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ABSTRACT

Developing new non-traditional device models is gaining popularity as the
silicon-based electrical device approaches its limitation when it scales down. Membrane
systems, also called P systems, are a new class of biological computation model inspired
by the way cells process chemical signals. Spiking Neural P systems (SNP systems), a
certain kind of membrane systems, is inspired by the way the neurons in brain interact
using electrical spikes. Compared to the traditional Boolean logic, SNP systems not only
perform similar functions but also provide a more promising solution for reliable
computation.

Two basic neuron types, Low Pass (LP) neurons and High Pass (HP) neurons, are
introduced. These two basic types of neurons are capable to build an arbitrary SNP
neuron. This leads to the conclusion that these two basic neuron types are Turing
complete since SNP systems has been proved Turing complete. These two basic types of
neurons are further used as the elements to construct general-purpose arithmetic circuits,
such as adder, subtractor and comparator.

In this thesis, erroneous behaviors of neurons are discussed. Transmission error
(spike loss) is proved to be equivalent to threshold error, which makes threshold error
discussion more universal. To improve the reliability, a new structure called motif is
proposed. Compared to Triple Modular Redundancy improvement, motif design presents

its efficiency and effectiveness in both single neuron and arithmetic circuit analysis.



DRAM-based CMOS circuits are used to implement the two basic types of
neurons. Functionality of basic type neurons is proved using the SPICE simulations. The
motif improved adder and the comparator, as compared to conventional Boolean logic
design, are much more reliable with lower leakage, and smaller silicon area. This leads to
the conclusion that SNP system could provide a more promising solution for reliable

computation than the conventional Boolean logic.



TABLE OF CONTENTS

Page

LISTOF FIGURES. ... .ot v

LISTOF TABLES ...t viii
CHAPTER

LINTRODUCTION.....coiiiiitiitie ittt n e 1

1.1 Brief Intro to P System and SNP Systems .........cccccovvevveieieeieciiennnn, 1

1.2 SPIKING NEUIONS. .....cuviiiieiieee et ane s 4

1.3 Reliable SNP SYStEMS.......ccoiiiiiiciecee e 7

1.4 Specific Contributions of This ThesSiS.........cccevveveiiieviecieceere e, 8

2PRINCIPLES OF SNP SYSTEMS ... 11

2.1 Introduction t0 SNP SYStEMS ......c.ccoveieiieiicie e 11

2.2 Basic Type of NEUIONS........cccooieiieiicc e 13

2.3 An Example of Building a Complex neuron............ccccoceeeeevveieennnn, 18

3 DESIGN OF SNP-BASED ARITHMETIC CIRCUIT ....oocviiiiieieeeeee 22

3.1 Prerequisite of SNP Circuit DeSigN ........ccccveveiieiieie e 22

I o [0 [T 1= Lo o OSSPSR 24

3.3 SUDLraCtOr DESIGN.....ccuvieiieiie et 26

3.4 Comparator DESIGN ......cccvveiiieiie e 27

4 RELIABLABLE DESIGN OF SNP SYSTEM ..o 30



CHAPTER Page

4.1 Error Model DISCUSSION ........veveuiiiiieinienieieesiesr e 30

4.2 Error Tolerated Improvement of A Single Neuron............cccccocvenee. 34

4.3 Motif Applied On Arithmetic Circuit Design ..........cccoevvevieeieiiennnn, 42

4.3.1 Motif Applied On Adder ..........ccovevviieeiveie e 43

4.3.2 Motif Applied On Comparator............ccceevveveieeriesinennen, 45

4.3.3 Motif Reliability Enhancement Analysis................c....... 47

5 CMOS IMPLEMENTATION . ..ot s 49
5.1 Dram-type Neuron DeSign.........cccevveieiiieie i 49

5.1.1 Basic Neuron Implementation .............cccccoovvevveiieiiennnn, 49

5.1.2 Simulation ReSUlt............ccooiiiiiiiiic e 50

5.2 Circuit Performance .........cccoovreieiiiiciei e 53

6 CONCLUSION AND FUTURE WORK ......oooiiiiiiieieeee e 56
REFERENGCES ... ..ottt ettt e e b nte e sbe e nbeennee s 58



LIST OF FIGURES

Figure Page
1. Example digital SNP neuron has a firing rule and a forgetting rule init........................ 3
2. A neuron has dendrites, cell body and aXON............ccccveiiiieiieicce e 4
3. Neuron activation is controlled by the sodium channels and potassium channels ......... 6
4. Neuron aCtivation tESTING ........c.civeiiiie e eas 6

5. The SNP-based design has a significant advantage in circuit reliability over Boolean

o oSSR 8
6. Odd-even type neurons can build up 1-bit adder..........ccceevieiieiiicice e 13
7. 1-bit spikes adder design and its SYmbOl ............ccoooiiiiiiiie e 14
8. Multi-bit adder is the expansion of the 1-bit adder............ccccocevveiiiieiciie e, 15
9. HP neuron and LP neuron are the DasiC NEUIONS ............ccoeveiieneiiiincieese s 16
10. Odd-even neuron can be implemented by HP and LP neurons ............ccccceevevveinenee. 17
11. A representative neuron will be implemented by HP and LP neurons........................ 19
12. Converter design and SYMDBOL...........cccooiiiiiiicie e 19
13. Ruler design and its SYmMbBOl...........ccocviiiii i 20
14. Final implementation of the proposed representative NEUroN............ccccceevveveeeiveenne. 20
15. Six expressed in tWo MELNOUS. ........c.eoiieiie e 23
16. Two circuits that transform data between different representation methods .............. 23
17. SNP-based adder deSIgN ..........cccviiiiiiie e 24



Figure Page

18. Timing diagram OF @0der..........c.cccveiiiie e 25
19. SNP based SUDLraCtor eSIGN.........ccviieiieieiiere e 26
20. Timing diagram Of SUDLIACTON..........cccveiieie e 26
21. SNP based cOmpParator GESION........ccviveieeieiiereeieeee e ee e seesre e eesae e e nre e 27
22. Timing diagram of SNP based COMPArator.............ccceiveveiieeieesecee e 29
23. Error discussion on LP neurons with threshold n ... 31
24. Error discussion on HP neurons with threshold N............cooeoiiiiiiiciice 33
25. Alpha and beta version of LP and HP NEUIONS............ccveveiieieciecc e 34
26. TMR imProved LP NEUION .........coveie ettt ste et sae e nne e 35
27. Motif IMProved LP NEUION ........ccvoiiice et 38
28. The reliability of a LP neuron is significantly improved by using the proposed motif,

with a similar area CoSt Of TMR ........coiiiiiiiiii s 40
29. 2nd order motif improved LP NEUION ..........ccviiieieiiecieee e 41
30. The reliability can be further improved by adding more HP neurons...............c......... 42
31. Motif IMProved adUer .........ccveiieiece et 43
32. Timing diagram of motif improved adder............cccovviiieiie i 44
33. The reliability of the adder design is significantly improved by using the proposed

34.

110 ] (L PSSR 45
The reliability can be further improved by applying higher order motif structure. .... 45

Vi



Figure Page

35.

36.

37.

38.

39.

40.

41.

42.

43.

Motif IMProved COMPATALOL .........cccciviiieieeie e ee e e e ae et e e e sreenee s 46
The reliability of the motif improved comparator design is significantly better than
that of the original comparator deSIgN ...........coviveieiie i 47
Reliability of comparator vs reliability of adder............cccccovviieiiiii i, 47

The reliability of the SNP design is effectively improved with smaller area than the

BOO0IEAN TESIGN .....cveiie et 48
CMOS-based neuron design, using DRAM-type StruCtures..........c.ccceevveveeveeveeseene. 50
The simulation of 2-iNput HP NEUION..........ccviiiiiicc e 51
Timing diagram of adder and comparator in simulation..............ccccccovveviiieiecieennenn, 52
Reliability of a single Neuron fOr VarioUS Gy .. eeveeeereerrsiesieenieeie e sieeseeseeseeaneens 53
Tolerance of Vy, variation for motif adder and motif comparator..............c.cccceveneee. 54

vii



LIST OF TABLES

Table Page

. Signal analysis in TMR improved LP NeUION..........cccoeiieveeie e 36
. Signal analysis in erroneous TMR improved LP neuron (1 erroneous LP).................. 36
. Signal analysis in erroneous TMR improved LP neuron(1 erroneous HP)................... 36
. Signal analysis in erroneous TMR improved LP neuron (2 erroneous LP)................... 37
. Signal analysis in Motif improved LP NEUrON ...........cccooveieeie e 38
. Signal analysis in erroneous Motif improved LP neuron (erroneous output LP) ......... 39
. Signal analysis in erroneous Motif improved LP neuron (erroneous input HP ) ........... 39
. Signal analysis in erroneous Motif improved LP neuron (erroneous input HP and
OULPUL LP) .ottt et e te et e e b e e esae e nte e nns 40

. Comparison between Boolean and SNP on energy and leakage.............ccccocevveiivennenne. 54

viii



CHAPTER 1
INTRODUCTION
As the silicon-based electrical devices scale down, it is more and more difficult to
overcome the obstacles caused by the constraints of technology and manufacturing. In
order to develop devices with higher performance, many new nontraditional device

models are proposed. Membrane computing is one of the most popular research areas.

1.1 P SYSTEMS AND SNP SYSTEMS

Membrane system, also known as P system, is a computational model in the field
of computer science that performs calculations using a biologically-inspired process. P
system is defined as a distributed parallel computation model. Such a system is
constructed by the objects in its membranes, specified evolution rules for objects, and the
given input-output prescriptions. In P system, any object, alone or together with other
objects, could perform many operations. They can evolve, be transformed into other
objects, cross a membrane and dissolve the membrane where it is placed. The evolution
rules are hierarchized by priority, the rule with the highest priority among the applicable
rules is always the one actually applied. If there is only one object evolved, then the
system is non-cooperative; if there are rules specifying the evolution of several objects at
the same time, then the system is cooperative. Besides the previous cases, there is an

intermediate case. This kind of cases involves certain objects (called catalysts) which do
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not evolve alone, but appear together with other objects in evolution rules and they are
not modified by the use of the rules [1].

Membrane systems are sorted in three types: cell-like membrane system,
tissue-like membrane system, neural-like membrane system. These three types are
abstracted from corresponding biological systems. This thesis mainly studies SNP system
(Spiking Neural P system), a certain kind of neural-like membrane system, which has a
similar network structure like neural system.

As a branch of membrane computing, SNP systems define a set of rigorous rules
that abstract the spiking behavior of biological neurons, place them in a directed graph,
and process the input information. Compared to the complexity of membrane system,
SNP system is much simpler and still follows the definition of membrane system: SNP
system has only one object; the information passed from one neuron to another is in the
form of electrical impulses, i.e., spikes, which are accumulated at the target neuron; the
neuron which has only one membrane can hold an arbitrary number of spikes; each
neuron operates the spikes in it under specified condition which are sorted in two types
— firing and forgetting. The detailed mathematical definition of SNP system will be
given in chapter two.

Firing rules: These rules allow a neuron to send a spike along its axon. This spike
passes to all neurons connected by a synapse of the spiking neuron. Whether to fire or not

is determined by checking if the total number of spikes collected in the neuron fulfills a



firing rule equation. After firing, the neuron will consume some or all the spikes it has
received in the previous step. As inspired from a biological neuron, when a neuron sends
out spikes, it becomes inactive for a specified period of time, i.e., the refractory period,
during which the neuron does not accept new inputs and cannot fire. When the neuron is
firing, there is also a delay associated between the input and output spikes. In general, a
set of firing rules, with different firing thresholds, can be defined for a SNP neuron.

Forgetting rules: Unlike the firing rules, the forgetting rules remove spikes from
the neuron without firing any spikes. Forgetting rule and firing rule can’t be applied at the
same time [2].

Figure 1 illustrates an example that abstracts a digital SNP neuron from a
biological neuron: ‘a’ means a spike; ‘A’ means no output spike. In this example, after the
firing or the forgetting operation, all the spikes involved in the operation will be

consumed and the neuron is going to be reset to the initial mode.

A biological neuron

a—>A
-
A SNP neuron a2 —->a

=

Figure 1. Example digital SNP neuron has a firing rule and a
forgetting rule in it. It will fire a spike for every two input
spikes and will not fire if there is only one input spike.
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1.2 SPIKING NEURONS

As SNP system is abstracted from biological neurons, understanding how neurons
operate will be very helpful in studying SNP system. A brief biological background of
neurons is presented in this section.

The nervous system is unique in the vast complexity of thought processes and
controls the actions it can perform. The central nervous system contains more than 100
billion neurons. Figure 2 shows a typical neuron of a type found in the brain motor cortex.
Incoming signals enter this neuron through synapses. The synapse is the junction point
from one neuron to the next. A special feature of most synapses is that the signal
normally passes only in the forward direction, from the axon of a preceding neuron to
dendrites on cell membranes of subsequent neurons. Conversely, the output signal travels
along a single axon leaving the neuron. This axon has many separate branches to other

parts of the nervous system or peripheral body.

dendrites nucleus

N

/ axon
\ axon ending

cell body

Figure 2. A neuron has dendrites, cell body and axon. A
neuron can have many dendrites and axon endings but
only one axon and one cell body [3].
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The resting membrane potential of brain neurons when not transmitting nerve
signals is about -70 millivolts. Nerve signals are transmitted by action potentials, which
are rapid changes in the membrane potential that spread rapidly along the nerve fiber
membrane. If any event causes enough initial rise in the membrane potential from -70
millivolts toward the zero level, the rising voltage itself causes many voltage-gated
sodium channels to open. This allows rapid inflow of sodium ions, which causes a further
rise in the membrane potential, thus opening more voltage-gated sodium channels and
allowing more streaming of sodium ions to the interior of the fiber. This process is a
positive-feedback cycle and once the feedback is strong enough it continues until all the
voltage-gated sodium channels have become activated (opened). Then, within another
fraction of a millisecond, the rising membrane potential causes the closure of the sodium
channels and the opening of potassium channels and the action potential soon terminates.
Then, rapid diffusion of potassium ions to the exterior re-establishes the normal negative

resting membrane potential. The above process is shown in figure 3 and figure 4.
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Figure 3. Neuron activation is controlled by the sodium
channels and potassium channels [4]
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Figure 4. Neuron activation testing [5]

A new action potential cannot occur in an excitable fiber as long as the membrane
is still depolarized from the preceding action potential. The reason is that shortly after the
action potential is initiated, the sodium channels become inactivated and no amount of
excitatory signal applied to these channels at this point will open the inactivation gates.
The only condition that will allow them to reopen is for the membrane potential to return

to or near the original resting membrane potential level. Then, within another small



fraction of a second, the inactivation gates of the channels open and a new action
potential can be initiated. The period during which a second action potential cannot be

elicited, even with a strong stimulus, is called the absolute refractory period [6].

1.3 RELIABLE SNP SYSTEMS

The reliability of CMOS circuits has become one of the top concerns of future IC
design, especially impacted by process variations and device unreliability. However,
compared with biological neurons, silicon transistors and circuits are still quite reliable.
At the 12nm node, the failure rate of a SRAM cell is expected to be less than 0.03% [7],
on the other hand, for a spiking neuron, the coherence between the stimulus and the
output signals is only ~70% [8][9]. Even with such a high failure rate, the brain is still
robust enough to perform neural function and computation correctly, which raise a
question on how the neural system overcomes this reliability challenge.

Many works have been inspired by this question. One of the well-known
examples is neural networks, which focuses on how to adaptively tune the synapse, i.e.,
the interconnection between neurons, to achieve the robustness and the learning
capability [10] [11]. However, this approach only reflects Pavlov’s conditioned reflex
experiment which mainly focuses on the synapse function of the receiver. Besides the
biological constraints of this approach, the difficulty in hardware implementation also

limits the applications, even with the help of emerging memory devices [12][13][14].



Instead of the synapse, SNP systems pay more attention to the neuron, which is
the core component in neural computation. SNP system has been proved to be Turing
complete [15], and capable of solving numerical NP-complete problems in polynomial
time [16]. Indeed, as a computing device, the spiking neuron endows substantially larger

computation power and better reliability over the conventional Boolean logic [17][18].

1.4 SPeCIFIC CONTRIBUTIONS OF THIS THESIS
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Figure 5. The SNP-based design has a significant advantage in circuit reliability over Boolean logic

This thesis attempts to transfer the theoretical SNP model into the practical circuit
design, with the emphasis on circuit reliability management from unreliable devices.
Figure 5 presents a 1-bit full adder as an example, applying different reliability

improvement (chapter 3 and 4). NAND-based adder consists of 36 transistors, Triple



Modular Redundancy (TMR) improved NAND-based adder has more than 108 transisters,
whereas the SNP-based adder has 83 transistors. Assuming the probabilities of a 1-bit
error happening in a neuron and in a NAND gate are the same, the SNP-based design is
clearly superior in circuit-level reliability. At the 95% success rate of the adder function,
the SNP-based design tolerates 17.2% error rate per neuron, as compared to 0.57% in the
single module implementation or 4.4% error rate per NAND gate in the case of TMR.

With this benefit, this work represents the first step toward reliable logic circuits
design that is inspired by spiking neurons. The contents of this thesis include:

Basic neurons: Two types of spiking neurons are proved to be basic neurons
which can build up a neuron with arbitrary rules in it. (Chapter 2)

SNP-based arithmetic circuits: Some basic arithmetic operations, addition and
comparison, are synthesized for design evaluation. (Chapter 3)

Design of SNP motifs for reliability: Error model are proposed after discussing
erroneous neurons. To deal with the error in a single neuron, appropriate redundancy is
necessary. Compared to simply adding more copies of neurons (e.g., TMR), the proposed
motif design (i.e., clusters of neurons) is able to utilize the unique operation of spiking
neurons and to achieve high reliability. (Chapter 4)

CMOS implementation of neurons: Using DRAM-type circuits, the design
realizes the function of neuron, without any Boolean logic. Design simplicity offers lower

leakage and smaller area. The sacrifice of reliability at the neuron level is well recovered



at the circuit level, through the SNP network with the help of motif design. The design is

evaluated at 45nm in the presence of statistical variations. (Chapter 5)
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CHAPTER 2
PRINCIPLES OF SNP SYSTEMS
2.1 INTRODUCTION TO SNP SYSTEMS
Spiking neural P systems are inspired by membrane systems and based on the
neurophysiological behavior of neurons [2]. In SNP systems, the processing elements are
neurons, which are connected by a directed graph—the synapse graph. The SNP systems
work only with spikes and all the spikes it deals with are identical. This section explains the
basic rules of SNP neurons in a mathematical way.
For a Spiking Neural P system of degree m > 1, in the form
[1=(0,04,..,04,Syn,ip)
Where:
1. O={a} is a singleton alphabet and a represents a spike.
2. 04,..,0q areneurons of the form
o= (MR, 1<i<m
Where:
a. n; = 0, n; is the initial number of spikes contained in the cell;
b. R; is afinite set of rules of the following two forms:
(1) E/a" = a; t, where E is a regular expression over O, r =1 and
t=0,
(2)a®> > A ,for s>1, a® ¢ L(E) foranyrule E/a" — a; t from R;.

11



3. synbelongsto {1,2,..,m}x{1,2,..,m} with (i,i) € syn for 1 <i < m;

4. iy € {1,2,...,m} represents the output neuron.

The rules of type (1) are firing rules, the contents of the neuron are described by
the regular expression E, r spikes are consumed, the neuron is fired, and it produces a
spike which will be sent to other neurons after t times units.

Neurons have two important actions which can happen in one step: getting fired
and spiking.

A neuron gets fired when applying a rule E/a" — a; t, and this is true only if the
neuron contains n spikes such that a”™ € L(E) andn > r. This means that the regular
expression E  “covers” exactly the contents of the neuron.

For the spiking, the use of a rule E/a" — a; t in a step g means firing in step q
and spiking in step g + t. That is, if t = 0 , then the spike is produced immediately, in the
same step when the rule is used. If t = 1, the spike will leave the neuron in the next step,
and so on.

The rules of type (2) are forgetting rules: s spikes are simply removed from the
neuron when applying a® — A. Like in the case of spiking rules, the left side of a
forgetting rule must “cover” the contents of the neuron, i.e. a° - A is applied only if

the neuron contains exactly s spikes. [2]
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2.2 BASIC TYPE OF NEURONS

From the previous sections, we have known the basic information of SNP systems.
Since there’s no restriction on the expression E, the combination of different rules in a
neuron is infinite, which would complicate the fabrication of neuron circuits design.

Inspired by the fact that any Boolean function could be implemented by NAND
gates, a hypothesis is proposed that there are some basic neurons which could implement a
neuron with arbitrary rules in it.

Since neurons have two actions—qgetting fired and spiking, we are going to begin
with finding neurons that could implement these two actions separately.

The first thing is to identify the number of input spikes. The number of input spikes
could be expressed in binary notation. Inspired by the 1-bit full-adder in Boolean logic,
two kinds of neurons called odd type and even type are presented in figure 6. The odd
type performs the function of sum of Boolean 1-bit full-adder while the even type

performs the function of carryout of 1-bit full-adder.

— a —+ a — a4 —+ A

o 4l A q? = g |—
—— a4 — & — g’ — g
Odd type Even type

Figure 6. Odd-even type neurons can build up 1-bit adder. Odd type performs the sum function and the
even type performs the carryout function

13



With one odd type neuron and one even type neuron, a 1-bit spikes converter
which convert the number of input spikes into binary expression can be built (shown in

figure 7): O corresponds to Sy in 1-bit full-adder and E corresponds to C,yt. The number

of input spikes will be expressed in binary code EO.

a —> a 0
a’~> A ——
al > a SR
0 pb—»
:> —
E ——
a — A —
9 E
a“ > a [——»
ads — a symbol

Figure 7. 1-bit spikes adder design and its symbol

This design can be expanded to sum up more input pulses. Figure 8 shows a

design which can sum up 12 inputs and express the number of input spikes in a 4-bit

binary code aja;a,as.These designs are named as converters since they can convert the

number of input spikes into binary expression.

14



Figure 8. Multi-bit adder is the expansion of the 1-bit adder. This one can sum up at most 12 input
spikes and convert it into binary code aga;a,as

However, the odd type neuron has two thresholds, which will be a problem in the
future hardware design and implementation. In order to avoid this problem, some new
basic type neurons that have only one threshold are needed. Moreover, the new basic
neurons should also be capable of constructing the odd-even type to sum up input spikes.

Since the neurons have only one threshold, the number of inputs of the new basic
type needs not to be set, the new basic neurons could have arbitrary number of inputs.

And this is very reasonable because neurons in brain always have many inputs.
15



Firstly, the even type neuron fulfills the requirement of one threshold. We rename
it High Pass neuron with threshold 2 (in short: HP neuron). Following the one threshold
requirement, the complementary design of HP neuron is named as Low Pass neuron with
threshold 2 (in short: LP neuron). HP and LP neurons are shown in figure 9. For
simplicity, HP and LP neurons will be represented by their shapes shown in figure 9

without rules written in it for rest of this thesis.

a—A a—a
2 2
a‘—>a ‘A
HP neuron LP neuron

Figure 9. HP neuron and LP neuron are the basic neurons. HP neuron will fire a spike out if it receives
more than two spikes and otherwise will forget input spikes. LP neuron works in the opposite way.

Figure 10 presents the odd-even type neuron constructed by HP and LP neurons.
Verification on the function of designed odd neurons is as follows:

1. If there’s only one spike at the inputs, this spike will be passed to the final
output.

2. If there are two spikes at the inputs, there will be two kinds of cases: (a) input
1 and input 2 have spikes or (b) input 3 and input 1 or input 2 have spikes. For
case a, neuron B will give out nothing and neuron A will see nothing from the
inputs, thus gives out nothing. For case b, both neuron B and C will send a

spike to neuron A and neuron A will give out nothing at the output.
16



3. If there are three spikes at the inputs, neuron B will give out nothing and
neuron C will pass the input spike to neuron A, and neuron A will receive only
one spike at the inputs and thus fire a spike out.

From the above analysis, the design is proved to be valid.

in1 in2 in3

[T
N/

l |

@) (b)

Figure 10. Odd-even neuron can be implemented by HP and LP
neurons. (a) odd type, (b) even type

A one input LP neuron could work as another important unit—the delay unit. This

delay unit with one clock delay is designed to synchronize the circuits. Neuron C in the

LP neuron based odd-type neuron design is an example of delay unit.

From the above, we can conclude that the converter, which can sum up arbitrary

number of input spikes and expressed them in binary code, could be constructed by LP

and HP neurons.
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For the rule part, some LP and HP neurons will be used to build up a judgment
circuit which decides whether to fire or not based on the number of input spikes
expressed in binary code generated by converter.

A special kind of rules called “do-nothing” should be considered. Unlike the
firing and forgetting rules, this kind of rules makes the neurons do nothing, i.e., the input
spikes will be remembered in the neuron with no spike output. This kind of rules even
won’t be written in the neurons as they are not real rules.

Suppose a binary number aga;ajasasag is transferred from the converter. For a
firing rule a” — a, a set of HP and LP neurons are supposed to check the equationn =
apajajasasas, if the equation was true, a spike should be sent to final output.

Similarly, for a forgetting rule a® — A, another set of HP and LP neurons are
supposed to check the equation n = aya ajazasas, if the equation was true, a spike
should be generated to make sure no firing rules would be activated. A detailed example
will be given later.

For the do-nothing rule a”, if the equation n = ajya;a,azaas was true, a spike

will be generated and copied to n inputs to participate the next step calculation.

2.3 AN EXAMPLE OF BUILDING A COMPLEX NEURON
Figure 11 presents a neuron which will be implemented by HP and LP neurons.
The neuron has both firing and forgetting rules in it, along with a do-nothing rule a.

18



Y
a — a
a? — A
al - a |,
a®> — A
a® — a

—

Figure 11. A representative neuron will be implemented by
HP and LP neurons. This neuron has firing rules, forgetting
rules and a special rule a2 in it.

Figure 12 presents the converter design and its symbol which will be used in later.
The converter generates a binary number aga;a,, a, is most significant digit and a, is

the least significant digit.

converter

a a9

@ (b)

Figure 12. Converter design and symbol

19



Figure 13 illustrates the ruler design. This neuron has 5 rules in it: 1)a — a;
2)a® - A; 3)a* - a; 4)a® > A; 5)a® - a. Since neurons would only be activated by
spikes, some rules might be activated unexpectedly, i.e. rule 1 will be activated when
applying rule 4. Thus rule 1 should be deactivated by rule 2 and rule 4; rule 3 should be
deactivated by rule 4 and rule 5 and the do-nothing rule a? should be deactivated by rule

2 and rule 5.
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Figure 14. Final implementation of the proposed representative neuron
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Figure 14 presents the final design of the target neuron, which leads to the
conclusion that an arbitrary neuron could be implemented only with HP and LP neurons.
Since SNP systems have already been proved to be Turing complete [2] [15], the

same conclusions could be expanded to the HP and LP neurons.
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CHAPTER 3
DESIGN OF SNP-BASED ARITHMETIC CIRCUIT
The spiking neuron model has been proved having much more computational
capacities in Boolean function processing than other traditional neuron models, such as
threshold gates and sigma-pi units [17]. There have been several attempts in the synthesis
of arithmetic operations with SNP neurons [19][20]. This chapter proposes designs of

several arithmetic functions using only the LP and HP neurons.

3.1 PREREQUISITE OF SNP CIRCUIT DESIGN

In order to perform arithmetic operation, it is necessary to determine the numbers
to be computed in the system. A lot of works have been done on applying SNP systems in
Boolean domain, dealing with binary codes [19]. However, the binary encoding method
might not be suitable for SNP systems since it was designed appropriately for CMOS
logic circuits. Instead of binary codes, the unary codes seem to be more appropriate for
SNP systems. In most researches on SNP systems, the encoding mechanism is designed
to be either the time interval between two spikes, or the number of continuous spikes.
This mechanism accords with the fact that the time when neurons receive and fire out
pulses is of great importance in encoding information in human brain [20].

Figure 15 illustrates these two representation methods, which could be easily
converted into each other using the circuit shown in figure 16[21].
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Figure 15. Six expressed in two methods. (a) Six expressed in time
interval (b) Six expressed in continuous spikes
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Figure 16. Two circuits that transform data between different representation methods: (a)
Convert data represented in time interval into continuous spikes, (b) Convert data
represented in continuous spikes into time interval [21].

In [20], the time interval represented data was computed after being transferred
into continuous spikes and the result represented in continuous spikes was converted into
the time interval. Since all the data being calculated was represented in continuous spikes,

this method will be used in this thesis for simplicity.
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Since the SNP model operates quite differently from the Boolean gates, the
network of SNP systems that performs a certain arithmetic function will not be the same
as the one of Boolean logic. Thus the SNP network design plays an essential role at the

preliminary stage of SNP design for arithmetic functions.

3.2 ADDER DESIGN

Adder is the core component of arithmetic logic units. Indeed, in today’s digital
computer, most of the arithmetic functions, such as multiplication, subtraction, and
division, are constructed from a binary adder with other smaller circuits (e.g., the inverter
or the shifter).

One-bit full adder in Boolean logic has two outputs, one for carryout and one for
the sum. Although our data representation is different from the binary method, the SNP

based adder still needs to have these two outputs.

3
4
3
|
SUM

Figure 17. SNP-based adder design
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Figure 17 presents the design of a SNP based adder: In1 and In2 are the primary
input data; neuron 1 and neuron 2 are input neurons; neuron 3 is the output neuron;
neuron4 is not only a delay neuron which synchronizes the calculation but also a
feedback path that sends carryout back to the primary input neurons.

This design has a restriction that inl or in2 should be one at most. This
restriction is caused by the scale of the feedback path. If a stronger computing capability
is needed, a larger and more complex feedback neuron circuit should be designed. Two
assumptions are applied here and later in this thesis: input data are synchronized; all
single neurons have the same signal delay from the input to the output.

Figure 18 shows the timing diagram of this adder design. The delay from the

primary input to the final output equals 2 which is the number of operation levels in the

SNP network.
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Figure 18. Timing diagram of adder
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3.3 SUBTRACTOR DESIGN
Subtraction is another fundamental arithmetic function. Unlike Boolean logic
subtractor, the SNP based subtractor is quite simple. Actually, a single LP neuron can

perform the subtraction.

Inl
4>
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4>
4>
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Figure 19. SNP based subtractor design
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Figure 20. Timing diagram of subtractor

From section 3.2 and 3.3, we can find that SNP neurons circuit design differs
from Boolean circuit design a lot. The SNP adder seems to be more complex than 1-bit
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full adder in Boolean logic while the SNP subtractor is much simpler than Boolean logic
subtractor. This is because of the different rules applied to SNP systems and Boolean
logic. What’s more, the disparate number representation method also leads the SNP

neuron circuit design to a new way.

3.4 COMPARATOR DESIGN
Another representative arithmetic circuit is the comparator which is widely used
in many areas, especially in image processing applications. The comparator calculates the

absolute difference between two numbers and compares the value with a given threshold.

Figure 21. SNP based comparator design
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Compared to conventional Boolean logic comparator, figure 21 presents a new
design that is fully based on LP and HP neurons. It will output one spike if the difference
between its two input spike sequences is greater than or equal to 3.
This SNP design contains three parts:
® Partl: Subtraction. This part evaluates the absolute value of the subtraction
between two inputs. The function of this part is:
0p1 = |inl — in2|

® Part2: Comparison. This part compares the subtraction value with a threshold

3. The function of this part is :
0p2 = Op; — threshold + 1

The threshold value is determined by the number of levels in the comparison
network. Thus, if another threshold value is needed, the chain of LP neurons
in P2 should be proportionally adjusted. The number of LP neurons in the
chain is threshold — 1, so if the threshold is one, this part could be removed.

@ Part3: Conversion. This part converts the input spike sequence into one spike

if there’s a spike sequence at the input. The function of this part is:

0p3 = 1, ifopz =>1
0p3 = 0, if0p2 =0
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Figure 22. Timing diagram of SNP based comparator

Unlike the design of the previous SNP adder, in the design of a SNP comparator,
the maximum length of input spike trains is actually not limited. This is because the
function of a SNP comparator is decreasing the length of the input spike sequence while
the adder is combining and increasing the length of the input spike sequence. As a result,
the comparator design needs no feedback path in the network while the adder design

does.
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CHAPTER 4
RELIABLABLE DESIGN OF SNP SYSTEM
In this chapter, erroneous neuron is analyzed and error models are proposed; a
motif design for neurons to improve reliability is applied in three arithmetic circuit

designed in chapter 3.

4.1 ERROR MODEL DISCUSSION

In order to increase reliability, the SNP error types should be analyzed and SNP
error models should be built.

The definition of SNP systems is clearly expressed in Chapter2. The firing rule is:

E/a" — a; t, where E is a regular expressionover O, r > 1 andt = 0;

We can draw a conclusion that SNP neurons could only fire one spike at one time,
which means SNP neurons will only receive no more than one spike at each input each
time. Then the assumption that the most possible error on the arriving spike is missing
seems reasonable. This spike missing problem could probably be caused by one spike
arriving at the target neuron after the neuron evaluates its inputs or the synapse fails to
work.

This assumption fits the biological background very well: After firing a spike, the
excitability of a neuron would reduce to zero for a certain period and this hyperpolarized
neuron could not be inspired during this period which is called absolute refractory period.
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This means that the neurons could not generate two spikes in serial in a certain period
which corresponds to one clock in SNP systems.

Since we assume the error rate would not be very high, the probability of two or
more input spikes missing at the same time would be very small, which allows us to

ignore this situation in this thesis.
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Figure 23. Error discussion on LP neurons with threshold n:
(&) LP neuron with threshold n having n-1,n,n+1 spikes input
(b) Same neuron having one input spike missing
(c) Aneuron with threshold increased by one

Figure 23(a) shows a LP neuron with threshold n, for n input spikes case, the
neuron will fire a spike; for n+1 input spikes case and n+2 input spikes case, the neuron
will forget all the input spikes.

Figure 23(b) shows the same LP neuron with one input spike missing, n input
spikes case and n+1 input spikes case become n-1 input spikes case and n input spikes
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case which would inspire the neuron to fire a spike; n+2 input spikes case becomes n+1
input spikes case while still triggering the forgetting rule.

Figure 23(c) shows a LP neuron with threshold n+1, for n input spikes case and
n+1 input spikes case, the neuron will fire a spike; for n+2 input spikes case, the neuron
will forget all the input spikes.

From the above, we can conclude that for LP neurons, one spike missing is
equivalent to the threshold increasing by one.

There is one conflict which needs to be clarified. When the number of input
spikes is one, for the threshold increasing erroneous neuron, it will fire, but for the
spike-missing erroneous neuron, the neuron can’t receive the spike and thus would not
fire. In this case, the threshold-shift error doesn’t match the spike-missing error. This
conclusion is incorrect. Let’s recall from the reason of one spike missing. This error
happens because one spike did not reach the target neuron before the neuron evaluates the
input spikes. However, a neuron starts evaluating its input pulses after it receives its first
spike which means spike-missing error would not occur to LP neurons if there was only
one spike at the input.

As a result, the threshold-shift error is equivalent to the spike-missing error for LP

neurons.
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Figure 24. Error discussion on HP neurons with threshold n:
(@) HP neuron with threshold n having n-1,n,n+1 spikes input
(b) Same neuron with one input spike missing
(c) A neuron with threshold increased by one

Figure 24(a) shows a HP neuron with threshold n, for n-1 input spikes case, the

neuron will forget the input spikes; for n input spikes case and n+1 input spikes case, the

neuron will fire a spike.

Figure 24(b) shows the same HP neuron with one input spike missing, n-1 input
spikes case and n input spikes case become n-2 input spikes case and n -1 input spikes

case which would trigger the forgetting rule; n+1 input spikes case becomes n input

spikes case while still inspiring the neuron to fire a spike.

Figure 24(c) shows a HP neuron with threshold n+1, for n-1 input spikes case and

n input spikes case, the neuron will forget its input spikes; for n+1 input spikes case, the

neuron will fire a spike.

If n=1, the threshold increasing error still equals the one spike missing error.
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From the above, we can conclude that the one spike missing error is equivalent to
the threshold increasing by one error for both LP and HP neurons. Since the
threshold-shift error is simpler on analyzing and modeling, it is an appropriate model to
analyze the reliability in this thesis.

For simplicity, the original basic SNP neurons are named as alpha version, the
threshold-shift erroneous SNP neurons is beta version. Figure 25 presents the alpha
version and beta version of LP and HP neurons with threshold one, which will be used in

this thesis.
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Figure 25. Alpha and beta version of LP and HP neurons. Alpha version represents the designed
neurons, beta version represents the erroneous neurons.

4.2 ERROR TOLERATED IMPROVEMENT OF A SINGLE NEURON
In order to enhance the error tolerance of a SNP circuit design, our approach starts

from increasing the reliability of a single LP or HP neuron. For this purpose, a traditional
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solution is to combine more identical units with a majority vote unit. In this way, the
function of the unit will be correct only if the majority of these multiple copies work
correctly. Besides, the majority vote unit should also be correct. Figure 26 presents an
example of TMR (Triple Modular Redundancy) design for a LP neuron. Three copies of
the LP neuron work in parallel and the HP neuron serves as the majority vote unit in this

case.

Inl In2

o1 02 03

Out

Figure 26. TMR improved LP neuron

Table 1 presents the outputs of all neurons in this circuit corresponding to all
kinds of possible inputs of the circuit, 1 represents a spike at the input, and O represents

nothing.
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Table 1. Signal analysis in TMR improved LP neuron

Inl In2 01 02 03 Out
0 0 0 0 0 0
0 1 1 1 1 1
1 0 1 1 1 1
1 1 0 0 0 0

If one of the LP neurons (suppose neuron 3) changes from alpha version to beta
version:

Table 2. Signal analysis in erroneous TMR improved LP neuron (1 erroneous LP)

Inl In2 o1 02 03 Out
0 0 0 0 0 0
0 1 1 1 1 1
1 0 1 1 1 1
1 1 0 0 1 0

If the HP neuron changes from alpha version to beta version:

Table 3. Signal analysis in erroneous TMR improved LP neuron(1 erroneous HP)

Inl In2 01 02 03 Out
0 0 0 0 0 0
0 1 1 1 1 1
1 0 1 1 1 1
1 1 0 0 0 0

If two of the LP neurons (suppose neuron 2 and 3) change from alpha version to

beta version:
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Table 4. Signal analysis in erroneous TMR improved LP neuron (2 erroneous LP)

Inl In2 01 02 03 Out
0 0 0 0 0 0
0 1 1 1 1 1
1 0 1 1 1 1
1 1 0 1 1 1

Table 1, 2 and 3 have the same functions while table 4 has a different function on
case In1=In2=1. Thus, this design could tolerate at most one beta version error, no matter
error happens to LP neuron or HP neuron.

Suppose the error rates e,, of the neurons in a design are identical, and the errors
among the neurons are uncorrelated. (This assumption will be used later in this thesis.)
The reliability of this TMR circuitis: (1 —ey)* + 4e,(1 —e,)3

Although the TMR solution is widely used in many designs, it does have its
defects. The cost of TMR is very high while the improvement of reliability is relatively
low. In a word, the efficiency of its reliability improvement is low.

Compared to TMR, a better solution which is more efficient in reliability
improvement is needed. This solution should be able to make use of the unique properties
of the spiking neuron, as well as the error model.

This new design starts from analysis on the threshold-shift error model. When a
basic neuron falls into beta version, the threshold of the neuron changes from two to three.

Errors only happen to the two input spikes case. If the neuron has one input spike or three
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input spikes, the output will still be correct. Same conclusion could be made from Table 4.

Thus avoiding two input spikes cases is a good choice on reliability improvement.

Inl In2

Y \ i

lOut

Figure 27. Motif improved LP neuron

Figure 27 presents a circuit called LP motif, which is designed to tolerate the
threshold-shift error.

Table 5 presents the outputs of all neurons in this circuit corresponding to all
kinds of possible inputs of the circuit.

Table 5. Signal analysis in Motif improved LP neuron

Inl In2 o1 02 03 Out
0 0 0 0 0 0
0 1 0 0 1 1
1 0 1 0 0 1
1 1 1 1 1 0
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If the output LP neuron changes from alpha version to beta version:

Table 6. Signal analysis in erroneous Motif improved LP neuron (erroneous output LP )

Inl In2 01 02 03 Out
0 0 0 0 0 0
0 1 0 0 1 1
1 0 1 0 0 1
1 1 1 1 1 0

If the HP neuron changes from alpha version to beta version:

Table 7. Signal analysis in erroneous Motif improved LP neuron (erroneous input HP )

Inl In2 01 02 03 Out
0 0 0 0 0 0
0 1 0 0 1 1
1 0 1 0 0 1
1 1 1 1 0 0

If both the output LP neuron and the HP neuron change from alpha version to beta

version:
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Table 8. Signal analysis in erroneous Motif improved LP neuron (erroneous input HP
and output LP)

Inl In2 o1 02 03 Out
0 0 0 0 0 0
0 1 0 0 1 1
1 0 1 0 0 1
1 1 1 0 1 1

From section 4.1, we know that one input LP neurons would not have
threshold-shift error. Thus we can conclude that this motif design would fail only if both
the HP neuron and output LP neuron failed. Therefore the reliability of this circuit
is: 1 — e, . This design uses the same number of neurons as the TMR design but in a

different network.
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Figure 28. The reliability of a LP neuron is significantly improved by using the proposed motif, with a
similar area cost of TMR
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Figure 28 illustrates the success rate of the motif compared to the TMR design. At
the 95% success rate, the error rate TMR could tolerate is 9.76% while that the motif
could tolerate is 22.4%, which is much more effective than TMR.

In order to further enhance the reliability, TMR design usually adds TMR to each
unit in the original design while the motif only needs to insert more HP neurons in
parallel with the one in figure 27. Figure 29 illustrates a 2" order improved LP motif with
two HP neurons to improve the reliability, the LP motif with only one HP neuron in

figure 27 is 1* order improved LP motif.

Inl In2

l Out

Figure 29. 2nd order motif improved LP neuron
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Figure 30. The reliability can be further improved by adding more HP neurons

With an increasing number of orders of the motif improvement, the asymptotic
behavior of the motif improvement is presented in Figure 30. This solution provides the
flexibility to meet various reliability demands, at the cost of more neurons.

There is another benefit of the motif—delay: the motif design only has two levels
in the design no matter how many HP neurons are inserted while the number of levels in

TMR increases linearly when adding more TMRSs.

4.3 MoTIF APPLIED ON ARITHMETIC CIRCUIT DESIGN

The motif design has been proved effective for one single neuron. However, just
improving the reliability of a single neuron is not enough. The capability to improve
reliability in complex circuit design is more important.
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4.3.1 MoTIF APPLIED ON ADDER

Inl In2

Cout

N

Jsum

Figure 31. Motif improved adder

The motif improved 1-bit full SNP adder is presented in Figure 31. Since Inl,

In2 and feedback are sent into both neuron 1 and neuron 2 (in figure 17), these two

neurons could share one set of motif.
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Figure 32. Timing diagram of motif improved adder

Figure 32 illustrates the timing diagram of the motif improved adder. The delay
from the primary input to the final output represents the number of operation levels in the
SNP network. There are three levels in this design, compared to two levels in the original
design. Some neurons, such as the LP neurons in the first level, are introduced only as a
buffer, in order to synchronize the operation across various branches.

The success rate of the original designis: 1 — e, — e, (1 — e,)?; the success rate
of the motif improved circuit is: 1 —e,? — e,2(1 — e,)?, which is shown in figure 33.
At 95% system success rate, the original design could only tolerate 2.6% error while the
motif improved design could tolerate 17.2%. Figure 34 illustrates the reliability

comparison among adder motifs with different orders.
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Figure 33. The reliability of the adder design is significantly improved by using the proposed motif.
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Figure 34. The reliability can be further improved by applying higher order motif structure.

4.3.2 MoTIF APPLIED ON COMPARATOR
Applying motif on comparator is more complex than on adder as it has three

function unit and more critical neurons.
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Figure 35. Motif improved comparator
Figure 35 presents motif improved comparator. In the original design, there are
four critical neurons, which means an error that happens to any of these neurons leads to
the failure of the whole circuit.
The success rate of the original design is: (1 —e,)*; the success rate of the
comparator motif is: (1 —e,?)(1 —e,?)(1 —ey* —3e,3(1 — ey,)), which are depicted

in figure 36.
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Figure 36. The reliability of the motif improved comparator design is significantly better than that of
the original comparator design.

4.3.3 MOTIF RELIABILITY ENHANCEMENT ANALYSIS
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Figure 37. Reliability of comparator vs reliability of adder

47



Q

+—

@ 1.0

@ -

S o

O 0.8- .!'.SNP Design

S

Ll =

g 0.6 4 .,.

S

D .

> 0.4 4 .l BOOlE&F}eSigr/./l
(V-

© 0.2 _/ "

3 .

c / —

© 00{

2 T T T

o

= 100 1000 10000

Number of Trasistors

Figure 38. The reliability of the SNP design is effectively improved with smaller area than the Boolean
design

Figure 37 evaluates the reliability of these two SNP designs, with an assumption
that all LP and HP neurons have the same rate of the 1-bit error. Thus, this study
examines the capability of error tolerance in the SNP network. As shown in Figure 37, the
comparator has a lower reliability than the adder, due to its complexity. Since the
reliability of the network can be improved by increasing the orders of motif, Figure 38
checks the hardware cost in reliability protection. It presents the error tolerance at 95%
success rate of an adder in both CMOS-based SNP and Boolean designs. In the SNP
design, the tolerance of a single neuron error is rapidly enhanced by moderately adding
the motifs. Overall, the results reveal that the SNP network is more robust than the

Boolean network, with a lower area cost.
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CHAPTER 5
CMOS IMPLEMENTATION

5.1 DRAM-TYPE NEURON DESIGN

In the domain of designing neuromorphic silicon neuron circuits, a lot of analog
and digital implementations of spiking neurons are proposed to simulate the realistic and
complicated neural biological behavior [22]. However, paying too much attention to the
detailed function of dendrite and axon may distract us from the importance of simplified
neuron model which would benefit in power and density. This thesis focuses on designing

simplified circuit of neurons while still maintaining the primary properties.

5.1.1 BAsSIC NEURON IMPLEMENTATION

The circuit implementation starts from the design of the LP and HP neurons as
they are the fundamental units. MOESFETSs are used to build up basic neurons and 45nm
PTM are used in all the simulations.

As shown in figure 39, the design is constructed by three parts:

Integration: this DRAM structured part integrates all the input spikes in a
capacitor. The voltage on the capacitor represents the number of input spikes. The
number of the pass-gates corresponds to the input number of neuron. If more inputs are

needed, the number of the pass-gates should be increased.
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Evaluation: this part copies voltage at node nl to voltage at node n2 which is
realized by charge sharing between a large cap and a small cap.

Fire: this part compares the voltage at node n2 with the threshold voltage of an
inverter and determines whether to fire or not. The second inverter is a buffer which also

shapes the output pulse.
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(@ 2 input LP neuron
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[ ] [ ]
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integration evaluation fire

(b) 2 input HP neuron
Figure 39. CMOS-based neuron design, using DRAM-type structures
5.1.2 SIMULATION RESULT
Figure 40 presents the SPICE simulation results of a 2-input HP neuron. C1, C2,

C3 and C4 are four clocks; Inl and In2 are two input signals; nl, n2, n3 represent the
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corresponding nodes; Out is the final output which is also the input of the next neuron.
This simulation proves the simulated HP neuron functionally correct: it fires out a pulse
when there are two input pulses; it forgets the input when only one pulse arrives at the

neuron.
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Figure 40. The simulation of 2-input HP neuron

The circuit operates in the following order: first of all, C3 comes to high and the
fire stage applied fire/forget rules based on the voltage it reads from n2, meanwhile, Inl
and In2 arrive at the integration stage and the capacitor accumulates electrical quantity.
Then C2 comes and passes the voltage at n1 to n2; C4 discharges n3 until next C3 arrives.

Finally, C1 resets n1 and ends the period.
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Figure 41. Timing diagram of adder and comparator in simulation

By applying the neuron circuits in SNP networks, various functions could be
achieved. Figure 41 presents the timing diagram simulation of the adder and comparator

proposed in the previous chapter.
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5.2 CIRCUIT PERFORMANCE

The proposed CMOS design is simple, implying smaller area and lower power
consumption. Even though the simplicity of neuron design costs reliability, we can still
manage the system reliability via properly designed SNP networks. 45nm SPICE

simulation with threshold voltage (Vi) variations is applied in the following simulations.
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Figure 42. Reliability of a single neuron for various oy,

Figure 42 illustrates the reliability of a single neuron for various Vi, variances
(ovin). Because of the different circuit structure, LP and HP neurons have two different

curves of oy, tolerance.
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Figure 43. Tolerance of Vy, variation for motif adder and motif comparator

Figure 43 presents the tolerance of oy, for adder motif and comparator motif. The
ovin for adder and comparator is even larger than the one of single LP and HP neurons,
implying that appropriate SNP network will guarantee the system reliability.

Table 9. Comparison between Boolean and SNP on energy and leakage

Function Design type Switching Energy (fJ) Leakage Power (U W)
Adder Boolean 5.76 2.15
SNP 83.8 0.55
Comparator Boolean 83.73 38.52
SNP 151.8 0.91

Table 9 compares the power consumption between SNP circuits and the Boolean
design based on NAND gates. For a simple design like adder, the SNP design costs more

switching energy than the Boolean logic design because it operates more complex. But
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for a complicated design like the comparator, the switching energy costs on Boolean
design and SNP design are compatible. This might partially be due to the fact that the scale
of a SNP design does not increase as fast as the function complexity.

In both design cases, the leakage power of SNP circuit is much smaller than that of
Boolean circuits which profits from the reset operation at each cycle. All over all, the

design of SNP proposes a tradeoff between active and leakage power.
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CHAPTER 6
CONCLUSION AND FUTURE WORK

This thesis presents a first step toward designing integrated circuit with SNP
systems. The proposed LP (Low Pass) and HP (High Pass) neurons are proved capable of
implementing arbitrary SNP neurons and Turing complete, which make them basic
building neurons in circuit designs. Representative arithmetic functions are constructed
by the circuit implemented by LP and HP neurons.

One spike missing error is proved to be equivalent to threshold increasing by one
error. For simplicity, the threshold error model is analyzed through the thesis. The
reliability discussion starts from improving the reliability of a single neuron. The motif
structure is proposed and proved to be much more efficient than the traditional TMR
improvement. The motif structure is also applied on the arithmetic circuits and presents
its efficiency in reliable design.

The neuron model is implemented into DRAM-type CMOS circuits. The 45nm
SPICE simulation results illustrate that the SNP network is able to reach high success rate
while tolerating an excessive amount of unreliability at the device level. Besides, SNP
based circuits have much smaller leakage than the Boolean logic circuit while

maintaining compatible power consumption over the Boolean logic circuits.
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Overall, SNP system presents its design potential for IC designs. Future work is
needed in designing basic SNP functional unit, automatic generation of SNP neuron

circuits, synthesis on SNP networks and design optimization of SNP neuron circuits.
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