3

” 1101

‘ 1:""” ’1’ i

BRAINS in SILICON

Bramdrop: A Mixed-Signal
Neuromorphic System that
Presents Clean Abstractions

Kwabena Boahen*
Bioengineering & Electrical Engineering
Stanford University

Chris Eliasmith

*Cofounder & Chief Scientific Adviser, Femtosense Inc.

26 March 2019



Deep learning 1s huge
—1n the cloud

* Backprop learning is powertful

* Networks deep in space or time

+ Space is discretized into layers

+ Time is discretized into steps

+ Unit’s output must be
differentiable (with respect to
outputs of units feeding it)




Backprop’s constraints
limit design-space

+ Cannot take advantage of:

+ Physical space (its continuous)

+ Real time (its also continuous)

+ Non-differentiable signals

(e.g., spikes)




How do we relax its

COMPUTATION, REPRESENTATION, AND DYNAMICS

COHStraintSP <Part I> IN NEUROBIOLOGICAL SYSTEMS

Chris Eliasmith and Charles H. Anderson

+ Map functional abstractions onto
physical ones

+ Two existing examples:

+* Neural Engineering Framework
(Eliasmith & Anderson 2003)

+ Predictive Coding Framework
(Deneve et al. 2014)




How do we relax its constramnts? (Part 11

Residual Network ODE Network
+ Train networks continuous in time  ° T >
and space 4 ! 4
* Known as dynamical systems ¢ 3\ 1 c 3 ¢
L P $44 4 =P ‘ |
+ An existing example: ?
1 P99 1 $ ! 4
* Neural Ordinary Differential P
Equations (Duvenaud et al. 2018) ° -5 0 5 0757770 5

Input/Hidden/Output Input/Hidden/Output



What's the payolf? L.earning at the edge
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ol Exp101t Physical Vibration: 500 yW
primitives to implement
physical abstractions

Sense
Accelerometer: 6 yW

Neuroprocessor: 100 ywW

@ Compute
+ Reap dramatic gains in
energy-efficiency Communicate

BTLE (1% on-time): 280 yW



Mimnimzing energy
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Minmmizing energy: lemporal sparsity
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Temporal sparsity: Spikes
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Minimizing energy: Spatial sparsity
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Spatial sparsity: Analog convolving
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Digital versus Analog: 1 day versus 1000 yrs

o | 10-6.- 28 nm
4.3B-transistor processor [ {Ng Phl?iOI )
tnick-oxiae
10.35Wh battery : 10-8 - ————
: 2.5 hours
107" 1 day
< 10 days
0210712 100 days
2.74 years
10~ 27.4 years
274 years
1016 2747 years
10—18

0.0 0.5 1.0
Vs (V)




2013 NIPS Demo




Analog Challenge I: Heterogeneity

- All (W/L=160n/150n, 1000 instances) 0" Subthreshold

0.20 022 0.24 0.26
Vis

le-b Above Threshold

0.90 092 0.94 0.96
Vee

0.28

0.98

0:30

1.00




Silicon neurons’

tuning-curves (Braindrop
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Analog Challenge |: Thermal Sensitivity

Thom (1-x)VBg

1, (T) =I gluills %) = oe

OIlOIIl
LVGS B VDS
X 7 6()\1 R 422 ) AVis (1 — e )

* A subthreshold transistor’s current () is
exponentially sensitive to temperature

Il 10

T (°C) O

* T is the absolute temperature

* Ur =kT/q is the thermal voltage

0.0 0.1 0.2 0.3 0.4 0.5 P o e ik
Cross a range, e current cnanges
Vas (V) 8 8

by 1.5 to 3 decades Benjamin & Boahen 2019



Tuning-curves’ thermal sensitivity (Braindrop)
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Approximating functions

f=Ad=d=(A"'A)'A'f

o
f(x,)

* The desired function f(x) is expressed as a

weighted sum of the neural tuning curves ai(x)

+* The weights—called decoders—are labeled d; f(;cQ)

N =3

3to30 < [ /\ }
Braindrop . \
> 0.9 \

neurons at ) \ \/
26°C = [ N




I'hermally robust computation (Braindrop)

h]_ h2

256 Braindrop
neurons from
0 to 38°C
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Reid, Montoya, & Boahen 2019



NEF: Decode-"Transtorm-Encode

Eliasmith & Anderson 2003

| —

g Spike g Decode g Encode

(02, )¢ = [0, 0(Li + Bi)] 6 — S 8, DeR rl = —I + 3, Eidy,, E€ RV*P
Somas emit unit-area deltas Deltas are then scaled by Transform works the Synaptic filters superpose and low-pass
0z, at rates (0, ), dictated by their decode weight and same way as Decode. filter weighted deltas to produce output

their input current /5. merged together. currents (I;) that feed the next soma layer.



Digital thinning and analog convolving

|

9 Decode

<5yj>t = > i Dji (0z,);
el Ly

Ua (L | 5]

Somas emit
delta trains
(as in Figure 2).

Weighted deltas are
accumulated to produce a

stream of unit-area deltas.

[

e Transform

<5Zk>t = Zkaj <5ya’>t
Tl 11k

Transform still works the
same as Decode (Tg; =1
in this example).

[

@ Sparse Encode

7 = —1j | ZkSlchzk
Sl | gllas

e Convolve
.=y d(m Dl

Each accumulator’s deltas
are sent to a subset of
synaptic filters (tap-points).

Filter outputs (I;) are
convolved (I,,) and sent
to the next soma layer.



Somas’ spikes are 0 Q Address-events 9 Decoding vector and buckets’ e Tags are Tags are e

muxed 1nto are translated states are retrieved and the buftfered. translated
address-events. into base-addresses. latter are updated. A tag is into base-
emitted if threshold 1s exceeded. addresses.
‘ . * © |0/Router
|

D3 o — TAT
= = = = fro B

_K

‘ l WM AM | |
o . Q
x 22 0 o a ” ACCUMULATOR
o % = o
2 R I
L C i v O L 4,
<C > S e <C
N
@ Corresponding transtorm’s column and Tags are translated é
assoclated buckets’ states are retrieved, into address-events with
9 Address-events are 9 Filters’ output states updated, and tags emitted. assoclated polarities.
demuxed to excite or currents are

inhibit synaptic filters. distributed to somas.



Bramdrop: 4096 neurons

n 28nm FDSOI CMOS
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Programming Environment (Nengo

1 1import nengo
2 import numpy as np
T E— f(ﬂf) 3 mc?del = nengo.Network()
P 4 ~ with model:
b . 5 x = nengo.Node(lambda t: np.cos(Z2*np.pi*t))
- g y ) 6 y = nengo.Node(lambda t: np.cos(4*np.pi*t))
. ~ 7 a = nengo.Ensemble(n_neurons=256, dimensions=1)
i — h(Z) + a + b / 8 b = nengo.Ensemble(n_neurons=256, dimensions=1)
-’ 9 nengo.Connection(x, a)
10 nengo.Connection(y, b)
z
[ 1.0
-1.0 .
0.677 1.177
z
20
Delay Network o.olgelay IoJ.eoI;gth (58.10
o 0+
7 0.05 a 0.677 1177
| Speed 1.03x | »
Time 3.656 00 05 10 15 20 25 30 35
Build finished in 0:00:01.




Encode o e Somas

Synaptic filters’ states, The i*" soma’s input
z(t), are projected current, J; = F;x(t),
onto encoding vectors, drives 1t to spike at
FE;, to drive somas. rate (0g,),-
O + To emulate the dynamical system

/

7-c11ylr1j3(t) — f(.CE) o U(t)

+ Choose decoding weights such
ea(t)— that, after synaptic filtering,
L9 (f) 1
ZZD;Téwz ~ 7-815”“/’7'dy1r1f(fp) T
. y V,
o + And set
Decode é

C(t) — Tsyn/TdyHU(t)

Deltas with area equal to components of the
neuron’s decoding vector, D;.F, replace spikes.

6 Synaptic Filters

Merged delta trains are lowpass filtered.
As a result, 7eni(t) + 2(t) = >, D; 65, + c(t),

where c(t) i1s a vector of injected currents.

Eliasmith & Anderson 2003

| —



Tapped delay-line (Braindrop

Delay Network Delay Length (3) State Vector

o
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384 Braindrop neurons

Neckar et al. 2019
Voelker & Eliasmith 2017




Measured Energy/op (pJ)

Somas’ spikes are 0 Q Address-events 9 Decoding vector and buckets’ e Tags are Tags are e
muxed Into are translated states are retrieved and the butfered. translated
address-events. into base-addresses. latter are updated. A tag is into base-
1 1 3 8 1 5 emitted if threshold i1s exceeded. addresses.
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@ Corresponding transtorm’s column and Tags are translated é
assoclated buckets’ states are retrieved, into address-events with
9 Address-events are 9 Filters’ output states updated, and tags emitted. assoclated polarities.
demuxed to excite or currents are

inhibit synaptic filters. distributed to somas.



+ Analog convolving
fans out d spike-trains
to N neurons; sparsifies

spatially by d/N

+ Digital thinning lets
one per SNR spikes
through; sparsifies
temporally by 1/SNR

-~ : ' TrueNorth & Loihi
& e U N/.d..:...zg ......
0, o1
O 2
a - Tesla GPU (flop) )3
5B T 28
- 4
ig) 109 = 25
® - ; 2
2z - . Braindro
g‘ 380 fJ: ...................................... Pt p26 .....
= ‘ 27
10_1 — 8
3 E 2
g B 59
Lﬂ ] 210
10_2 [ [ [ [ [ [ 1 1 I [ [ [ [ [ || [ [ [ [ [ [ 1 |
- 10 /
3 : —
< 101 = — 2°
]_OO [ [ [ [ [ [ || | [ [ [ [ [ || [ [ [ [ [ [ 1 |
10Y 101 20 102 103

SNR



Task performance oo

conventional
* Two components:

N

O

* Network design O
1]

; N

+ Hardware design lc_‘@

Eg,s(task) = Egw(Rpet(task))
Eop — activeNconn > harder

- )(pcmmN ) Task Complexity/Performance
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