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Executive Summary

By the nature of their dense interconnectivity, future electronic spiking neural networks (SNNs) have
the potential to be extraordinarily robust and defect-tolerant, in addition to energy-efficient. In this
research, the effects on SNNs of high levels of radiation generated by weapons of mass destruction is
explored through advanced modeling and simulation. The networks are designed and trained to
recognize spatio-temporal patterns representing characters in the alphabet. Two-terminal resistive
memory devices (memristors) are used as synapses to manipulate conductivity paths in the network.
Spike-timing-dependent plasticity (STDP) learning behavior results in pattern learning and is
achieved using biphasic shaped pre- and post-synaptic spikes. A TiOz based non-linear drift
memristor model designed in Verilog-A is used to implement synaptic behavior and is modified to
include experimentally observed effects of state-altering, ionizing, and off-state degrading radiation
on the device. Effects of this radiation on the STDP learning rule, system stability, and pattern
learning ability of the spiking neural network are simulated.

In general, radiation interaction events distort the STDP learning curve undesirably, making the
connection between afferents stronger by increasing the overall conductance of synapses. At lower
radiation flux intensities of shorter duration, the network is often able to recover and fully relearn the
pattern with consistent training. As the radiation flux and duration increases, it can overwhelm the
leaky integrate-and-fire (LIF) post-synaptic neuron circuit and cause stability issues and/or failure to
relearn the pattern. Most often, this implies that some number of pixels in the learned pattern were
significantly distorted compared to the training pattern. In the total absence of repetitive pattern
presentation, the radiation effects accumulate in the system and it never regains stability. The results
suggest that having the ability to retrain networks (even to a moderate degree) after they have been
deployed for inference tasks would dramatically increase resilience of these systems.

The impact of neuron “death” (neuron circuit failure) due to radiation is also studied in this work
using a similar SNN spatio-temporal pattern approach. The simulations observe the effect on the
learning ability of the network for three general cases: when only neurons that participate in patterns
were disabled, when only non-participating neurons were disabled, or when non-selective neuron
death occurred randomly after initial training (the most realistic scenario). As expected, the network
learning ability was least affected in the case when the non-participating afferents were disabled
selectively. In this situation, the network often shows the capacity to recover even with loss of 25%
of the non-participating afferents. When non-selective neuron death occurred, the pattern learning
ability degraded rapidly for the case where death occurred simultaneously (such as from a very high
flux but short duration radiation event). However, gradual neuron death causes far less deterioration
in the network’s ability to recognize patterns. In fact, minimal degradation even with loss of 25% of
the afferents was observed in some simulations. These results suggest that non-participating afferents
can contribute to improving the learning ability of the network. Some network topologies may also
be naturally more resilient than others. Additional research will be required to address that possibility
at a more detailed level.



1. Introduction

The human brain can process thousands of streams of information simultaneously using very little
energy, while its versatility and ability to learn is key to cognition and intelligence [1], [2]. The brain
consists of more than 100 billion neurons, each connected to thousands of other neurons via synapses
[3], [4]. Currently, it is impossible to model or perform real-time simulation of the human brain. In
part, this is due to our incomplete understanding of its operation, but also because computing
technology is not advanced enough to capture the appropriate level of complexity. However,
researchers are working to mimic the behavior of large-scale biological neural networks using
electronics to open up the possibility of creating artificial intelligence. In doing so, the hope is to
capture other desirable features simultaneously, such as the brain’s extreme tolerance to defects and
adaptability. This report outlines a research effort to investigate the defect tolerance of future spiking
neural network (SNN) implementations using memristive synapses.

1.1 Project Goals and Timeline

The specific goal of this research is to explore the effects of radiation generated by weapons of mass
destruction (WMDs) on future electronic SNNs. These neuromorphic architectures are able to
perform many computational tasks more efficiently than today’s digital systems. Due to their high
degree of interconnectivity and adaptability, they are also expected to be more robust than digital
electronics overall, even though they are constructed with many of the same types of devices. A main
outcome of this research is to quantify the degree to which radiation exposure alters pattern
recognition accuracy and performance of neuromorphic circuits with memristive synapses. Two tasks
on which we will focus are spatio-temporal pattern recognition (STPR) with unsupervised, spike
timing-dependent learning and optical character recognition (OCR) through supervised training. A
second outcome is investigating new designs or alterations to current approaches that could mitigate
any threats to these systems posed by radiation.

Executing this project requires development of SPICE (Simulation Program with Integrated Circuit
Emphasis) device models for the constituent components (particularly the memristors) that
accurately capture the effects of radiation. It also requires estimates as to the of radiation interactions
on the devices and system over time, which in turn is a function of the operating environment and
specific WMD threat. A brief description of the main tasks from the original research proposal are
outlined below, grouped by the year in which they were scheduled to begin. Most of these tasks were
executed as stated with very little change, although a few were altered slightly.

Year #1

Task 1: Examine WMD radiation exposure profiles (functions of time and spatial position) in terms
of the types and amounts of radiation produced by nuclear and radiological WMDs.

Task 2: Study radiation effects in memristive devices comprised of many different types of materials
with different structures and electrical characteristics.

Task 3: Update memristor SPICE to capture the wide variety of observed memristor behaviors and
subsequent complex characteristics when exposed to radiation.

Task 4: Implement models for radiation in transistors. This was eventually updated to include overall
neuron circuit effects instead of the individual transistor level.

Year #2

Task 5: Generate circuit designs and layouts so that cross-sectional interaction probability of
radioactive particles can be calculated.



Task 6: Determine statistical radiation exposure for generated layouts using cross-sectional areas
(layouts in Task 5) and typical WMD radiation profiles (Task 1).

Task 7: Spatio-temporal pattern recognition simulation and analysis of training time, network
stability, successful pattern detection probability, and false positive frequency.

Year #3

Task 8: Optical character recognition simulation and analysis using the Mixed National Institute of
Standards and Technology (MNIST) handwriting database and a trained network.

Task 9: Consider network designs to mitigate threats to neural network performance posed by
radiation.

The original timeline for carrying out and completing the tasks outlined above is shown in the Gantt
chart of Figure 1.1. A no-cost extension through the end of the 2020 calendar year was also approved
for this project (total duration of 3.5 years). None of the tasks are directly linked because they are not
necessarily required to be performed consecutively. Many can be performed in parallel with some
flexibility depending on the skillset of students working on the project. For instance, neuron circuit
design, layout, and simulation was previously completed ahead of schedule. However, determining
appropriate radiation profiles and robust statistical calculation of exposure given circuit designs and
layouts is ongoing and has presented a significant challenge. Simulation of STPR and OCR has
commenced without full understanding of radiation effects and completely accurate interaction
probabilities, which can be updated over time.

ID Task Name Start Finish Duration 2017 2018 2019
Ql‘QZ‘QS‘QA Ql‘QZ‘QS‘Q4 QI‘QZ‘QS‘Q4

1 |WMD Radiation Exposure Profiles 1/2/2017 | 3/31/2017 65d |

2 |Radiation Effects in Memristors 3/1/2017 | 8/30/2017 131d ‘

3 [ Update Memristor SPICE Models 2/2/2017 | 12/29/2017 237d

4 |Model Radiation in Transistors 6/15/2017 | 3/15/2018 196d ]

5 |Generate Circuit Designs and Layouts 1/2/2018 | 8/30/2018 173d [ |

6 | Statistically Determine Radiation Exposure| 1/1/2018 | 12/28/2018 260d ]

7 | STPR Simulation and Analysis 11/1/2018 | 8/30/2019 217d ]

8 |OCR Simulation and Analysis 1/1/2019 | 12/31/2019 261d —

9 |Network Designs to Mitigate Threat 11/1/2018 | 12/27/2019|  302d —

10 | Compile Summary of Results 11/1/2019 | 12/31/2019 43d ‘

Figure 1.1. Original proposal Gantt chart showing organization and timeline of research tasks.
1.2 Summary of Outcomes by Year
Year #1

The primary accomplishment in the first year was development of a memristor behavioral model that
captures radiation interactions (Verilog-A code provided in Appendix A). In this effort, the team
completed tasks 2 and 3. Neuron circuit designs and layouts were also finished ahead of schedule,
and work begun on tasks 1, 4, and 6. Later, task 6 morphed into a more appropriate approach in
which radiation effects were captured at the neuron circuit level (due to a disabled transistor or
capacitor) versus at the transistor level. Basic network simulations (without pattern encoding) were
also initiated the first year.

Year #2

Much more extensive network-level simulations were carried out in the second year of the project.
The encoding and training scheme for STPR and OCR was implemented, and radiation profiles were



also included using the memristor behavioral model. For tasks 5 and 6, it was determined that the
area of the metal-insulator-metal (MIM) capacitors dominate most neuron circuit designs. Thus,
radiation interactions have a much higher probability of causing defects in the insulator and shorting
out these devices, thereby disabling the neuron circuit.

Year #3

In the third year of this project, the main focus of the team was continuing to analyze network
performance when subjected to radiation interactions occurring at the synapses. However, we also
began exploring degradation mechanisms that would cause neurons to cease operation (neuron
death). In this effort, the team made outstanding progress on tasks 4, 7, and 8.

1.3 Significant Achievements

A number of significant achievements were realized over the duration of this 3.5-year project. These
are summarized below:

e Two articles submitted to peer-reviewed journals directly involving this work (one accepted,
another currently under review), with a third article indirectly related.

e Four total conference proceedings published (one invited).

e Student best poster award at the International Conference on Neuromorphic Systems
(ICONS) 20109.

e Funded student Sumedha Gandharava Dahl received PhD in Summer 2020 and is currently
employed at Micron Technology.



2. Device and Circuit Modeling
2.1 Memristor Model Characteristics

The literature shows that extensive effort has been made to physically implement memristors, and
significant progress has been made in modeling these devices as well [5], [6], [15]-[19], [7]-[14].
Modeling not only helps better understand the working principals and the performance of the device,
but also facilitates simulation of the devices in larger and more complicated circuits. One challenge
in implementing good memristor models is the often non-deterministic behavior of the devices. The
presently available models in the literature can be categorized into either physical or mathematical
models. The mathematical SPICE models like TEAM [15], Simmons Tunneling [17] and Yakopcic
[16] have a minimal (if any) physical explanation for the relatively large number of input parameters
used (up to 13). These mathematical models have many parameters to adjust, and can therefore
match respective device characteristics very closely, but their general accuracy is limited. It is thus
difficult to use pulse shaping reliably because the input parameters need to be modified for each
given shape and frequency of the input [16], [17], [20]. On the other hand, most of the physical
memristor models presented in literature depend on the ionic drift behavior for TiO2 memristive
devices presented by Strukov [5]. This subsection discusses and presents the simulation results of the
TiO. based non-linear ionic drift memristor model, for which the characteristics are published in
[21].

Many models are studied in the literature, the most explored ones being the linear ion drift model by
Strukov et al. [5], the non-linear ion drift model by Laiho et al. [22], the Simmons tunneling barrier
model by Pickett [18], the Yakopcic model by Yakopcic et al. [23], and the TEAM model by
Kvatinsky et al. [15]. Both the linear and the nonlinear drift models are based on the theory that
memristors are represented by a circuit with two resistors, the high resistance coming from the non-
conductive (oxide) region and the low resistance from the conductive region. The Laiho’s non-linear
drift model assumes non-linear dependencies between the voltage and the state variable (%), which is

a normalized parameter. The Simmons model assumes that the ions in the devices present
exponential dependence, resulting in the model’s exponential and symmetric switching behavior
between the current and the state variable. The TEAM model assumes polynomial dependence
between the memristor current and the state variable. Other models are also presented in the literature
for self-directed channel devices [24], where an empirical approach is used to match the device I-V
characteristics [25].

This work uses a TiO- based ionic drift memristor model. The model simulations are a close
representation of oxide-based device characteristics at multiple frequencies, pulse shapes, and sizes.
Another reason for the use of this model is because multiple radiation studies have been performed
on the TiO, memristive devices [26]-[28]. The model is also voltage controlled, has an explicit -V

relationship, includes non-linearity, has a normalized state variable (V—];), and the model is not purely
mathematical. The model has lower accuracy, but has been widely used in simulations and

comparison studies like Chua et al. for designing memristor bridge synapse base neural networks and
by other references [16], [29]-[33].

The memristor models are accompanied by a window function that is used to add non-linearity to the
model, which is specific to the device. The window function also forces the physical boundary (0 <

% < 1) of the device in the model. Multiple window functions compatible with the ion-drift model
are used in the literature by Joglekar and Wolf [34], Biolek et al. [35], Prodromakis et al. [33], and

piecewise by Yu at al. [36]. All of the window functions can induce non-linear drift in the model and
can only provide symmetrical window functions (except the piecewise function which could induce



asymmetry). The TiOz based non-linear ionic drift memristor model was proposed by Strukov et al.
in 2008 [5]. Since then, the model has been widely adopted in the literature, and has been used
extensively in simulations and comparison studies, like Chua et al., for designing memristor bridge
synapse base neural networks [16], [29]-[33].
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Figure 2.1. Representation of a memristor as suggested by Strukov. (a) Memristive device of thickness
“D” represented as a combination of doped (low resistance) and undoped (high resistance) region. (b)
Circuit representation of two variable resistors, Ron (less resistive region of width w) and Ro (high
resistive region of width, D-w) [5].

The ionic drift model effectively treats the instantaneous total resistance of a memristive device Rmem
as two variable resistors connected in series, as represented in Figure. One of these resistors
represents a conductive region of thickness w inside a device with physical thickness D. The other
resistor corresponds to a less conductive region of thickness D—w (Figure 2.1a). When w is almost
equal to the device thickness, D, the device is in its lowest resistance state, with the resistance value
Rmem equal to Ron. The device is in a high resistance state, with Rmem equal to Rofr, when w is much
less than the total device thickness D.

The total resistance of this memristive device is called the memristance (Rmem) and has units of
Ohms. The I-V relationship of the two variable resistance system represented in Figureb can be given
by Ohm’s Law, where Rmem IS a State-dependent resistance. Thus, the memristance can be written
mathematically as:

w w w
Rmem = RonB + Roff(1 - B) = Rofr — (Roff - Ron)ﬁ (2'1)

From Equation  (2.1) at w = D, then Rmem = Ron (low resistance state) and at w ~ 0, Rmem = Roff
(high resistance state). The ratio% is referred to as the state variable of the device and is physically
bounded 0 < % < 1, with 0 being the most resistive state and 1 being the most conductive state.

Change in the state variable is a function of time and depends on the mobility of dopant ions (p)
drifting under a uniformly applied electric field as:

dw  Rop
dt D mem (2.2)



In Equation (2.2), % Imem: IS the electric field in the conductive region of length w. The equivalent

circuit, as suggested by Biolek et al. [35], is represented in Figure a and consists of dependent
voltage source Emem and resistance Rof in series. Thus, the circuit equation is:

Vinem = RmemlImem = Rofflmem + Emem (2.3)
Comparing Equation  (2.1) and Equation (2.3):

w
Emem = —Imem(Rofr — Ron)E (2_4)

Equation (2.4) shows that Emem is a dependent voltage source that is controlled by the state variable
(%) of the device (from the auxiliary circuit in Figure b) and, current (Imem) at a given time.

E |
mem Rg : f(X} Vo= D
A
Imem
® + Vmem —®

Figure 2.2. Schematic representation of the memristor model as suggested by Biolek [35]. (a)
Implementation of the memristive circuit with dependent source Emem and resistance Ros. (b) Auxiliary
circuit with Imem dependent current source Gx and 1F capacitor Cx. The voltage across Cx controls Emem.

The auxiliary circuit, shown in Figure b, which sources Emem, contains a dependent current source Gy
connected to a large 1 F capacitor (Cx). The voltage across the capacitor Cx feeds the Emem in the
memristor circuit shown in Figure a. Imem drives the current source (Gy) as:

ROI‘I I"l Imem

G = — 2 (2.5)

Thus, using the relation I = C i—‘t’we get,

dV. w
dt GX (X)r 1 0 < D < ) (X) (26)
else, f(x) =0

where f(x) is the window function which introduces non-linearity in the device.

In Figure b, the current source is multiplied by the window function, f(x). This window function
handles the non-linear dopant drift in w when it is near the physical boundaries, which occur when %
~0 or % ~1. It also helps keep % bounded in the appropriate range between 0 and 1. The window
function used in this work is from Jogelkar and Wolf [34] and is given as:



f(x) =1—(2x—1)8 (2.7)

Thus, using the relation, I = C i—‘t’ , We get:

dVC—G ¢

(2.8)

The window function in Equation (2.7) is symmetric about zero voltage, but different window
functions can be used, that change depending on the polarity of the applied voltage, to model
asymmetry in the I-V characteristics [16]. Other parameters used in the model are Ron = 10 kQ, Rotf =
100 kQ (when not changing due to radiation), p = 10 fm?/V and D = 10 nm, so as to mimic the
characteristics of the HP Labs memristor as estimated in [35].

The memristor behavioral model is implemented in Verilog-A (Appendix A.1) and the simulations
are done using Cadence Virtuoso Spectre. Figure a shows the simulated current versus voltage
characteristics of the model. The plot displays all of the three characteristic fingerprints of a
memristor [52], [55], [60]. The hysteresis curve is pinched at the center, the area of the hysteresis is
decreasing with increasing frequency, and finally, it ends in a straight line at higher frequencies of
100 Hz and 1 kHz. These results demonstrate the same results from the ionic memristor model with
window function represented by Equation (2.7). In this case, the memristor model has no threshold,
thus, even at smaller voltages the device forces the change in the conductivity.

The change in the memristor current Imem With applied voltage Ve is plotted in Figure 2.3b, where
Vmem IS a train of write (1.25 V) and read (0.2 V) pulses followed with erase (—1.25 V) and read (0.2
V) pulses followed again with random voltage write/erase and read pulses starting at 2.5 s. The
positive voltage pulses increase Imem due to decreases in memristance. On the other hand, the
negative voltage pulses lead to a decrease in the current flowing through the device, due to an
increase in the memristance. The random pulses show similar behavior in proportion. Similar
experimental results are reported in [99].

16.0

(b)

M05H:z
9 0.55 Hz
I 0.75 Hz
M 1Hz
10 Hz

.

( \.))nmlu A

100 Hz .

1 kHz H

AR o 1] H|II|| 1L
-700.0  -500.0 -300.0 -100.0 100.0 300.0 500.0 700 | . | : ‘l ||\|| | 2
V (mV) 0 05 1 15 2 25 3 35 4

Time (s)

Figure 2.3. (a) I-V characteristics of the memristor model used in the study. (b) The current and voltage
plot in time shows the increase in Imem as a train of a positive pulse is applied across the device. Similarly,
the resistance increases and the current decreases as a train of negative pulses is applied. Only the
current measurements during the read cycle are presented here for clarity.

Figure 2.4 shows the electrical characteristics of the memristor behavioral model when the threshold
voltage of 0.6 V is included. To analyze the non-linearity in the device, a train of 125 +1 V pulses
followed with 125 —1 V pulses are applied with a pulse period of 1 ms and a pulse width of 0.9 ms.



Figure 2.4a and b plot the conductivity and state variable (w/D) of the memristor versus pulse count
and device current, respectively. Non-linearity is obvious in Figure a when the device reaches the off-
state (lowest conductivity) and the slight change in linearity of w/D is also present as the device
reaches the on-state (highest conductivity). The similar pattern can be observed in Figure b where a
logarithmic change in conductance versus current is almost a line, representing a logarithmic change
in conductance with device current. Figure ¢ shows the current-voltage characteristic of the device
when 0.6 V sine input is applied to the device. Note the 1-V curve displays a pinched hysteresis loop
and the hysteresis lobe area decreases as input frequency increases, finally reducing to a line at a
higher frequency. These are necessary characteristics of the 1-V curve of a memristive device [37].
Additional model verification characteristics can be found in [21].
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Figure 2.4. The memristor device shows a non-linear change in conductance and synaptic weight (w/D)
when a train of 125 +1 V pulses followed with 125 -1V are applied (PW=0.9 ms, PP=1 ms). (a)
Conductance and w/D versus pulse count and (b) versus device current. (c) The IV curve of the
memristor as 0.6 V sine input is applied, showing the characteristic decrease in pinched hysteresis lobe
area as frequency increases.

2.2 Radiations Effects on Memristors

It is important to model the effects of radiation on the memristive devices to understand the response
of systems deployed in harsh environments, such as those experienced during certain military and
space missions. Further, nanoscale dimensions of memristors change the way radiation interacts with
the devices, often making them more susceptible to single particle events [16]. Multiple studies have
experimentally examined the radiation effects on oxide-based memristive devices. Reference [135]
discusses the effects of proton and neutron radiation on TiO2 memristive devices. No significant
changes in the device characteristics were noticed when exposed to the 3x10* 14.1-MeV
neutrons/cm?. On the other hand, 7.75x10%® 350-keV proton/cm? irradiation is estimated to induce
1.7% additional vacanciesin TiO- leading to an increase in conductivity of the device in the off-state
[135]. A similar conclusion is drawn in [143] post proton exposure of their TiO> memristive devices.

Another experimental study on TiO> memristive devices in [111] observes the significant change in
the on-state of the device post alpha radiation (10'* 1-MeV alphas/cm?) although other kinds of
irradiation events did not affect the device on-state. Gamma, neutron, and bismuth ion radiation did
not affect the off-state of the device, but when exposed to protons and alpha particles the device
conductivity increased [111].

The effects of radiation on the electrical characteristics of TaOx memristive memories are
experimentally assessed in reference [144]. Switching from high resistance to low resistance and
complete failure of a few devices due to a cumulative dose of 10 keV X-ray irradiation is
experimentally observed. Reference [144] also shows that a 220 Co-60 gamma radiation source
radiating at a dose rate of 53 rad(Si)/s did not affect the TaOx device samples. A 4.5 MeV protons
source up to a dose of 5 Mrad(Si) did not affect the state of the devices, but when irradiated with
protons of energy 105 MeV, the off-state resistance of the devices generally decreased with



increasing proton fluence, indicating cumulative device degradation. Bombardment with 800 keV Si
ions created oxygen vacancies in the device, which lead to the loss in resistance similar to the results
observed in TiO2 devices in [144].

Proton-based total-dose irradiation effects on Cu-doped-HfO-based resistive-random-access-
memory (ReRAM) devices are experimentally studied in [145]. Results show positive shifts in the
set, reset and on-resistance after proton irradiation, possibly due to induced electron trap changes in
HfO> layer. The effects are observed to enhance almost linearly when the dose increases from 1.5 to
3to 5 Giga-rad[Si] at a constant dose rate of 237 + 1.8 krad[Si]/s. Proton irradiation also decreased
the off-resistance of the device, by creating more defects and thus increasing the device leakage
current [145].

Reference [146] also experimentally investigates the effects of high dose rate ionizing radiation and
total ionizing dose on TaOx memristors. Data shows that the dose rate of 1x10°® rad(Si)/s, with a
radiation pulse width of 1 ps, did not affect the off-resistance of the device. On the other hand, when
exposed to a higher dose rate of 4.3x108 rad(Si)/s for 500 ns, the off-resistance of the devices
decreased [146]. In the case of X-ray irradiation (dose rate of 4.3x108 rad(Si)/s), the lack of a
discharge path due to the floating terminal setup leads to a decrease in the off-resistance of the device
(pointing to circuit setup dependencies) [146]. Reference [146] also uses a ®°Co proton source to
evaluate total ionizing dose-response, the state change was observed at the dose rate of 4x108
rad(Si)/s but not at 1x108 rad(Si)/s. The study indicates that the irradiation response was dependent
on the irradiation conditions, bias configuration and varied from device to device [146].

The impact of the proton, gamma and alpha irradiation on the retention and endurance of Ag
filament-based ReRAMSs (with amorphous GezoSezo (photo doped with silver) as an active layer) is
experimentally studied in [147]. It is noted that devices were able to retain their states until 2.8 Mrad
of gamma radiation from %°Co. The cumulative distribution of on- and off-resistance of the devices
following 100 keV electron exposure was one aspect that was carefully studies. On-resistance does
not seem to vary with irradiation but off-resistance decreases as the total ionizing dose becomes
higher than 1000 krad. This characteristic was observed in all the cases when the device was
programmed at 10 pA, 50 pA and 100 pA pre-exposure [147].

In all the studies mentioned, the devices were able to recover their states after a few cycles and no
permanent damage was observed. Studies show that memristors have excellent resistance to damage
from certain types of irradiation, but are susceptible to others to a certain extent, and might be a
suitable candidates for radiation-hardened electronic networks.

There are multiple ways radiation can affect a memristive device. Device structure, radiation-type,
dose, duration, bias, area, and direction appear to play a major role in the response of memristor
memory to irradiation. This section groups the observed behavior of the memristors (under radiation)
in three different categories: interaction events that only change the state, those that cause ionization,
and events that alter the Rofr (0ff-state resistance) value of a memristor. The radiation model detailed
later in this section is motivated by these three observed behaviors.

State-Altering Radiation

Some radiation interaction events will change the conductive state of the device. Such radiation
effects have been experimentally observed in most of the oxide-based devices. Proton irradiation in
TiO, [135], alpha irradiation in TiO2 [111], [143], proton irradiation in TaOx [144], proton irradiation
in HfO, [145] and alpha and proton irradiation in GezSezo ReRAMSs [147] all showed the decrease in
resistance post-radiation when set in the off-state.



lonizing Radiation Current

In some cases (especially interactions with charged particles), atoms in the device will be ionized.
This will generate e h* pairs in the device active region thereby generating current. According to
reference [27], gamma rays can cause ionization, though the radiation dose deposited on active layer
was only about 31% of total radiation exposed. High energy Bi ions used in reference [27] also
shows ionization. However, no change in Ron OF Roff Was observed in either of the cases. Similar
ionization effect was also experimentally observed in reference [38].

Rofr Resistance Change

This case models the situation when a radiation event will change the off resistance (Roff) of the
device, thus also changing the read window. This was experimentally observed when the
chalcogenide phase change devices were exposed to gamma and electron radiation [39] . Proton
radiation was also experimentally observed to decrease Rosf in Cu filament based ReRAM devices by
creating more defects and potentially increasing the device leakage current [40]. Similar changes in
Rofr are also observed in references [32], [38] as a result of silicon ion and alpha irradiation.

lonization and State Change Events

This occurs when an interaction event results in both e "h* pair creation in the device and changing the
state of the device simultaneously. These effects due to gamma radiation were experimentally
observed specifically in TiOx based memristors [26], [27], [41].

2.3 Memristor SPICE Model With Radiation

This section describes a SPICE model that will capture the behavior of memristive devices in the
radiation interaction events described above. In the model, a current source Irad_sc is added to the
auxiliary circuit shown in Figure 2.5 that effectively changes the state of the device (stored as the
voltage V. across the capacitor). The current Irad_sc must be added in parallel to Gx such that both
currents sum before being multiplied by window function f(x). This will still keep state variable w/D
bounded within limits of zero and one. Thus, in the radiation model as shown in Figure 2.5, Equation
(2.6) becomes:

. W —
. 1fO<D<1, fx) =1 29
T = (Gx + Irad_sc) f(x), 9
else, fx) =0

On the other hand, a current Irad_eh is added to the main memristive circuit to represent ionizing
current (Figure 2.5). It adds to Imem directly without affecting the state variable of the device.

In the overall schematic shown in Figure 2.5, the portion inside the grey box is coded using Verilog-
A. This model is essentially agnostic to the type of materials used in the memristor and the exact
source of radiation. In the absence of radiation, the model reverts to the standard ideal model.
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Figure 2.5. Memristor model with radiation effects implemented in Cadence Virtuoso. Irad_eh is in
parallel with source thus adding to Imem directly without affecting the sate variable. Irad_sc added to the
auxiliary circuit so it can modify the state of device instantaneously. Roff is modified as a variable in
Verilog-A.

The Spectre transient simulation tool is used in Cadence to generate all the following waveforms. It
is important to note that the radiation current values used in the simulation do not necessarily
correspond to physical values at this time, but they would be suitable for experimental observations
in order to model an actual device. In the following simulations, Imem is the current flowing through
the applied voltage source Vmem, and Cadence assumes the direction of current through an element is
towards the closest ground (passive circuit convention). For example, in the case when Emem > Vimem,
Imem measured through Vmem by the Cadence simulator will be positive because it follows that as
direction of current flow for element Vmem. In this case, if we follow the current direction assumed in
Figure 2.5, the current though the memristor and Vmem Will be negative with same magnitude. Also,
the w/D ratio (state variable) is measured as voltage between 0 and 1 V (1000 mV) in the simulation.

Radiation-Induced State Change

Changes in the w/D ratio (difference between initial w/D and final w/D) when IRad_sc is applied,
under different device initial conditions are plotted in Figure 2.6. Application of positive IRad_sc
increases w/D and thus Aw/D ratio is moves in positive direction. Negative IRad sc moves the Aw/D
ratio in negative direction. In the case when the device is initialized at w/D=0.25, Aw/D is varying
from +.75 to —.25 as expected, since w/D is limited from zero to one by window function f(x).
Similarly, in case of initial w/D=0.5, Aw/D is varying from +.5 to —.5, and in case of initial
w/D=0.75, Aw/D is varying from +.25 to —.75 as expected. The initial values of 0.25, 0.5, and 0.75
were chosen simply for equal spacing between the bounds of w/D. Figure 2.6 also simulates the
effect of an IRad_sc pulse width. It is noted (in case of initial w/D=0.25) that higher pulse width
(longer duration of radiation IRad_sc) of 1.5 ms, the device reaches its limit at very small IRad_sc of
less than 5 mA. On the other hand, at smaller pulse width of .5 ms, higher IRad_sc of more than 15
mA needed to achieve saturation. Other initial conditions display similar pulse width behavior. Thus,
we can conclude that the change in the state of the device in affected by both magnitude and duration
of the radiation current IRad_sc, and further analysis of these results is ongoing. Aw/D and IRad_sc
pulses are varied so as to capture their effect over the wide range. Similar experimental results were
reported in references [26], [41]. Aw/D will also be affected by the initial state of the device though
most experimental studies present in literature are done on devices in the off-state.
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Figure 2.6. Change in state (w/D ratio) of device when exposed to IRad_sc of different magnitude and
duration. The device is studied under multiple initial conditions evenly spaced between the state variable
w/D bounds of zero and one.

Figure 2.7 illustrates the effect of IRad_sc on w/D and Imem in a transient simulation. Figure 2.7a
shows the input Vmem pulse train of =500 mV with pulse width of 150 ms and Figure 2.7b shows the
IRad_sc spikingto 3mA for1 msat0.8s, 2.6 sand 4.4 s. In Figure 2.7d, every time IRad_sc
occurs, the state of the device switches immediately. At 0.8 s when first IRad_sc pulse appeared, the
device was in the off-state, so the state of the device changed immediately but Imem in Figure 2.7e did
not increase until the device is turned on again at 0.9 s. Since in this case IRad_eh was not present,
according to Figure 2.5, Imem = |_Rofrin Figure 2.7f. When the next IRad_sc radiation pulse appears at
2.6 s, the device was in the on-state, so the state (w/D) and Imem change simultaneously. The w/D
achieved for IRad_sc pulse at 0.8 s is higher that at 4.4 s because right before 4.4 s device was in
much lower w/D state than right before 0.8 s pulse. Thus, the initial state will affect the final
magnitude of the state change for same radiation pulse. Additional state changing radiation applied
via IRad_sc in itself will not be the source of any current through the device.
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Figure 2.7. (a) Input voltage applied (Vmem) is a train =500 mV pulses with width 150 ms. The effect of
radiation that leads to device (b) state change and (c) ionization on (d) w/D ratio. (e) The corresponding
Imem and (f) memristor current (I_Rof).



IRad_sc shows similar effect in Figure 2.8. An input Vimem pulse train with 40 mV pulse magnitudes
and pulse widths of 150 ms are applied as shown in Figure 2.8a. The Irad_sc and Irad_eh current
pulses are shown in Figure 2.8b and c, respectively. It is interesting in Figure 2.8d that w/D saturates
to one very quickly after just two pulses of IRad_sc radiation and high Imem is observed through the
device in Figure 2.8e.

(a) Input Voltage across memristor

420 3 H H H H H H H H H H

(b) Irad_sc I l

V (mV)

[(mA)

: é(c) Irad_eh I I |

I (nA)

05 : (d) w/D ratio " N SN W RSN

Ratio

%(e) I_mem \
i () L Roff \

A L i L s

0.0 0.4 0.8 1.2 1.6 2.0 2.4 2.8 3.2 3.6 4.0 4.4 4.85.0
Time (s)

I(nA)

I(pA)

Figure 2.8. (a) Input voltage applied (Vmem) is a pulse train of 40 mV with pulse width of 150 ms. Low
negative voltage is chosen to clearly see the changing state overtime. The effect of radiation that leads to
device (b) state change and (c) ionization on (d) w/D ratio, (€) Imem and (f) |_Roft.

Effects of lonizing Radiation

The effect of ionizing radiation pulses (captured via IRad_eh) is shown in Figure 2.7c where
radiation hits the circuitat 3 mA for 1 msat 1.3 s, 3.1 sand 4.9 s. Both Imem in Figure 2.7e and |_Ro
in Figure 2.7f are not equal when IRad_eh arrives. Active voltage source compensates for increase in
IRad_eh thus, I_Roff observes no change due to ionization event i.e. IRad_eh does not affect the state
or the current passing through the device.

IRad_eh shows similar effect in Figure 2.8 where input Vmem pulse train is positive in Figure 2.8a.
Even after w/D saturates in Figure 2.8d, IRad_eh radiations does not affect |_Ros device in Figure
2.8f. Similar results are experimentally recorded in [26] where no detectable effect of ionization is
observed. On the other hand, the experimental results in [38] indicate no changes in memristive
devices at lower x-ray radiation dose but higher dose rate changed the off resistance of device which
might be due to changes in physical structure.

Changes in Off-State Resistance

Alpha radiation experimentally leads to state change in TiO2 devices in [27], but no change in Rt or
Ron are reported in their devices contrary to alpha radiation studies done on TiO2 devices in [42],
which shows change in Rt due to device deterioration. Our model considers that radiation may lead
to changes in both R and the state of the device, as depicted in Figure 2.9. Input (Vmem) In Figure
2.9a is a pulse train of =500 mV pulse magnitude and pulse width of 150 ms, is chosen so as to
observe the effect of change of resistance more clearly. In Figure 2.9b, IRad_sc enters the device
after 2.4 s producing 5.6 mA of current for 1 ms (device is in off state at 2.4 s). This instantaneously
lowers the off-resistance of the device from 100 kQ to 50 kQ as in Figure 2.9e. In Figure 2.9c, initial
w/D=0.75 at 0 s and as Irad_sc hits the device at 2.4 sec w/D instantaneously switches back to initial
value of 0.75 (Irad_sc was chosen as such). Further, even though the w/D value is the same at 0 s and



2.5 s, the current Imem is almost twice as much at 2.5 s (Figure 2.9d) because the Rt decreases (to
half from 100 kQ to 50 kQ) as result of radiation. Thus, the device is letting through higher current
even in the more resistive state. In addition, Figure 2.9d demonstrates that the Aw/D has changed
considerably due to radiation event, going from 0.56=0.75—0.19) pre-radiation to 0.744=0.75-0.006
post-radiation for identical input pulses applied. This indicates that the read window has decreased
for the device post radiation. At the moment, we do not apply changes to Ros due to Irad_eh. Similar
results can be observed in experimental studies performed in references [38]-[40], [42].

(a) Input Voltage across memristor

| INRIREI
=

= (b) Irad_sc |

[¥]
=]

.0

V (mV)

-420.0
6.0

T(mA)

800.0 :\4— wD=75 ——»
E S— w/D=.006

wo S @wDratioswy e ypoge '

3 (d) IL_mem [

= (e)R_off

Ratio

T(pA)

R (k)

T
0.0 0.5 1.0 1.5 2.0 2.5 3.0 3.5 4.0 4.5 5.
Time (s)

Figure 2.9. (a) Input voltage applied (Vmem) is a pulse train of =500 mV with pulse width of 150 ms.
Voltage is chosen as such to clearly see the effect of changing Roff on device. (b) The radiation pulse
(IRas_sc) that would change the off resistance of the device (c) shows the increase in w/D ratio and, (d)
Imem as radiation hits the device. (e) Shows the decrease in Roff post radiation event.

Stochastic Radiation Effects

Characteristically radioactive decay magnitude follows random Gaussian distribution and the pulse
interval follows the random Poisson distribution [149], [150]. Figure 2.10 presents the radiation
current spikes following Gaussian and Poisson distribution such that the memristive device will see
the radiation current spikes at 5.6123 Hz average frequency.
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Figure 2.10. The sample distribution of the radiation current spikes for 10 s at an average frequency of
5.6123 Hz. Current pulse magnitude follows the random Gaussian distribution and the pulse interval
follows the random Poisson distribution.



Figure 2.11a plots the histogram showing the inter-spike interval (ISI) between consecutive spikes
from Figure 2.10. The histogram shows the desired Poisson distribution with A = 0.25 s. The
histogram in Figure 2.11b plots the current magnitude distribution of each radiation current pulse.
The histogram shows the Gaussian distribution of the magnitude. In this case, the mean and standard
deviation of the current magnitude is 0.5 mA and 0.25 mA respectively. Throughout this work,
radiation frequency is kept at an average of 5 Hz with a standard deviation of 1 Hz, although mean
and standard deviation are modified to simulate the desired intensity.
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Figure 2.11. Histograms show the radiation current (a) spike interval distribution and (b) spike magnitude
distribution. The pulse magnitude follows random Gaussian distribution and the pulse interval follows the
random Poisson distribution.

In Figure 2.12, the effects of Iradsc and Iraden are simulated when they are occurring simultaneously
due to radiation, but do not change the off-resistance of the device. The input (Vmem) in Figure 2.12a
is a train of =650 mV pulses with width 150 ms is applied directly to the device. The Irad_sc in
Figure 2.12b and Irad_eh in Figure 2.12c are generated such that the current magnitude follows
random Gaussian distribution and the pulse interval follows the random Poisson distribution.
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Figure 2.12. (a) Input Vmem applied at -650 mV amplitude and 150 ms pulse width. (b) Irad_sc, state
change radiation and (c) Irad_eh, ionization radiations. Both Iradsc and Iraden are generated randomly,
with Gaussian distributed magnitude and Poisson’s distributed interval (d) % ratio changes accordingly
and reached to the maximum often but stays in the limit. () Imem balances Irad_eh and (f) Irad_sc
modifies the state of the device and Irott in proportion to its magnitude and state of the device right before
the event.



The result obtained follow the behavior observed in Figures 2.7 and 2.8. Imem balances Irad_eh during
each event, so device current or state are not affected. On the other hand, Irad_sc modifies the state
of the device in proportion to its magnitude and the state of the device right before the event. Similar

results can be observed in [111], [134], [144]. % reached a maximum value of one at multiple places
suchasat2.5s, 4.9 s, and around 6 s but always stays bound within the limits of 0 < % <1l

2.4 Spiking Neuron Circuits

The post-synaptic neuron used in the biphasic spiking neural network is designed in Verilog-A with
code provided in Appendix B. It represents a leaky integrate-and-fire (LIF) circuit behavior
governed by the Hodgkin-Huxley equations. The LIF circuit is implemented in the literature using a
single operational amplifier and MOSFETS [151]-[153]. This behavioral model increases the speed
and efficiency of the simulated circuit relative to one with actual components. The LIF circuit fires a
bidirectional biphasic spike toward the dendritic and axonic synapses when a certain threshold is
reached. A schematic depiction of the LIF circuit is presented in Figure 2.13a. The input of the
circuit, Vpostin, IS the node connected to the output of all the post-synaptic memristors in a network.
Vrostin changes with the change in the conductivity of the memristors and the spike timing of the pre-
synaptic afferents in the neural network.
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Figure 2.13. (a) Leaky integrate-and-fire (LIF) post-synaptic neuron circuit. The circuit is designed in
Verilog-A. The voltage source Viire produces the desired shape of post-synaptic biphasic spike. Cur,
Rcharge, and Rudischarge are responsible to mimic the leakiness of the biological synapse. (b) The plot shows
the increase in the voltage across capacitor CLir as the circuit sees the input spikes over time (Vpostin). Viire
sends out the output spike as Vc reaches threshold voltage Ve (= 0.5 V in this case).

In Figure 2.13a, the switches S; and Sy are initially connected to Reharge (1 GQ), thus charging Cuir. If,
at any point, Vpostin is less than the voltage across Cuir, S flips and Cyir starts discharging via
Ruischarge at 20 GQ for a slow leak. As soon as Vpostin is larger than the voltage across Cuir, Sz flips
back and Cyr starts charging again via Rcharge at 1 GQ. At times when the voltage across Cpir
becomes greater than a certain threshold, S, connects to Raischarge and S2 connects to Viire and the
circuit fires a desired biphasic spike, designed in the Verilog-A code. In this condition, Raischarge IS at 1
GQ for quick Cpr discharge or reset, and Vrire produces a biphasic spike traveling toward the
memristors (axonic synapses), thus updating their weight via the STDP learning rule. The charging
and discharging states of the capacitor are shown in Figure 2.13b using the red trace. As the input
spike arrives the capacitor charges and discharges slowly in the absence of a positive spike. The
charging and discharging process continues until just before 40 ms in Figure 2.13b, when the
capacitor reaches a threshold (Vcn = 0.5 Vin this case). At this point, Viire fires a bidirectional
biphasic spike, which is sent towards the present and the next layer of memristors (dendritic synapse)
in the network (not used in this work). The capacitor discharges rapidly during the time Vi is firing
the biphasic spike, as shown in Figure 2.13b as the green trace.



The threshold (Vcw) for the voltage across Cuir in Figure 2.13a, which would lead to the post-
synaptic afferent fire, depends on various factors. These factors include and are not limited to the
number of afferents used in the network, the charging, and discharging time constants, the pre-
synaptic pulse width, the frequency, and the amplitude. Too low of a threshold may make the
network unstable by changing the weights too fast. On the other hand at too high of a threshold, the
network weights may not change much or at all and thus the network would be unable to learn.



3. Neural Network Design

The network simulations in this work are generally of two topologies, as shown in Figures 3.1 and
3.2. Both memristor-based neural networks are fully connected, where all the pre-synaptic afferents
are connected to all the post-synaptic afferents via single memristors. The networks are also
unsupervised and are feed-forward, i.e. the connections between the nodes are not cyclic, unlike
recurrent neural networks. The conductivity of the memristors is modified continuously depending
on the activities of the two connected neurons.
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Figure 3.1. The memristor-based electronic pulsed neural network. Three pre-synaptic neurons are each
connected to two post-synaptic neurons via memristors used as synapses. This network uses randomly
occurring digital square pulses to modify the synaptic weights.
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The pulsed neural network shown in Figure 3.1 has all three pre-synaptic neurons (N1, N2, and N3)
electrically connected to two post-synaptic neurons (N4 and Ns) via six memristors (M1 to Mg). This
network uses square digital pulses as the action potentials and is used for preliminary simulations.
The second topology is represented by a spiking neural network in Figure 3.2, and is a single layer
perceptron network with either 25 or 100 pre-synaptic afferents (N1to N2si00), €each connected to a
single post-synaptic neuron (LIF post N) via single memristors (M1to Mas/i00). This network is used
to learn the desired 25-pixel or 100-pixel pattern via the STDP learning rule.
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Figure 3.2. The memristor-based electronic Spiking Neural Network used in this work for spatio-temporal
pattern recognition (STPR). 25 or 100 pre-synaptic neurons are connected to one post-synaptic leaky
integrate-and-fire (LIF) neuron via single memristors. The network uses biphasic shaped pulses to
achieve pair-based STDP for pattern learning.

3.1 Pair-Based STDP

As mentioned previously, STDP is a biological process that changes the strength of the connection
between two neurons based on pre- and post-synaptic neuron firing time. Many variations of STDP




are observed in biological in different areas of the brain and across different species. The STDP rule
implemented in this research is closest to one observed in the neocortex layer of the hippocampus
region in the human brain [154], [155]. In memristive devices, different shapes of pre- and post-
synaptic neuron spikes can be used to obtain the desired STDP shape [156]-[159] Often, a simple
pair-based STDP implementation is used, although frequency-dependent effects are typically
observed in neuroscience experiments, as in [160]. This section discusses the effects of various
factors on the STDP learning curve.

Figure 3.3 shows the test structure used to capture the STDP relationship. The memristor is
connected to a source of pre-synaptic and post-synaptic biphasic spikes entering into the two
terminals. The pre- and post-synaptic 10 ms biphasic spikes arrive at different time intervals as in
Figure 3.3a and b. Due to the time difference in the shaped pulses, the memristor sees varying
potential across it as shown in Figure 3.3c. When this net potential reaches sufficient magnitude
(which depends on the memristor threshold), a spike pair can change the synaptic weight.
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Figure 3.3. The two terminals of a Memristor are connected to the pre- and post-synaptic neuron inputs.
Spike trains in (a) show the pre-synaptic neuron spike produced and (b) shows the post-synaptic neuron
spike observed by the memristor terminal. The magnitude and shape of both are the same, except there
is a difference in their arrival times. Due to the difference in arrival time, memristor observes the voltage
given in (c) across it. Thus, the synaptic weight change would be different at each pre-post pairs’ arrival,
resulting in the STDP curve.

A

Dependence on State Variable and Pulse Shape

The pair-based STDP curve in Figure 3.4a is obtained using exponential biphasic spikes, whereas the
results in Figure 3.4b are generated using triangular biphasic spikes, as shown in the respective

insets. In Figure 3.4, the magnitude of change in synaptic weight (A%) at any given time will depend
on the initial synaptic state of the device and on the shape of the pre- and post-synaptic pulses.

When the device was initially in a less conductive state of% = 0.1, it saw about a six to ten times

larger change in synaptic weight when compared to when the device was initially at 90% %, i.e.ina

highly conductive state. This was due to the non-linearity present in the device. Also, the difference
in the shape of the STDP curve for different action potential shapes can be observed in the figure.



The triangular spikes in Figure 3.4b gives more distinct and sharper changes in the A%, while the

exponential input in Figure 3.4a provides a gradual larger change in the A% with up to 6%, as

compared to 2% due to the triangular spikes. This is due to non-linearity in the potentiation of the
exponential curve.
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Figure 3.4. Different STDP shapes obtained using (a) exponential and (b) triangular biphasic pulses as

seen in the respective insets. The magnitude of change in synaptic weight (A%) also increases if the
device was initially in the lower conductive state that is due to the non-linearity of the memristor model.

STDP Dependence on Memristor Threshold

The STDP curves in Figure 3.5 areFigure collected using exponential biphasic spikes, as shown in
the inset. In this case, the threshold Vi, of the synaptic memristor device is changed from 0.25 V to 1
V, observing the change in STDP. In the case when the threshold is set to 0.5 V, the memristor will
not change its state until the voltage drop across it is equal to or greater than 0.5 V (the threshold).

As the magnitude of Vi decreases in Figure 3.5, the read window increases for the same 100 ms
pulse. The read window is the duration where a memristive device will see the change in the weight

(A% > 0) due to the arrival of pre- and post- synaptic spike. In the case of Vi equal to the 0.5 V, the
learning window is 120 ms because A% is not zero for —60 ms < At > 60 ms. On the other hand, in
the case of Vi equal to the 1 V learning window is only 70 ms because A% is not zero for —35 ms <

At > 35 ms. Lower threshold (Vi) values result in a larger read window and the magnitude of the A%

is severely affected. In Figure 3.5 at At = 10 ms, if the device Vi is set at 0.25 V it observes 50% less
change in % (A% = 1%) as compared to when device Vi is set at 0.75 V (AV—]; = 2%). At 0.25 Vi, the
network will be unable to distinguish between the pre- and post-synaptic pair arriving between 5 ms

and 40 ms (—5 ms and —40 ms). Thus, the network would be unable to adjust the synaptic weights
appropriately and will not learn any certain pattern.
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Figure 3.5. Change in the STDP learning rule as the threshold of the memristor changes. Input spikes, in
this case, are 100 ms, 1V exponential biphasic pulses, as shown in the inset. As the threshold decreases,
the learning window increases, but the magnitude of change in the synaptic weight (A%) decreases and

becomes undesirably flat.
Effect of Pulse Width on STDP

The STDP curve in Figure 3.6Figure is collected using exponential and triangular biphasic spikes, as
shown in the inset. In this case, the width of the triangular and the exponential spikes is changed to
observe the change in STDP. Similar to Figure 3.4, Figure 3.6 also shows that the change in the

synaptic weight (A%) is higher in the case of the exponential spikes when compared to their

triangular counterparts. Figure 3.6 also shows that as the pulse width decreases, the read window
decreases. The read window for 50 ms pulse width spikes is about 60 ms, and the read window for
100 ms pulse width spikes is about 120 ms. The read window is independent of the pulse shape. The
decrease in the read window with pulse width is simply due to the reason that the duration of the
spike is small. If the 50 ms pre-synaptic spike will arrive 60 ms before or after the 50 ms post-
synaptic spike, they will be too far apart to add up to pass the desired threshold to make any change
in the STDP (as depicted by earlier spikes in Figure 3.3).
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Figure 3.6. Changes in the STDP learning rule as the shape and width of the input biphasic spike
changes. Input spikes, in this case, are either a triangular or an exponential biphasic pulse of 50 ms or
100 ms, as shown in the inset. As the pulse width decreases, the learning window decreases. It is also

observed that the magnitude of change in synaptic weight (A%) decreases with a decrease in pulse width
and pulse shape.



3.2 Pattern Learning

The spike encoding scheme used in this work is one in which binary values are translated into regular
firing patterns versus random firing. Pre-synaptic afferents (N1 to N2s/100), in the biphasic spiking
neural network in Figure , are typically firing at an average rate of 5 Hz for the 100 s transient
simulation time. Afferents that are part of the pattern (a 10-pixel ‘B’), as shown by the lighter colors
in Figure 3.7b produce mutually correlated spikes at regular interval, as shown in Figure 3.7a, N2
and N13 [161], [162]. Conversely, non-participating afferents in Figure 3.7b (dark color), fire
uncorrelated spikes with Poisson distributed intervals as shown by N14 and N5 in Figure 3.7a. This
same firing pattern is used in generating a 100-pixel ‘B’ pattern in the larger 100 afferent networks as
well.

Pre- and post-synaptic afferents fire a biphasic triangular spike for 10 ms, which potentiates to a peak
voltage of +1 V and the depression tail reaches a maximum of —0.25 V, as shown in the inset of
Figure 3.6. All of the memristors in the spiking neural networks are initially kept in a conductive
state with a resistance distribution varying from 20 kQ and 35 kQ, as can be noted in Figure 3.7b
(Initial State).

Figure 3.7b shows the synaptic weight evolution of all the memristors (M1 to Mz2s) as the network
learns the 25-pixel letter ‘B’ with this training approach. Starting around 30 s, the network was able
to depress most of the uncorrelated neurons by decreasing the conductivity of their corresponding
memristors and the desired pattern is very recognizable. At 60 s, the network is in a stable state with
post-synaptic neurons firing at a constant rate, as the un-correlated neurons are completely depressed
and thus not contributing any current to the LIF circuit of the post-synaptic neuron. Figure 3.7¢
shows the synaptic weight distribution of the memristor and a decrease in the weight of the
uncorrelated synapses can be noted at 30 s.
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Figure 3.7. (a) Scatter plot of the spike times of two correlated afferents N12 and N13 (participating in the
pattern) and two non-participating, uncorrelated afferents (N14 and N15). (b) The initial synaptic weight
distribution and evolution of the pattern over time as the system is in the process of learning a 25-pixel
letter ‘B’. (c) A histogram of the synaptic weight distributions in weight bins that are 0.05 wide. After 30 s,
uncorrelated neurons are separated and moved to a lower weight.

The STDP data in Figure 3.8 shows changes in the synaptic weights of all 25 memristors for 100 s as
a function of the time difference between post- and pre-synaptic spike firing. When a post-synaptic
neuron fires after a pre-synaptic neuron (time difference > 0 ms), the network considers them
correlated and the synaptic weight of the respective memristor increases, making the synaptic
connection more conductive (and vice-versa). The STDP curve shows much stronger depression than
potentiation, meaning the network can depress the uncorrelated afferents faster. Asymmetrical STDP
curves are obtained using different potentiation for pre- and post-synaptic spikes, as shown in the
inset in Figure 3.8.



E .04 I T T T T T T T T T ]
20 02

o .02 S 1
= TRy

QO 0 pr=— e T o
a .

E -.02+- Neuron Spikes 1
> _ 1V Pre-synaptic

2 04 7 Post- synaptic

w —.06- o /o loms. 1
*éﬂ £ S A e

o -.08 © T =25V

-8 -6 -4 -2 0 2 4 6 8
Time difference (ms) (Post — Pre)

Figure 3.8. STDP plot obtained from weight changes due to nearest-neighbor pairs in the 100 s
simulation of the network with 25 pre-synaptic biphasic spiking neurons of Figure . Inset shows the pre-
and post-synaptic neuron inputs used. STDP has much stronger depression than potentiation, generally
leading to faster learning in the network.



4. Neural Networks with Radiation

In this section, memristor-based spiking neural networks are used to analyze the effect of radiation
on the spatio-temporal pattern recognition (STPR) capability of the networks. The radiation effects
discussed in Chapter 3 are simulated on the SNNs and corresponding learning rules presented in
Chapter 4. The modified non-linear memristor drift model used is discussed in Chapter 2. All the
simulations are captured in Cadence Virtuoso Spectre.

Networks with 5, 25, and 50 neurons are simulated to observe the effect of radiation at different
intensities, flux, and periods. The chapter starts by discussing the effects of state-altering radiation on
the STDP curve, thus observing the effects of radiation on the expected learning rule. The long-term
cumulative effects of radiation current pulses are also observed in the pulsed neural network in the
absence of any pattern. Later sections of the chapter discuss the effects of radiation on the spatio-
temporal pattern learning ability of the network. Changes in network learning capability and system
stability are statistically analyzed as well. The contributions from this chapters are published in
[113]-[115].

4.1 Radiation Effect on STDP

Figure shows the change in the STDP learning curve as the memristive device is exposed to an event
of state-altering radiation before the pre- and post-synaptic biphasic pulses arrive (as indicated in
Figure 3.3). Figure 4.1a shows the STDP curve resulting from the exponential biphasic spike and
Figure 4.1Db results from a triangular biphasic spike, as shown in their respective insets. Radiation is
observed to shift the whole curve upward, making it asymmetric. Thus, the system will undesirably
favor a stronger correlation and might make the system unstable. The STDP curve is noted at the
varying intensities of the state-altering radiation current, the curve shifts more as the radiation
intensity increases, indicating that the neural network will be overwhelmed at a higher magnitude of

radiation current.
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Figure 4.1. STDP plot after a state-altering radiation event for (a) exponential and (b) triangular biphasic
pulses. The STDP curve shifts upward due to radiation that brings asymmetry into the STDP curve and
thus tends to favor an increase in synaptic weight.

4.2 Radiation Effects on a Pulsed Neural Network Without Patterns

This section discusses the effects of state-altering radiation current on an SNN which is not in the
process of learning any pattern. In this case, the pre-and post-synaptic neurons are not firing any
specific pattern, the rectangular pulses (not shaped) simply present randomly distributed Poisson
noise.

The network shown in Figure 3.1 is used 