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Why Analog (Physical Based) Processing?

Digital Hitting Limits of Power Efficiency

Performance Advantage for Emerging Architectures
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One FPAA, Four Examples
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~ FPAA Tool Infrastructure
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Neuromorphic Algorithms = Improved Apps
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* Neuromorphic processing = event based processing
uses power only when useful signals are present
(“always on” in sensors or further processing)

Leverage Analog SP ICs for robust system
development



Blocks for Large-Scale Neuromorphic Systems

Transistor Channel Models
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Single Transistor Learning Synapses

* Single Transistor Learning Synapses
[Hasler, et. al, NIPS 1994, BMES 1994]

Utilizing the physics of physical medium (S1)
to efficiently implement computation
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Comparing Physical to Digital Computations
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Dense Synapse + Neuron IC
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Why Dendritic Computation?
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Dendrite-Model Wordspotting Classifier

[George and
Hasler, 2011]
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Scaling of Neuromorphic Computation

* Neurobiology: constrained by energy cost of

communication (local comm is critical)
* Silicon systems also constrained by energy
cost and complexity cost of communication.
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Neural Classifier Approaches
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Summary of Learning & Adaptation

Neuron Implementations: FG based learning Memristors: Multi-timescale Adaptation
Synapse types: excitatory, inhibitory, NMDA

Experimentally demonstrate Synapses: Not competitive with

1T EEPROM cell for density

Early (unpublished) data on receptive field (32nm cell ~ 50nm x 50nm device)
development, different event encodings Memristor arrays hard (Liu: 40 x 40)

Neurobiology: multi-timescale devices
- modulation timescales from 1s to hours
- adaptive FG allows approach
- memristors enable capability

Application sets IC data flow speed
(minimizing memory blocks)

Learning investigations: faster than real time
- same structure, direct scaling of timescales [=WRV etdW = V(1))
’ dt

Board I/O
FPPA n (DAC or ADC) O\

Why Learning? How about loading cortex...

. . Memristor (A)
| Load time 1S minutes | day [ 10 days
Communication
{ Rate | 113Tbiv's | 116Ghit's 11Gbiv's
L Power | 104kW | 109W | 1IW
Bogcg— [ EREAIC

(DAC or ADC)
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Neuromorphic =2 Higher Power Efficiency

Power Efficiency Scaling

10MMAC(/s)/W —
100MMAC(/s)/W —

IMMAC(/s)/mW —

1I0OMMAC(/s)mW —1—

100MMAC(/s)/mW —

IMMAC(/s)/uW

L DsPs (1978 - 1081) Building Silicon Cortex

|Sensors

Energy Efficiency Wall

(32bit inputs) Micro ¥ —
- phones -« L S | Retina
‘ / IC
A S g S 7% I % I % 7 S g I Vg B v |

10MMAC(/s)/uW —
100MMAC(/s)/uW —
IMMAC(/s)/nW —
10MMAC(/s)/nW —
100MMAC(/s)/nW —

IMMAC(/s)/pW —

one output

E .v"/l

1000’s of inputs,
1000’s of channel populations,

— Typical Analog VMM W 1 W W \' T = o |
—! x_x'_._A._‘._-' ey -11—1' e t’_"__"_'._l_,ii':_'_ﬁ < ’Z
| FPAA compiled Dendritic | 1 1] ( AU 4 [ | | |l ;gj :;
Classifier (350nm IC) .'\llldi())‘_‘l ‘—“- o —"ﬁ e —1‘ _l T ,X_L_‘_l —ﬂ_J—L‘ ——T:-i :i
n gy’ ey ey vy ey’ wemey’ ey’ ‘wmmey ymmey' sy’ temmy) ey ey wmmy) ymmey r 9 —9l¥
B ) [ )5 =¢
Dendritic Classifier Audio _ | =0 == 5 Tl - i L JI] .- [T e £
[ (3501’11’1’1 IC) In r-vf':r—r:: ,——r' ey RS S T S T T, S T T, '—i'—' % — .r':;
| | I | ‘ \ | | | | | || |E*™°
| Shrink by ‘ —_— e e e =]
ling L, V N A Vs
scaling dd Y P& ::\m £
— (<) Biological N~-"n Mem INeuron|  Next Chip e Next Chip
FPAA | AT [P Routing <} Neuron |© Routing
Fabric|__ T | Arfa.v
Next Chip NC\YChip
Routing Routing
10nm: ~4M Pyramidal cell neurons = $20M IC cost for Cortex
(digital: 1000 1n parallel) (~100k chips)




Neural Classifier IC Applications

For commercial 10nm potential

Coasumer IC | Processor IC |
Die Size Imm* 40mm*
Chip Cost s2 S100
Neurces &0 000 3000 000
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Comp Power ImW S0mW
Out Events 1000 /s 10000 /s
Comm Power 70 oW SuW
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Image | Image aquistition, | Retina Edge / Corner Movement Sequence Gesture
Processing | color calculations | (edge enhancement) | Detection Classification Recognition, eic.
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