHEZE

TEERMCROPOTOERZHRT S,

o VATLMERT GRIHMARERESE)

TERERETIORT—ILDORETAO XN IGEERERARS,

B IRy

TR R LEMRE R OB RERND,

« MRERTF

BIEFEDMET A DOREIRIEZRRD,

- FTEMHRERZ

AREERATOFRLEREISOVTHOERMIBIR

20



E MEBEREA A =220 1 DN OO RXST —) LBl O#EA

neuron columns

Hypercolumn (ice cube)

10um 100pum 1cm 10cm

K )
K Y ) Y

micro-scale macro-scale

21



E MEBEREA A =220 1 DN OO RXST —) LBl O#EA

neuron columns

Hypercolumn (ice cube)

10um 100pum 1cm 10cm
k ) K )
f f

BREEZMNFiE ERRA A—D T
1 DFEFIIE IO iR e = IEEEIES (> 100,000)
» HEOELNT—H = HOEWNT—4
= FEESL w  HIEITEE L
" BT » EMYRR. BREBA. EERE
m R E7EETA = B {KS/N—

22



& MEEEA A — > TR (CHRIF SN BD1%E|

o YYUAORT—ILIGINERDMEFERILLED

BIZIL., EADZT5M

X

ZERTHILA-TvEDS

» BEREEFMRICEY A REGREES A DK IGHER,
» EMNEFR DINEREZSRAND L AT HTE,

=




£ MEBERE A X — = > D D EF DA ENE

A Va &=k 19904E ~ <HyOarob—L1 20055 ~

Auditory

(J.Gore 2003 modified)

i 175 5 4% 55t TLA T A B—T—R

SIGNAL SIGNAL FEATURES
ACQUISITION

(B TRANSLATION DI' FICE
WACTLUIE | o o s IN»

. )

#m@ﬂﬁ#&ﬁ%! ‘Cli?&(“ﬁfnﬁ;ﬁ”l-&ﬁ
Eﬂ:%jj_ff =i ,ﬂ“@jj_,zt"n X %Eﬁo)jj_liin X ﬁ#*ﬁo)jj_lii i




E MEgEEA A -2 DO F—FDEYIFT—4 - A—=T>2V—X1k

Collect unprecedentedly large amount of data of brain and shares the
data for general reuse in exploratory data-driven neuroscience analysis
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Human Connectome Project  Neurosynth MyConnectome Project

aims to provide a unparalleled is a platform for large-scale, ~ has characterized how
compilation of neural data automated synthesis of fMRI  the brain of one person
www.humanconnectomeproject.org http:/neurosynth.org changes over the course

Van Essen et al., 2012 Yarkoni et al., 2012 of more than one year
http://myconnectome.org/wp/
Poldrack et al., 2015
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