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Neuromorphic & Spiking Neural Network(SNN)
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Neuromorphic / SNN (ZE83 % i EN

(Z) Warren McCulloch ; “Embodiments of Mind (1965)"

- XX =a2—0O2 (for ANN) = Parallel Distributed Processing (PDP)
- Hard-wired nets that process images or sounds = X&EFDT—<

Carver Mead ; “Neuromorphic Electronic Systems (1990)", >3 1€ : McCulloch-Pitts Perceptrons
>%E 2 14X : Deep Neural Network

Wolfgang Maass ; >% 31#t4% : Spiking Neural Network

“Networks of Spiking neurons: the third generation of neural network models (1997)"
"On the computational power of circuits of spiking neurons (2004)"

Henry Markram ; Blue Brain project / Human Brain Project / Brain Mind Institute Project

250 “Reconstruction and Simulation of Neocortical Microcircuitry (2015)." =
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(%) Nassim Abderrahmanea, et al.; Design Space Exploration of Hardware Spiking
Neurons for Embedded Artificial Intelligence, in Neural Networks (2020)

Recent Hardware Developments for Neuromorphic Computing

Work Technology| Application Input data | Neuron model| I&F i Network SWE3E

NeuroGrid_2014 . . Dimensionless
- ~H
Stanford Univ. ASIC_180 | Neuro Sciences Spikes model Analog| (/~B) |Programmable| NGPyton
LimelNonils 2014 IBM ASIC_28 Classification |Frame-based LIF Digital | “4~#®] |Conv/FC/RNN| Corelets
SpiNNakerCMP_2014 . ; 2
Manchester Univ. ASIC_130 | Neuro Sciences Spikes LIF, IZH, HH | Digital Program|Programmable| PyNN

BrainScales_2017 ASIC_180 | Neuro Sciences :

Heidelberg Univ. | (Wafer Scale)| ~ Classification Frame-based| exp IF Analog| STDP | Full Connection| PyNN
Lplstl_205E tntel| ASIC_14 | Classification Spikes CUBALIF |Digital| STDP |Conv/FC/RNN| Loihi API
QDI Zome .| ASIC_28 | Classification Spikes Izhikevich |Analog| SDSP |Programmable| (4<HH)

Univ. of Louvain
Minitaur_2014 i i

Zurich Univ. & ETH FPGA Classification |Frame-based LIF Digital | A&7 FC RTL
et sl B FPGA Dv3:based DVS LIF Digital | <#] | Conv/Pool RTL
Univ.of Sevilla classification
Hfirst_2015 DVS-based . .
T Bl sis Tt FPGA object recognition DVS Complex IF | Digital | <] Conv/Pool RTL
DYNAPS _2017 cpe i CHP
Zurich Univ. & ETH FPGA Classification DVS AdExp-IF  |Analog| ] Conv/Pool langiage
| FpGA DVS-based DVS LIF Digital | /<8 | Conv/Pool RTL
Univ.of Sevilla classification
2019 Embedded-AI i i - N2Dz2, TF,
Cote d’Azur Univ. FPGA classification Frame-based IF Digital | - A~ FC Keras
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Neuromorphic & (&

1. Signaling models (Spiking Signal) ; EFit S hi-1EHREImE } 4

2. Timing/clock - (JEFIZA). Event-Driven =
3. Integrated memory and compute ; (Za—RVEMED N—FDITFIL) =
4. In-Situ learning . (Back-Ground T ) Feed-Forward=%) =
5. Fault tolerance, Noise tolerance ; (Z#REIE. HEERNEIE. FLIENE)

6. Nonvolatile memory , (NI FTR, it AEY, FHRETTE)

7. Architecture . (X %! Computing. Probabilistic Computing)

Neuromorphic Computing: From

Materials to Systes Architecture Conclusion :

The development of a new brain-like computational system will not
evolve in a single step ; it is important to implement well-defined
S > & intermediate steps that give useful scientific and technological
information.

(B1F) #*EDOE Report : 2015 ; https://www.osti.gov/biblio/1283147

T oo
; Neuromorphic Computing — From Materials Research to Systems Architecture

U8, DEPARTMENT OF o'
@ ENERGY | 25
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i Neuron Model

1) Artificial Neuron : Frame-based (or Batch-based)
t0+3 t0+2 to—l-]. to

g X0 X t0+3) X Xo(t0+2 >< X0 t0+l) X Xo to) X N bit
X2 X X t0+3) X XO(t0+2 >< X0 t0+,) X Xo to) \C N bit

Frame#|ZActivation—Function

DGR & H )

 X(n-1), ><xm ; t0+3)><xm 1(t0+2 ><xm 1 (to+1) X xm 1(t0) X N btt

2) Spiking Neuron® HgD At 7 k ; 3Flﬁ,ﬂﬂ Event-Driven, Frame-less
¢ () J\/ JUUU\\ J\/ J\/ Active Potential DEffEHER
. 1) MM A D 1
1
¢, () ) S 1 R

Integrate & Fire

¢m—1 (t) J\/ J\, Jf A, W(m_’) (O
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(&%) Pérez-Carrasco, J. A. et al.; Mapping from frame-driven to frame-free event-driven vision
systems by low-rate rate coding and coincidence processing—application to feedforward ConvNets., in
|IEEE Trans. Pattern Anal. Mach. Intell. 35, 2706-2719 (2013).
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Neuron Model
1) Artificial Neuron : Frame-based (or Batch-based)
t0+3 JEO"‘2 JEO"‘1 to Framef#|ZActivation—Function

g X0 X t0+3) X Xo(t0+2 >< X0 t0+l) X Xo to) X N bit
X2 X X t0+3) X XO(t0+2 >< X0 t0+,) X Xo to) \C N bit

DGR & H )

: : =
 X(n-1), ><xm ; t0+3)><xm 1(t0+2 ><xm 1 (to+1) X xm 1(t0) X N btt

2) Spiking Neuron® HgD At 7 k ; 3IEITHH Event-Driven, Frame-less
¢ () J\/ JUUU\\ J\/ J\/__ Active Potential DEffEHER
5.0 A IR DA )
1 | | | | | |
P ) j— JUWL_J\_W

¢, (® J\ J\ J\f J\ ‘//\j\j\j\\f’m—:)
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Paul A. Merolla, et al., A Million Spiking-Neuron Integrated Circuit with a Scalable
Communication Network and Interface, In Science (2014)
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L ol Z88) Romain Brette; “Philosophy of the spike:
Splklng Slgn al ~DEnco dlng?ﬁ T,-l-\]"— - Rate-based vs. spike-based theories of the brain.”,

1n Frontiers in Systems Neuroscience, Nov 2015,

H =S
1) 2y FIT—HBEDINT Y b DA—I Y FEDEIDFEY L Z

2) B —FDANTNAREDEFEDT=H : S
3) DNN/DLNZZZEnDfH E(a)Pre-Synaptic)&jj = Nyquist Rate
4)  Probabilistic Computing {7t 5= | ”ll |
5) Y7 LD IT7ORADEREEHLE DO :
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Paul A. Merolla, et al., “A Million Spiking-Neuron Integrated Circuit with a Scalable
Communication Network and Interface”, in Science (2014)
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Paul A. Merolla, et al., “A Million Spiking-Neuron Integrated Circuit with a Sgalable
Communication Network and Interface(2014)” Z st A FE = . FEREDVER L 7=
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(B%) Tomoki Fukai, and Shigeru Tanaka; A Simple Neural Network Exhibiting Selective Activation
of Neuronal Ensembles: From Winner-Take-All to Winners-Share-All, in Neural Computation (1997)
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A by Lei Deng, et al, In Neural Networks 121 (2020)

Rethinking the performance comparison between SNNs and ANNS.

« SNNOFEFERKEE IXANNZ _E[A] > TiIuv e,
Ziut, SNNORXY v hEHE LR F~v—7 « U—7 « o— RPREL

ANNX > F<—7 H O EE » k& Spiking HIZE# L T h L —=27 LiM
T 5 NIRRT TH 5,

- BEIZ. ANNOZBFREEE X A %4 ElHl > TWA D2, Brain-Like7Zg X 1 = X b % iE
AL T, ANNOMHREZ LFIA S & DITITEENDH D,

« ANNDIhIL, B LT=FHET NV, R TF~v—I A0 T757, Traky
P OMFER EX T 2 TWAD, SNNIZIZZFIN S DEREIZE 5,
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Y
Rethinking the performance comparison between SNNs and ANNS.

by Lei Deng, et al, In Neural Networks 121 (2020)

Accuracy on ANN-oriented workloads (Frame-based datasets)

Dataset Network Model Accuracy
Model-1  (Natural ANN <1) 08.60%
MLP Model-2 (Converted SNN %2) 08.51%
Model-3 (Enforced SNN 2%3) 08.31%
MNIST
Model-1  (Natural ANN <1) 99.31%
CNN Model-2 (Converted SNN %2) 99.07%
Model-3 (Enforced SNN <¢3) 99.22%

1) ANN training & ANN inference
 2)  Converted SNN with ANN training and SNN inference;
* 3)  Enforced SNN with SNN training and SNN inference.

SNN model is directly trained from scratch on the converted spike datasets, using BP-inspired supervised
algorithms for training SNNs, and tested in the same domain.
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A by Lei Deng, et al, In Neural Networks 121 (2020)

Rethinking the performance comparison between SNNs and ANNS.

Accuracy on SNN-oriented workloads (Frame-free spike datasets)

Dataset Network Model Accuracy
Model-4 (Enforced Binary ANN 2¢4) 97.24%
MLP Model-5 (Enforced Intensity ANN 2<¢5) 97.63%
Model-6  (Natural SNN 2¢6) 08.61%
N-MNIST
Model-4 (Enforced Binary ANN 2<4) 99.08%
CNN Model-5 (Enforced Intensity ANN 2<5) 08.63%
Model-6 (Natural SNN 2¢6) 99.42%

4 )  This uses converted binary for ANN training and ANN inference
5)  This uses intensity images respectively, for ANN training and ANN inference
6)  SNN training and SNN inference.
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A by Kaushik Roy, et, al., in Nature, Vol 575 (28), Nov. 27, 2019.

Towards spike-based machine intelligence with neuromorphic computing

- EncodingHifric K-> T, kDT —% - &y FEfES> TSNNZFHMICEX 5 L9
(272 o TeDy, FAVTIESNND 2 U » R &5 & 70,

« SNNOFEHRZ2MEIZ DWW T, BEWVRBEGDHRWVTWDEN, FDOAIT,
—a—BEF—T 4w AL a—T 4 VT ORBITENLTBY, T4 —TF T —
= T DR RESRIC L > T, IRBITEN L TV A,

« SNNTIL, #{bFEHOEHENTE TRV, FEE, ANNT FL—=2 72475
=7 2R A28 L CSNNIZTE A L4 5 & v 9 Conversion-based 7 7' 1 —F
MNELNTWVER, TOLXHIICLTANNE FEDOKE 215722 LT, SNND
AJHE 5T IZEncoding R F[E 23BN & 72 5 DT, InferenceD L A 7 > U BHTY, =

FNFX—=ZNRE TRD,
* SNNIZ, ANNOFH GEBPE) A F¥E L, ANNHIOU—/a—RThlL—=V

7L, ANNR—ZDFEMZIT 9 &) D TIE, N—RKU=T7 OiESHLE x> hT—
7 WA ROYEENRFE LWANNIZIBWLO L Z LI TE RV,
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SNN-ANNLLERD £ & &

SNN ANN
Data B A ZEIN R BUE
: : ON
Signal in Hardware Layer OFF I_l (Time Dependent)
- McCulloch-Pitts D sl =2 —BO >
Neuron Model Integrate & Fire (EHE L)
Synapse Model Dynamic Synapse Static Synapse
( Spike Time Dependent Plasticity) (Updated through Off-Lined Training)

State Description ( Liquid State ) Static State
EE AR mig/y (In-Memory ;EE) SLFAALU / Accelerator
HERE ~ 110000 1 (Ref.)
SENRE <1.0 1 (Ref)

Network-Topology : e
- e I3
2 Networkis Computing Powerlizt

Spike Encoding FEOERL
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[HHE82] A Peters, C Sethares; Myelinated axons and the pyramidal cell  vip = 2 1

modules in monkey primary visual cortex, in Journal of Comparative
Neurology (1996)
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1) ALICHBTBNN—RoT70%EE
2) AloEkgs, "N—FK7TT7OMEDER
3) 2V b T—O~ADOEREH|T?

NeuronEEHzz DMEREAKRIRT B /83T X —X&
- EEROEREEE /NS < L. EE1E: Q(W)U)ﬂ_%ﬁ'ﬁé

T_Qe%omputa’uon is usually much simpler in splkmg neurons than in formal
neurons. » Is ha @}3 in neuroscience
studies, |H%%%ﬂqﬁ€%§a§ﬁfé? /f ?t spiki %é 5 g@ost often based on a
simple (L@ékﬁ) sarateand I%@IF%—r—ﬁlod_ID VBEE étl_ XN

by Nassim Abderrahmane, Edgar Lemaire, Benoit Miramond; “Design Space Exploration of Hardware Spiking
Neurons for Embedded Artificial Intelligence”, in Neural Networks Volume 121, January 2020, Pages 366-386.
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By Clemens JS Schaefer, and S. Joshi;
Quantizing Spiking Neural Networks with Integers,

in International Conference on Neuromorphic Systems (2020).

Our results show that SNNs trained using only integer fixed-
point representations can still retain their accuracy * - - (FFB&) - - -
the memory usage of SNNs trained with reduced precision weights, errors,
gradients and neural dynamics can be downsized by 73.78% at the cost
of 1.04% test error increase on the DVS gesture data set.

(BA_R—ADFERELETHI LT, AT VEEE73.78%HH L TH, KBEDOEHI
%#1.04% M2 D2 ENTET)
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Artificial Brain Z &t % Platform (BEHJA X —
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- https://electronics360.globalspec.com/article/4445/ibm-seeks-customers-for-neural-
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HEL : https://www.ibm.com/blogs/research/2020/06/vlsi-2020-ibm-research-highlights/
Jinwook Oh, et al., “A 3.0 TFLOPS 0.62V Scalable Processor Core for High
Compute Utilization Al Training and Inference”, in 2020 VLSI in Symposium on

Technology
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Ly HEL  https://www.ibm.com/blogs/research/2018/06/approximate-computing-ai-acceleration/

Bruce Fleischer, Sunil Shukla, et al. A Scalable Multi-TeraOPS Deep Learning

Processor Core for Al Training and Inference, in 32nd IEEE Symposium on VLSI Circuits,
2018

2-D compute am‘?dtoﬂié)_ * Pipeline of AI accelerator for matrix
d multiplication
- Processing Element, 16 bit FPU, for Matrix

I | | Multiplication, Activation function, an Boolean
—¢- M— Operations

!

1 IBuff -» ~ Fetch/ Decode

8KB L0 Scratchpad (X)
192+192 GB/s R+W

!

r Y

—BE

-

Output
Links

x
*]
©

m
@

. —
e

=

8 KB LO Scratchpad (Y)
192 + 192 GB/s R+W Bit Boolean/ Est

| PSR

2MB Lx Scratchpad FPU (simplified)
192 + 192 GB/s R+W !

I Corel/O I

FBEARAIMETREE RN, & : Spiking Neural NetworkifiiDIFIK & RREICRET 5B 48



HEL  https://www.ibm.com/blogs/research/2018/06/approximate-computing-ai-acceleration/

Variation of deep learning functions

Deep learning algorithms are comprised of dominant matrix multiplications, dominant,
optimizing performance efficiency while maintaining accuracy requires the core architecture
to efficiently support all of the auxiliary functions.

e
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{CNN_J MEKNEf e e e e e P e N . i
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W gemm W lowering B softmax H rnorml rnorm2
W calcError tanh tanhGrad sigmoid sigmoidGrad
W axpy saturate relu reluGrad B matrix assign
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(H88) https://cloud.google.com/blog/products/gcp/an-in-depth-look-at-googles-first-tensor-processing-unit-
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Davies, et al.; Loihi: A neuromorphic manycore processor with

on-chip learning, in IEEE Micro, 2018. # 8mm
* Intel’s 5th generation chip for neuromorphic
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Programmable Synaptic Learning
> Differential Hebbian Learning by measuring perturbations in spike patterns
> Bienenstock-Cooper-Munro Learning using triplet STDP
> Reinforcement Learning
> Special Reward Spikes for Reward & Punishment.
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Davies, et al.; Loihi: A neuromorphic manycore
processor with on-chip learning, in IEEE Micro, 2018.
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Davies, et al.; Loihi: A neuromorphic manycore processor with
on-chip learning, in IEEE Micro, 2018.

Flexible and well provisioned SNN connectivity features are crucial for supporting a broad range of workloads. Some
desirable networks may call for dense, all-to-all connectivity while others may call for sparse connectivity; some may
have uniform graph degree distributions, others power law distributions; some may require high precision synaptic
weights, e.g. to support learning, while others can make do with binary connections. As a rule, algorithmic
performance scales with increasing network size, measured not only by neuron counts but especially neuron-toneuron
fanout degrees. We see this rule holding all the way to biological levels (1:10,000). Due to the O(N2) scaling of
connectivity state in the number of fanouts, it becomes an enormous challenge to support networks with high
connectivity using today’s integrated circuit technology. To address this challenge, Loihi supports a range of features
to relax the sometimes severe constraints that other neuromorphic designs have imposed on the programmer:
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Brain ScaleS
_______ -
Fig. 6. Schematic overview over the ROLLS neuromorphic | | |
processor (Qiao et al., 2015). M3 % [0 ‘3
; | | |
|l Hsd HSd HsSd ~ H S
The chip contains two 256 x 256 grids of synapses for short- - TJ TJ TJ j *
term plasticity (STP) and long-term plasticity (LTP) (see Section 5 ‘_5J ‘_5J —_SJ - —3
4.3). 2 e e
7 . ; ;
A synapse de-multiplexer can assign several rows of synapses to . —_|I.J -_'I-J —_JI-J ) _j
a single silicon neuron. | | | m
T e - s
The additional virtual synapses above the neuron circuits can ' ' ' -
- HLl HLl HLd - HL
simulate background activity of the neural network. A bias —J —J | —J | j
generator stores global network parameters. g
E Symapse De-Multiplexer
The analog digital converter (ADC) can be used to read analog % i s s s
state information from neural and synaptic circuits. The test & ‘ ' ‘ '
vl Hvd Hvd - Hw
structures are irrelevant for the neural simulation Vu\/l_{\/b V'li *
g ﬂ E =
AER Dutput
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Johannes Schemmel, et al., A Wafer-Scale Neuromorphic Hardware System for Large-Scale
Neural Modeling, in 2010 IEEE International Symposium on Circuits and Systems (ISCAS)
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Fig. 7. Photograph of the HICANN die.
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|
Lei Deng , et al., Rethinking the performance comparison between
SNNs and ANNSs, In Neural Networks 121 (2020)

ANNDRIHER
@ Mature models

(2 Various benchmarks -
(3) Open-sourcedatasets [ ANN .~ S0 \ Real
(@) Powerful computing platforms .~ ) Brain
— SIG | Stochastic
T
SNN®DIKS

(@) Long-time ongoing debates
(2) Skepticisms about the value of SNNs in practical applications, except for the low power

attribute benefit.
(3) SNNs usually perform worse than ANNs especially in terms of the application accuracy.

- SNNIZANNDZFEAHEZBPEHE)ZEXEL, ANNAOT—SO—KThL—=2%5 L. ANNAR—
ADEE = /N—FOIZIT7DESERY FT—IHEMNE LANNIZEWLNDIFHELNES S,

= AGI
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() ORI, BB _EKOHP X U$BE : http://gaya.jp/research/spontaneous_activity.htm
FNOAVE21—T4 T EE
1. Spiking Neural Network®

A7 FOBE E
- ENETIL (Integrate & Fire)
- Signal Model & Encoding At

- Winner-Takes-All ’JJ \V\\
(=a2—0 2 BEE) Smrmememimimim s g == DOWNSREE (B4R ER)

. %%’”ﬁt%%&‘ﬁﬁﬁt%%ﬁﬁ@ . a—

2. Neuromorphic Processors

O 7 EER
- ANN&E D

RNOFI—YEH

: ,'Probablllstlc‘.\
v Stochastlc/

- \
~ ”
Sl S

3. BE

- Atom of Informationlz=—a2—RA>2H?

MDENEDRIFVEESIZH D TRIE] [TDONT

FBEARAIMETREE RN, FE : Spiking Neural Network¥xfiTDIFIK L EREICET 2 &K 58



Nassim Abderrahmanea, et, al.,, Design Space Exploration of Hardware Spiking

Neurons for Embedded Artificial Intelligence, in Neural Networks Volume 121, January
2020.

FPGANMDEEIZTLEEL

- SNNs cost about 50% less in terms of hardware, while having approximately the
same accuracy compared to ANNSs.  (Khacef, Abderrahmane, & Miramond, 2018)

- Mapping a traditional neural network to a spiking one does not severely impact

the recognition rate, and results in more economical hardware.
(Diehl et al., 2015, Perez-Carrasco et al., 2013)

1) @ CNetwork-Topology[ZANNT FL—=2 5 %#4TL\, TD L+ TR R EESNNIZFEA
(Back-Propagate Learning%4T > T. SNN% Supervised Feed-Forward&i{fES & 5%)
- Sze, V,, Chen, Y, Yang, T., & Emer, J. S. (2017).; "Efficient processing of deep neural
networks: A tutorial and surve.’, Proceedings of the IEEE, 105(12), 2295-2329.
- Tavanaei, A., Ghodrati, M., Kheradpisheh, S. R., Masquelier, T., & Maida, A. (2019); "Deep
learning in spiking neural networks.”, Neural Networks, 111, 47-63.

2) SNNIZTZE (SpikeProp or STDP)
Kheradpisheh et al., 2018, Mostafa, 2018, Thiele et al,, 2018
Mozafari, Ganjtabesh, Nowzari-Dalini, Thorpe, & Masquelier, 2018
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https://www.jstage.jst.go.jp/article/jnns/21/3/21_122/_article/-char/ja/
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- MEHLIEAEEZEET IO, TNERILIKRELEE
(DIAEL., MEHLIFAZEEDERIL, EVNNIHIISE THEDHHIRE)

- INOFE., HEHR, MEHIEARAEENR (QAVE1—2E)DIAZ2=TAHRE,
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“RecoMst¥€tion and Simulation of Neocortical

Microcircuitry”

by Henry Markram, et al., in 2015 cell 163, 456-492, October 8§,
2015.
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$ 1) £HER 4
|- Relative Dielectric Constance : 2.2 ;.
/\ C= 0.13fF/um. R= 2.6 0hm/um el4n
H - RC Delay ~ 50 fsec/um2. Circuit Delay ~ 20 psec
: EF 5L, 10ecmDIEBEENDEmex/MEIX. 0.2 usec,
- BEMI(E, Fan-OutEEET ZBENHY . 05 ~ 1 usec,
/\ [&88] Ivan Ciofi, et al, “Impact of Wire Geometry on Interconnect RC and Circuit
_| |_ Delay”, Article /n IEEE Transactions on Electron Devices - June 2016
i 2) Micro Strip Line (7R— FL)
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1) HEE#R# o BRBEE (saltatory conduction) DESEERE
- BER1L u mD A B I5925m/ sDInEEE
(ChiE. 10cmizEFT HDIZ 4msec)

(]  [FiERdE . KNEPER, 2013488218 E#H.
https://bsd.neuroinf.jp/wiki/%E6%9C%89%EI%AB%IA%ET%BT%IA%ET%B6%AD

; 2) HRBHEOKRTIZE D725 (Erlanger and Gasser)
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[HH#8] H.S. Gasser, and Joseph Erlanger

, “A STUDY OF THE ACTION CURRENTS OF NERVE WITH THE CATHODE RAY
OSCILLOGRAPHO1 Nov 1922, "American Journal of Physiology 62, 496—524, 1922)
https://doi.org/10.1152/ajplegacy.1922.62.3.496
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2. 1 Algorithmic Outlook : Spiking neural networks

- Maass, W.[19974 M ”Networks of spiking neurons: the third generation of neural
netvvork models.”[&. SNNZE=tH{tNeural Networki it & #18 THRIB (T 1+ 1=,

% 1#4€ : McCulloch-Pitt perceptrons
> 'E’l'%’ 2 4 : Nonlinearity upgrade (# "I EE% B ML RESRDEA) &DLL1E & BP
> & 34 ;. Spiking Neurons (integrate-and-fire. Bl AMIZSpikeh v > ~ZEFRE)

F2HKEEIHRADRRDELIE,
> & 2 4 : real-valued computation (say, the amplitude of the signal),
> : using timing of the signals (or the spikes) to process information.
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|_| q U |d State by W. Maass, T. Natschlaeger, and H. Markram; "Real-time computing
without stable states: A new framework for neural computation based on
perturbations.”, in Neural Computation, 14(11):2531-2560, 2002.
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Figure 1: Architecture of an LSM.

A function of time (time series) u(= )is injected as input into the liquid filter LV,
creating at time tthe /iquid state xM(t), which is transformed by a memoryless readout
map 7" to generate an output y ().
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Turing Machine & Liquid State machine (LSM)

m Turing machine (a Finite State Machine.) : PDP / Von-Neuman type Computing
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m Liquid State Machine (LSM) : Asynchronous Spiking Signal Architecture
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Neural Computation as Perturbations

By Wolfgang Maass, Thomas Natschlager, Henry Markram
“Real-Time Computing Without Stable States: A New Framework for Neural Computation Based
on Perturbations”, in Neural Computation 14, 2531-2560 (2002), MIT.
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Dynamic Synapse

Juan A. Varela, et al., "A Quantitative Description of Short-Term Plasticity at Excitatory Synapses in Layer 2/3 o
Rat Primary Visual Cortex”, in The Journal of Neuroscience, October 15, 1997, 77/20):7926-7940.

- BRIDR/INAL VIEBIIZK BT TREHDFeed-forward G EE L, RO R /A H{EBHT
DFHFEZEHLH&INZEHED, FFIZ. VikEDHT=Sensory Response [ZBH L T)

- Short-termDEFH 2L, 3FFFHOBWEMNES L TS,
(1) EPSC (Excitatory Post-Synaptic Current) MD{2x (Facilitation)
(@D EPSCOBE(FN 1) HEIUDOBERTHEHRMICHET S
(® EPSCOBE (£D2) : HHOBEHTHEENIZHET S
= EPSCOZENL. RHIZXT HDamper®d & 5 IZERB L TLVS,

» ANA JEFHIC L HEPSCORERRIFMEMICEZ 20, BERRII,
FEHMICEZ D, (ANNDUF TRIZIEFEEIEL) Juan Alberto Varela

>

Fraction Leaky Integrate & Fire Model

Wondimu Teka, et al.; “Neuronal Spike Timing Adaptation Described with a Fractional Leaky
Integrate-and-Fire Model”, PLOS Computational Biology, March 1, 2014, Volume 10, Issue 3
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1 FYTEHEYDIATH : 12827
- 17D 21—V EESRH : 1024=a2—0OV
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2) Za—OVEEICETAEM#2 : Loihi

Paul A. Merolla, et al., “A Million Spiking-Neuron Integrated Circuit with a Scalable
Communication Network and Interface”, in Science, vol. 345, no. 6197, pp. 668—-673
Davies, et al.; Loihi: A neuromorphic manycore processor with
on-chip learning, in IEEE Micro, 2018.
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-- 5/F) C.Mead; Neuromorphic electronic systems, in Proc. IEEE, Oct. 1990.
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