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Parallel Parking: Deterministic Algorithm

while (x > x,) go back; Notsmart/robust

» Optimization tough ",
while (6> OO) tum; « Sliding problem

Optimization goal: Learn x, 6, ...
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Parallel Parking: Deterministic Algorithm

while (x >x_,) go back; Not smart/robust
* Too restrictive

while (6 >6,) turn; |
L * Many correct solutions

Optimization goal: Learn x,, 0,, ...
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Parking: where our journey starts

w® wm = = Whenwepark:
5 &

gs « do it differently

@ @ @ @ « adapt to environment

(http://www.bbc.com/news/magazine-22350646)

Raspberry Pl with
accelerometer and gyroscope
Sonars

. 4
Tt X
8 -
~

Carma Board running

Ubuntu & ROS What can we learn from
Bumbers biological systems to do
better engineering?
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Capturing freedom: Neural Network
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Neural-Program Controller

Ontology O: NN of guard dependencies
e nwhile: Between neural-switch decisions

nwhile (x > X,,0,) go back;
nwhile (6 > O,(x),0_(x)) turn;

Gaussian-Bayesian Network to learn the parameters

J" u m Cyber-Physical-Systems Group
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Parallel Parking: Neural Program Sketch

nwhile (currentDistance < targetLocationl, sigmal){
moving () ;
currentDistance = getPose();

}

updateTargetLocations () ;

nwhile (currentAngle < targetLocation?2, sigma2){
turning () ;
currentAngle

}

getAngle () ;

updateTargetLocations () ;

nwhile (currentDistance < targetLocation3, sigma3){
moving () ;
currentDistance = getPose();

+
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Neural-Program: Learning

Gaussian-Bayesian Network (GBN):

. bo1 ( > b3 . ba3 ( ) bs4 . bes . b7e .
a1 8%)

Learn parameters of GBN from
good traces:

1. Convert the GBN to a MGD (multivariate Gaussian distr.)
2. Update the covariance matrix 3-' of the MGD
3. Extract sigmas and b;s from precision matrix T=3

e m‘—T )
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Neural-Program: Learning

Iterative learning procedure:
Incrementally update mean and covariance matrix of the prior

Mean update: 2”‘ x N
X = “==h=1
m
(m+1) <
_ ™ imx 1 _
Xm+1 = o xm +_(x(m+1) _xm)
m+1 m+1

Covariance update:

S = 2 (X —x)(x™ %)

. (m+1) <o (m+l) o T
s+1—sm+(x —xm)(x —xm+1)
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Pioneer Rovers: Normal2, Water, Paper
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Emergent Behavior in Cardiac Cells

EKG ¢ b _J/WY}(M\AWW

Ventricular Ventricular
Tachycardia Fibrillation

Normal Heart Rhythm

Surface e \
\ m
)‘{ A

-85 nV 20 nY

Mapping

-85 n¥ 20 nY

F

Arrhythmia afflicts more than 3 million Americans alone
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Excitable Cells

Generate action potentials (elec. pulses) in
response to electrical stimulation

* Examples: neurons, cardiac cells, etc.

Neurons of a squirrel

Local regeneration allows electric signal University College London
propagation without damping % F e

Building block for electrical signaling in
brain, heart, and muscles

Artificial cardiac tissue
University of Washington
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Single Cell Reaction: Action Potential

Schematic Action Potential

Membrane’s AP depends on:

Stimulus (voltage or current):
* External / Neighboring cells nonlinear

Cell itself (excitable or not):

()
* State / Parameters value §
>
' - : . Threshold
Tissue: Reaction / diffusion ‘ resho
au Eg failed initiation \
—=R(uw)+V DVu 5
( ) ( ) . Resting potential K_/
time

Behavio Reaction
In time

A 2
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Good Old Artificial Neural Networks (2"9 generation)

n . . . .
V, > W, CENOIIRAYS ®_  nonlinear activation function
V (W e
n n artificial neuron
0O000086C00600000
(NN ZAL L))
222223223222222J
p(“0”) 3333%33337333333
V > W, > HHMY $HQFEYY LS 4 4 ¢
1 1], . SsFS sy S SssE5S5sSS
: 0(“9”) 66666666L66666G6
77%19771721777) 7
Vi W, > > FFISIST85985%587
15779959989a4979
MNIST dataset

artificial neural networks
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C.Elegans as a Model Organism

2mm

< >

Human Brain
* 86 billion neurons

* 10 trillion synapses
. 25000 genes « ~7000 synapses

« 20000 genes
 Known connectivity

C Elegans Nervous System
« 302 Neurons

Striking Similarity

- Neuro-transmitter

- lonic Channels

- Developmental genes
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C.Elegans: Tap Withdrawal Response

Wicks et al., 1996
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C.Elegans: Neuronal Dynamics

Gap-Junction

Leakage

Chemical
Synapse

Stimulus

Dynamics of it" neuron’s membrane potential

leakage current + gap-junction current
+ synaptic current + stimulus current
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Modeling Neuron

 Leakage current
Current flowing out of neuron j given by:

Ieak g / ( leak; i )

g, : leakage conductance of neuron / @_>
V... - leakage voltage of neuron i /

Ieak,.

Gap-Junction
current flowing from neuron j to neuron i is given by:

~ . . . jj ———>
g . maximum gap junction conductance @ _ @
a“) . number of gap-junction connections @
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Modeling Neuron

 Chemical Synapse

Synaptic current flowing from pre-synaptic neuron j to post-synaptic
neuron / is given as:

l.
. i :
J "\
ly = &g, (V) )(E; =V)) Q , Q

9,(v)) = —

—4.39(
1 + e VRANGE

)

E, . Reversal potential for synaptic conductance of neuron j
g

: maximum synaptic conductance
> Equlibrium potential of V,

: Y m—T - :
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Model for TW Circuit

The dynamic of i-th neuron of TW circuit:
Circuit Output

Cm dt /eak +ZI + Ilj +Ist/m Y J- ( AVB AVA )dt

T : start time of stimulation

l... =9V, —V) (Leakage Current)

. T.: end time of stimulation
I,=a,9(V.-V,) (Gap-junction current)

I,.j = 0,9, (\/j )(Ej —V.) (Synaptic current) Y >>0: Reversal
g Y<< 0: Acceleration
%)= V.-V, Y ~0:NoR
1+ exp(—4.39( I EQ ) . NO Response
RANGE

C_ . Capacitance of neuron i

| . . Stimulus current applied only to

stim
Sensory neurons

3 o m w 32' .
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Model Checking for C.Elegans

Given
°* M(x,p) — mathematical model of TW circuit
* Xx — state vector
°* p - parameter vector
Find
* range of p s.t. M(x,p) = 1)

Behaviors in Temporal Logic
* Reversal:

¢:Vtell, 1V, (t)>

AVA( )

* Acceleration:
O Vte[T,T] AVB(t)< AVA(t)

 No Response:
¢ VEe[T,TLIV, 5 (6) =V, 5 0) IOV, (t) =V, ,,(0) < 0

. m \r _ e
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Reach Tube Computation

Finite covers of initial set
Simulate from the center of each cover

Union of all such tubes gives an over-approximation
of the reach set

-0.01r -0.02 ¢
I AVA Tube
I AVB Tube -0.021
0015¢ -0.022
_ 0 —refinement 0.023]
S -0.02} =
[0 ~_ L
g g 0-024 W AVA Tubs
$-0.025f 8 0.0251 I AVB Tube
(@]
>
-0.026 |
-0.03}
-0.027}
0.035 , , , , -0.028 |
0 001 002 003 004 005 006 007

Time (s) -0.029

0 0.01 0.02 0.03 0.04 0.05 0.06 0.07
Time (s)

Rev. property satisfied with 6 =5e -5
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Tap Withdrawal: ODE Simulations

0,018 e T

_ODE

— ava
| — avs

[— ava
| — avB

Is nature like this?

~0.030 j i i i i i
0.00 0.02 0.04 006 0.8 010 0.12 0.
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Tap Withdrawal: Simulations with nwhile

—0.016

ODE Neural Program: One execution

| — AVA

: : : : : | — AVA
: : : : : | — AvVB : : : : | — AvVB

0,020

> =0.022} A N/ (R [N e S S i > Ho BT 11 a6 | S T IRSRE B Lo B
: VI 3 ol f

= : : : : : k=1 B :

S : : : : : : S : : :

2 : : : : : : 2 : : : :

& =0.024f e AN & il R SRR

—0.026 )|t

—0.030

—0.014

[— Aava - [= A

L — AVB
—0.016} - R Foreeees o L ;

Is nature like this?

- s

—0.020

20022} ]

tential, V

How to account
parameter variance
in simulation?

—0.024}

0.026 ][]

~0.030 j i i i i i i i i i i ; i ;
0.00 0.02 0.04 006 0.8 010 0.12 014 0.16 0.00 0.02 0.04 006 008 010 012 0.14 0.16

Time, s
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Tap Withdrawal: Simulations with nwhile

Biological model:
VO Vi — VO SN 05+ 18y + 1)

stim

dt RO )
. . . (1)
KD = wil) g8 (v - Vi) )
190 = wi) g§) (B0 — v (3)
ii ; gs n
gy (VD) = . (4)

vU) — Ve,
K| ——
Vrange
1+ e

Neural Program:

1: nwhile ( t < tg,,, 0)

2 compute Ig(-gg using equation 2
3:  nwhile (k< wi), 0)

4: nif (VU) < Vey, K/ Viange)
5: gs()gr? — gs%) + 8syn

6 compute IS()',J,,) using equation 3
7 compute dV{) using equation 1
8 V() « vi) 4 gv(i)

9 t < t+dt

We explicitly allow controllable variance in the program

Cyber-Physical-Systems Group



Tap Withdrawal: Simulations with nwhile

—0.016

ODE Neural Program: One execution Neural Program: Average
- T = T = an
1 | | 1 1 | — AvB § } | — AvB } } ; ‘ | — Ave

| — AVA

0,020

—0.022} A N/ (R [N S S SR i

Potential, V
Potential, V
Potential, V
T T

—-0.024f | i

—0.026 )|t

—0.030

i i i i i i i i i i
Time, s Time, s Time, s
—0.014

[— Aava - [= A - [— A

j j j j ‘ | — AvB | — AvB
—0.016} oo i o Foreeees oo o ; B

- s

—0.020

0,022} b

Potential, V
Potential, V
T
Potential, V
T

0.028) ]

0.026 ][]

—0.028[ e\

—0.030 i i i i i i i i i i i i i i i i ; ; j i i
0.00 002 004 006 008 010 012 0.14 0.16 0.00 002 0.04 006 008 010 0.12 0.14 0.16 0.00 0.2 0.04 0.06 008 010 012 0.14 0.16
Time, s Time, s Time, s
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Artificial versus Real Neurons

CombaeraCit €,
_|__
V%Z

@, . M)
N V o, My 1
i CAORAYS 1f>F . . L
5 > 5 .
V W s V_é'q)cn,un(vn)

=
\/ _<.

artificial neuron E_ e
real neuron
Vi= Ek:1, k¢iq)0k, i, V) w, (E, =V)
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Neural-Circuit Controller

while (true) { [Prporionalct]  for (i=1w,) {

X =x1+wx1(xo—x1)dt s=(x,>Xx, 0)?70:1
0, =91+CI)G,XO(X1)W91(90—91)dt d+=75s

}

“ m Cyber-Physical-Systems Group




Pioneer Rover with Neural Circuit Control

Automatic Parking inspired by part of the mechanosensory neural circuit

Excitatory Synapse —#

Inhibitory Synapse —

Cyber-Physical-Systems Group



Pioneer Rover with Neural Circuit Control

Automatic Parking inspired by part of the mechanosensory neural circuit

D -

— AW
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Why is the entire circuit so complicated?

' n M Cyber-Physical-Systems Group



Why nature does not make it simple?

Resting: -28mV

Cyber-Physical-Systems Group



Why nature does not make it simple?

—— AVA AVM-AVD and AVD-AVA
— AVB AVM-AVD and AVD-AVA

Voltage/mV

000 002 004 006 008

Time/ms

3 s b - ‘ = L - I -
£V i b e Cyber-Physical-Systems Group




Cycles in Neural Circuit
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Why is the entire circuit so complicated?

- - - -
- - - w - .- e = wwwoamww = o
- P ttdathadiadiad
-
-

-
~ -
-----------

Voltage/mV

------ AVA desired
------ AVB desired
—— AVA actual
—— AVB actual

0,04 0,06 0,08
Time/ms
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C.elegans Nervous System Modeling

Why is the nervous system of the nematode designed by nature the way it is?
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ol oRIH PR g epacL FABEL °A gPOERMAIHR o 4
5 SURXL _eASKlgaskp “APE SPDERCSAVG oh
@AFBR eOLL oriPALNL ®SDQR VHRHSNR SLUAL
®UR SANAAGE .:gxf\_l!-” ®PVWR
@AIYL i IS ®PVNR
o & ARB @ADAR ®ASRVR ® L
SUResyRAny | e eRICL 'A?;IV:P id ®PVVWpyCR
oL, v ommﬁ’ﬂ& {;JRYDR SRIGRAIEL ®SAAVL
W Gon ®A
SSMBVFRMFL L 2N SVAIR
eoiLiDL o®BHEER Shivi ®SAAVR L DA
Rers sRIGAHER, Y Uiceovs evcoz
®iL1DR ©SI8RNDR VMVKL ®AVL
®R
oRMGkPL SHIBHoL ©SMBDL o ®AVBL emA{B11 ®VBO08 4yco3
oHRHBR WAL v <SR ®AVBR ®VB10 o
©RMED ®
\ PbsiBvR 07 ovgﬁ\;\%gZ =06
RMBDE. o osABE ", a1 B - *VB03
SRMDR .xwm 8°DBYh ox EVB042VBO5
®RMDVARMDVRsiDDL
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M
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svpoa “VDO8
D02
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C.elegans Nervous System Modeling

Model of a Neuron

K Channel
SK Channel Ga’ Pump

Leak Channel

Stimulus

Neuron

_[

Presynaptic ]

Calcium Buffering

1
kf syn
CCI,Z + B = CaB

ky,

1 Stimuli

[ Postsynaptic Neuron ]

m ‘r
i =7, m‘i‘?f?i i

Cyber-Physical-Systems Group



C.elegans Nervous System Modeling

Model of Synapses

Chemical Synapse Gap Junction
= i .
! J JV
05 g j“k
Presynaptic Postsynaptic Presynaptic Postsynaptic

HNsyn=nlij Glsyn /1+ el— (ViPre —Vishift) /Virange (Elsyn —Vipost)
HNgap=nlgap Glgap (Vipre — Vi,

b L . ‘r

T [ 74 Y . - ical-
) =il 0 Cyber-Physical-Systems Group



C.elegans Nervous System Modeling

Model Implementation Unpublished

The neuron

N~

S

G2 Jlin > <
E)
3

: Cm

luealzf ] " - /

Clm dV/dt =— (liCa+ K+ INSK +1iLeak )+ Y T#ENSyn +
N HNgap + [LStimuli
T AR s O i
T [N 7 A v . - -
/il =i Cyber-Physical-Systems Group



C.elegans Nervous System Modeling

Model Implementation Unpublished
The neuron

Features:

v" Monitoring the dynamics of every single ion
channel current together with its parameters and
specially observing dynamics of intracellular
calcium concentration of a neuron.

v' Easy access to the channel parameters such as I ‘
lonic conductance, equilibrium potential of '
channels, gate rate functions, time constant of the
activation and inactivation of a gate.

v' Easy access to the membrane capacitance and (e
resting potential of the neuron. |

v’ capable of adding stochasticity to the system. j

e m“—T ) N

S0y e 1 ; =) 8 - i =
i Cyber-Physical-Systems Group



C.elegans Nervous System Modeling

Model Implementation Unpublished
The neuron — Response of a Single Neuron

File Tools View Simulation Help

- 0P® - Q-1 Fld-

[Lirk
Applying current stimuli to a single neuron S SR S ——
and observing its membrane potential and - e
its intracellular Calcium concentration 400 s T TE

@- 40P E

" Ving
in Vv L
o P linput = ‘
Cain vin 0 w 2 3 ‘ 5 s 7 3 o
‘ Ready Offset=0  T=10.000
Pulse1
oooo ICa> > File Tools View Simulation Help ]
— P Ichem 9- 6OP® = &-F- .
|K> Cain Q- 30P® 2-Q-- FU
Signal
Generator1 0 T Isk >
Constant6 > lgap
PLM2

Ready Offset=0 | T=10.000

ﬁ ?‘ S i Cyber-Physical-Systems Group




C.elegans Nervous System Modeling

Model Implementation Unpublished
Synapses

By Changing £Yc/em we can set excitatory and inhibitory synapses

/H h

R X
Excitatory Synapse D Echem o ¢ [ien *CD) o
Divide1
Vpost
D
n -
Vpre 0 ‘ o

Inhibitory Synapse

Vpost Ichem

Vshift -
vpre 3 Divide2 ee
Vpre Vrange 1
k ¢ /

/f@ ) )
Vpre Vpre . ED
Gap Junction R e
Vpost q
Product2

n
1.02 |

Ggap /
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C.elegans Nervous System Modeling

Model Implementation Unpublished
Synapses

Features:

v" Monitoring input voltage and output current of a synapse ijre

v Easy access to the parameters of synapses such as: Number

of synaptic connections between two neurons, Synaptic weight, yvpre
Shift and range voltages of the synapse. i_vmst 'ChemF

v’ Set the level of excitation and inhibition of a chemical synapse Vpre
by varying £lchem. Vpost Iga

] Y L ‘r

fo A Y - ical-
A T Cyber-Physical-Systems Group



C.elegans Nervous System Modeling

Neural Circuit Implementation ) T
Tap-Withdrawal Circuit ; | Unpublishe

A Simulink tool for
implementing neural
circuits has been
developed.

Thews Cwnm | G | G Goens

j.. =iy
g

g~
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C.elegans Nervous System Modeling

Neural Circuit Implementation T
Tap-Withdrawal Circuit Unpublishe

AVM File Tools View Simulaton Help ~ File Tools View Simulati>n. Help ~

@- 30 P - aQ-@- FiA- ©- 0P F- AQA-E- FA-

File Tools View Simulation Help N

@- 40P ® - Q-0 FH-

2 S & 0O on A A O
| n & 8 6 3 & & &
(Y -

T=30.000 Ready T=30.000
- — e

[

-

ile Tools View Simulation Help ui File Tools View Simulation Help ™

- B0 P - A FA- @- 30 P Q-0 FA-

Jéir

H &

Ready T=30.000

[Cal2t

7 ave
N
28 N /
3 ea T=30.000 iﬁeady T=30.000
1 — 4
6 A\ \ ) B . ) - . ;
Forward _ % 2 Ju Backward Tools View Simulation Help | File Tools View Simulation Help
Movement y4 . . Movement " = - =
w || @- 40P - aA-@- F4-
) - " 10 T \\ |
BYC 2 &
17 B
8 6 3 Y
2
ALM r 1 ~ &
2 2
— 2
AVM 0

fluorescence intensity

/ ;aﬂ? . - Cyber-Physical-Systems Group
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Spiking Neurons in Hardware (TrueNorth)

How to capture leaky-integrate-and-fire (LIF) behavior
in hardware?

TrueNorth Neural Model from IBM:
* developed specifically for hardware implementation

* does not use floating point computations o
* extends the LIF model

14
(=)
Out ® e
534

s2[0 00 0 00 000 0 O @ 0 o o0 0 O DOO0O

s1 - ® ® neurons either spike or not e 3

sO F 0 60 00 6 06 0 & o 00 o 0000

. only synaptic
0 10 20 30 40 50 connections
(Cassidy et. al. 2013)
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TrueNorth: Extension of LIF Model

Synaptic Integration:
* Take into account outputs of other neurons

Leak Integration
* Model energy loss over time (absence of input)

Threshold, Fire, Reset:
* Fire a spike if membrane potential

exceeds threshold

Spike

@ Cyber-Physical-Systems Group




TrueNorth: Extension of the LIF Model

Synaptic Integration:
* Weighted sum of inputs / probabilistic sum
* Integer weights

probabilistic flag random sample

\>~

V() V]_(t_l)+2inj [(l—bj)wj +b,-F(w,, p)-sgn Wj)}

N/

Membrane Potential weights
(integer)

(Cassidy et. al. 2013)
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TrueNorth: Extension of the LIF Model

Leak Integration:
 Standard / leak reversal mode
 Energy loss captured by leak weight

: : leak reversal fla
leak direction g leak weight

gll — (1 — 854'\:9]- -Sgn (I/](t))/ random sample

08 09(1c)-3ee, FLp)san()]

probabilistic

Spike
mode flag

2nd step of Neuron Computation _
(Cassidy et. al. 2013)

Cyber-Physical-Systems Group




TrueNorth: Extension of the LIF Model

mask (if 0 computation i:

77]' eIO&M o deterministic)
Stochastic ~ [V (30 17
component R et S positive threshold
SPIKE o
— rest vaiue
V() o(y,)R(6)+
Threshold, Fire, Reset: 3, =DV, (0=(@, 1))+
* Positive / negative thresholds 5(;/]__2).1/],(0 negative threshold
* Reset modes: ) e S e e LT gremmmmmmmm s
* Normal 7=  elsei K + l-x)]| ¢
e Linear y=1 L----f. __________ ;::_L'i_____(_é ______ ) _( _____ J_)_:|__.!
* Non-reset /=2 —M?_@ﬁﬂ—é‘(}/j)l?](tﬂ

e Reset / saturate behavior

8y, =1)-(V,()-(B,+n,))+
8(7,-2)V,(0)(1-
m ‘:

{27 I'“‘“'""‘ jjﬁ‘_,;n Cyber-Physical-Systems Group

3rd step of Neuron Computation

(Cas’sudy et. al. 2013)




TrueNorth: Extension of LIF Model

Given
* TrueNorth Neuron Model
* MTL specification ¢
* Arun of a system

Cyber-Physical-Systems Group




Building Hardware Monitors with Neurons

Formalizing
requirements

Eng. n~» v

Simplification,
Pastification

v A II(y)

Debug

Simulation
results

Ilo o0 °

nl LN

Neural Circuit
Construction

G50

1

Hardware
monitor _

Simulating
neural circuit

o

1

High-Level
Synthesis of
the circuit

TrueNorth
neuron model
(C++)

Cyber-Physical-Systems Group




Logical Operations with TrueNorth

Combinatorial behavior with TrueNorth Model:
* Impose memoryless behavior
* Find parameter values of neurons
* AND, OR, NOT, NAND, NOR require one neuron
* Example: find parameters for 3-AND

* n3 must fire only when n0, n1, and n2 fire

* Always reset n3 after computation
(memoryless)

* Finding parameters can be stated as ILP

ny

Spike

Cyber-Physical-Systems Group




Logical Operations with TrueNorth

ILP: x - integers

min Cx
min 0 (i.e. find feasible solution) s.t.

s.t. Ax<=B
+X3 <
+s5 +A3 < [
+51 +A3 < 0

No spike & +s1 +s5 +A3 < [ Spike

Reset +50 +XA3 < B
+ 50 +s +A3 < f
+so  +s1 +A3 < 0

M Cyber-Physical-Systems Group



Temporal Operations with TrueNorth

Past STL with TrueNorth Model:
* Constraints analogous to previous (details in the paper)
* Composition of combinational & temporal operators
* Example: “n, since n,” circuit with TrueNorth

no

Cyber-Physical-Systems Group




MTL Monitoring with TrueNorth in Action

7
once gy T2

4

onceg 41 (*) A (*x
(*)and(=x)
oncersy T e

T f

historically[O;S]ﬂd(*

d

1
¢

Simulation

Violation
detection

Hardware
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Deep Learning Solutions for Integrated Circuits

Efficient Modeling of a CMOS Band-Gap Reference Circuit Using Neural Networks
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Non-Linear Auto-Regressive Neural Network with exogenous Input (NARX)
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Deep Learning Solutions for Integrated Circuits

Response of the designed NARX NN behavioral Models
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2-Layer Stack Neural Network Unpublished
Combining the developed behavioral models
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Deep Structure:

6-Layer Time-Delayed Neural Network with 3 delay components
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« 3-input delay components
» layer 1: 50 neurons
« Layer 2-6: 10 neurons each
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