How does It feel to be a neural
network?
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Think (process info)
Learn (adapt to new info)

Remember (store info)

Imagine (generate new info)
Feel?
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How does the mind emerge from the brain?

Ethics debate as pig brains kept alive without a body

By Pallab Ghosh
Science correspondent, BBC News

27 April 2018




WATCH WHAT I CAN : 3]
MAKE PAVLOV DO.

AS SOON AS I DROOL,
HE'LL SMILE AND WRITE
IN HIS LITTLE BOOK.

IP Pavlov

@ that fire together, wire toge@

DO Hebb
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Amari-Hopfield Model




Amari-Hopfield Model
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Ke Jie vs AlphaGo (2017)

Figure 1: Screen shots from five Atari 2600 Games: (Left-to-right) Pong, Breakout, Space Invaders,
Seaquest, Beam Rider
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The Code for Facial Identity in the Primate Brain

Graphical Abstract

1. We recorded responses to parameterized faces from macaque face
patches

2. We found that single cells are tuned to single face axes, and are blind

to changes orthogonal to this axis
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3. We found that an axis model allows precise encoding and decoding of

neural responses
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Highlights
e Facial images can be linearly reconstructed using responses
of ~200 face cells

e Face cells display flat tuning along dimensions orthogonal to
the axis being coded

e The axis model is more efficient, robust, and flexible than the
exemplar model

e Face patches ML/MF and AM carry complementary
information about faces

Authors
Le Chang, Doris Y. Tsao

Correspondence

lechang@caltech.edu (L.C.),
dortsao@caltech.edu (D.Y.T.)

In Brief

Facial identity is encoded via a
remarkably simple neural code that relies
on the ability of neurons to distinguish
facial features along specific axes in face
space, disavowing the long-standing
assumption that single face cells encode
individual faces.

Actual
face

Predicted
(all)



Mean activity

o

SASJL

SPHAR
SAINR, s n
SAINL pasE SALMA
SAIML SHSNL opvM - @PHAL
-amm%L = ®AVFL SPHCR
I8y oL WASEL 9AWBLaweR .mﬁl"mm 4l
DR
oL OURVL GR osDOL & LuARY!
g8 e | ERLYL eASHEHR aPUERANER i
SUR RADE DER ‘Iw
pANEASKR "Cosnon  aiinenn®AYG  SLUAL
- R #PVNA
R : oaoadElwvn om0
oLy H.o;c.mm SURYDR SSAAVL i
SILADL dﬂ? gl Y "‘t SAAVR AR w&h.ﬂé"m Ve
®IL1DR e . SIARR \MWL SAVL
Rﬁ%”‘ SR SEMBOL SAVEL erWBE!! SVB08 v
¢ SRR : oSHHR @AVER oVB10 e
® o Obsisvi

of Jvanr .
R UGW. 3 M:FD%%
X L)
ommﬂﬁuﬂum SSABVR
SRMOVL CEMDDR st - A TA0G
S3ABVL 504

2 VDS
B
SDD0E “DD05
e w%m

VG <0003

1000 2000 3000 4000
Time

1 BRI  ]

5000



Mean activity

o

BASJL

ePHAR
SAMR, As R
oL *ASH =
SALM PHAL
SAIML SHSNL o9
onvibilhamscL SAVFL SPHCR
SILoBy 2 eASEL SAWBRawer .H;QMAI.HL PR PVOR
gy aLUA
nmm- ORI PL
] *B
o e e
PVWIR
CURSLR. auna onoafEXBevR om0
014 M s0VA SPVipveh

ER e S R o

VL
SAVBL epaitET! SVE08 403

g SAVBR  oVB1D 8060
o oW v,
‘m Wm-% ~0S® oveus
sa o 04 VB0S
SRMDVL #SABVR m: o 06
®SABVL Llag ABS04
o
000G =DDO5
i w%m

SVooYBRe D003

i

1000 2000 3000 4000
Time

5000



Mean activity

o

.
UG A

BASJL

SAMR, As R
SASIR
g SALMA
SAIML SHSHL B
envibiliamscL SAVFL
SR WASEL "‘Wlwa:n“ .MMANL
ae scR P os0OL
SAH IH{«GLM oD 'PW
R LeASKR =
BAFDE.

% ®ADAL o

SAIYL S k{4 (e SPVHR

SOLLR SADAR R o ERPIRL

®RICL DVA *PVipvc
.I'-

B " PR, oA

WSAAVL

SFHAR

SPHAL
SPHCR

7 pron

VL
SAVBL e

SAVBR  SVB10

SIABVL

aVCoR
SVBOE L yeng

=081

Bl P IETTS
W.n% SO svana
o] Q4 VEDS
#SABVA W g R0G
DapS DANZ ARS0L

g

Blevi

*DD05

i w%m

SVOGIVEM Y0003

400

Time

600

800 1000



Trophic coherence
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Johnson, Dominguez-Garcia, Donetti, Muioz (2014) PNAS
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Trophic coherence

qg = 0.49

Johnson, Dominguez-Garcia, Donetti, Muioz (2014) PNAS

Klaise & Johnson (2016) Chaos



Trophic coherence

q = 0.49

Johnson, Dominguez-Garcia, Donetti, Mufoz (2014) PNAS
Klaise & Johnson (2016) Chaos

Johnson & Jones (2017) PNAS == ( Elegans: q/(j — 0.42
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Feedback

Coherence ensemble:

Directed configuration ensemble
+
fixed trophic coherence

Johnson & Jones (2017) PNAS
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Johnson & Jones (2017) PNAS



Feedback

Coherence ensemble:

Directed configuration ensemble A
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Feedback

fixed trophic coherence X
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Johnson & Jones (2017) PNAS

Coherence ensemble: @
Directed configuration ensemble A /




Coherence ensemble:

Directed configuration ensemble
+
fixed trophic coherence
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7 > 0 : Loopful regime (incoherent)

7 < 0 : Loopless regime (coherent)

Johnson & Jones (2017) PNAS
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Coherent
Goldilocks

Incoherent
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Mean Activity Volatility
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Networks generated with the ‘preferential preying
model’
T sets incoherence of network

f sets stochasticity of dynamics



Bio models: Incoherent

Deep neural nets: Coherent

Goldilocks

networks?
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Are we robots?




Are we robots?
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Miguel Angel Mufioz
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Virginia Dominguez
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Miguel Angel Mufioz

Nick S. Jones Janis Klaise Ana Paula Millan Joaquin Torres

Thank you for your attention!!
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