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ABSTRACT

Deep reinforcement learning augments the reinforcement learning
framework and utilizes the powerful representation of deep neural
networks. Recent works have demonstrated the great achievements
of deep reinforcement learning in various domains including finance,
medicine, healthcare, video games, robotics and computer vision.
Deep neural network was started with Multi-layer Perceptron (1st
generation) and developed to deep neural networks (2nd generation)
and it is moving forward to spiking neural networks which are known
as 3rd generation of neural networks. Spiking neural networks aim to
bridges the gap between neuroscience and machine learning, using
biologically-realistic models of neurons to carry out computation. In
this thesis, we first provide a comprehensive review on both spiking
neural networks and deep reinforcement learning with emphasis on
robotic applications. Then we will demonstrate how to develop a
robotics application for context-aware scene understanding to perform
sensorimotor coupling. Our system contains two modules corresponding to scene understanding and robotic navigation. The first module
is implemented as a spiking neural network to carry out semantic
segmentation to understand the scene in front of the robot. The second
module provides a high-level navigation command to robot, which
is considered as an agent and implemented by online reinforcement
learning. The module was implemented with biologically plausible
local learning rule that allows the agent to adopt quickly to the environment. To benchmark our system, we have tested the first module
on Oxford-IIIT Pet dataset and the second module on the custom
made Gym environment. Our experimental results have proven that
our system is able present the competitive results with deep neural
network in segmentation task and adopts quickly to the environment.
keywords: Spiking Neural Networks, Online Learning, Robotics
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1

INTRODUCTION

1.1

motivation

The biological intelligence of living creatures allows them to autonomously perform complex tasks in a dynamic environment. Such
intelligence basically depends on embodiment, and the interaction of
self with surrounding environment is indispensable to intellectual development [6]. Through the long history of evolution, biology acquired
remarkable capability in sensory-motor coupling – the dynamic integration of the sensory system and motor system for creatures to take
sensory information and make full use of it for motor actions, which
results in their elegant behaviour. It should be specially mentioned that
such sensorimotor integration is modified over time by internal and
external variables to adopt themselves in the ever changing environment. With the increasing needs for autonomy of machines in the real
world, e.g. self-driving vehicles, drones, and collaborative industrial
robots, advent of control strategies acquired by living creatures, which
are energy and computationally efficient with real-time self-learning
capability is anticipated. This is especially important for applications
in embedded systems and robotics because real-time responses are
crucial and energy supply is limited in those applications.
Currently, neither classical control strategies nor conventional artificial neural networks, including deep neural networks (DNNs) can
meet those needs [19]. Even though DNNs have succeeded in capturing some essential information processing stages in perception such
as feature extraction from high-dimensional sensory data [87] and
demonstrated state-of-the-art results in many applications, they still
suffer from some fundamental drawbacks mainly due to the reliance
on the successful back-propagation algorithm. They are sample and
memory inefficient1 and unsuitable for online or incremental learning
from data streams. A promising solution to this previously infeasible
applications could be given by biologically plausible spiking neural
networks (SNNs)2 . Due to their functional similarity to the biological
neural networks, SNNs can embrace the sparsity found in biology
and highly compatible with temporal code. Although SNNs still lag
1 Some studies tries to reduce the memory consumption during training by introducing
reversible architectures, where each layer’s activations can be reconstructed exactly
from the next layer’s. Therefore, the activations for most layers need not be stored in
memory during backpropagation [23, 45, 55].
2 The energy efficiency is expected in SNNs partly due to the algorithms, but mostly
due to the hardware, called Neuromorphic Hardware including but not limited to
TrueNorth [106], Loihi [36], SpiNNaker [49], NeuroGrid [14], and DYNAPs [113].

1
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behind DNNs in terms of accuracy, the gap is decreasing, and can
even vanish on some tasks, while SNNs typically require fewer operations. However, SNNs are difficult to train in general, mainly owing
to their complex dynamics of neurons and non-differentiable spike
operations. In this thesis, we will explore the ability of SNNs with
emphasis on robotics control. To validate our SNN based models, we
have also developed a simulation environment, which can be used for
safe exploration and validation of strategy before implemented on the
actual hardware.
1.2

the structure of this thesis

The remainder of this thesis is structured as follows. Chapter 2 provides background and context of the research by reviewing theoretical
background of SNNs as well as DNNs in a context of robotic control.
Chapter 3 presents the techniques, models and methodology that was
used in this project. Chapter 4 presents the experiments performed to
validate our model.
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2

BACKGROUND

2.1

an overview of biological neurons

Approximately 86 billion neurons can be found in the human nervous
system [7]. Neurons are the basic working units of the nervous system
and communicate with other neurons via projections from the cell
body. Basically, the input part of the neurite is called the dendrite
and the output part is called the axon.A typical structure of neuron is
shown in Figure 2.4. Each neuron receives an input signal from the
dendrites and generates an output signal (action potential) along the
axon when the membrane potential of the neuron reaches a threshold.
At the axon terminals, the arrival of an action potential causes synaptic
vesicles to be released from their protein anchors, allowing the vesicles
to fuse with the cell membrane and release neurotransmitters into
the synaptic cleft. The site where information is exchanged between
neurites is called a synapse.
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Figure 2.1: Structure of a typical biological neuron and synapse.

2.1.1

Reversal Potential

The specific ionic composition of the cytosol usually differs greatly
from that of the extracellular fluid. Because of the concentration difference between inside and outside of a cell, those ions tends to move in
the direction which leads to the concentration equilibrium, creating

3
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ion

mammalian blood [mM ]

mammalian cell [mM ]

K+

5.5

150

Na+

135

15

Cl −

125

9

Ca2+

1.8

10−4

Table 2.1: Typical ion concentrations in vertebrates

electromotive force. However, the movement of ions will be hindered
by an electrical potential caused by the ions themselves. This leads to
the equilibrium state, and the magnitude of equilibrium potential for
ion A is given by the Nernst equation as follows:

EA =

RT [ A]out
ln
zF
[ A]in

(2.1)

where R is the universal gas constant (= 8.31 [JK −1 mol −1 ]), T is the
absolute temperature 310.15 [K] at human body temperature (37 [◦ C]),
F is the Faraday constant (= 96485 [C · mol −1 ]), z is the number of
elementary charges of the ion in question involved in the reaction,
[ A]out is the extracellular concentration of ion A, and [ A]in is the
intracellular concentration of ion A.

Figure 2.2: The illustration of ion concentration in a typical neuron.

The ion concentration in and outside of typical mammalian neurons
are listed in Table 2.1. Based on the values on the table, reversal
potentials can be estimated as follows:
EK = 26.7 ln

5.5
= −88.27 [mV ]
150

(2.2)

135
= 58.67 [mV ]
15

(2.3)

ENa = 26.7 ln
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ECl = −26.7 ln
2.1.2

125
= −70.25 [mV ]
9

(2.4)

Membrane Potential

The electric potential inside a cell with respect to the outside of the cell
is called membrane potential vm [mV]. The aforementioned Nernst
equation derives the point at which the flow of each ion apparently
stops, but the membrane potential itself cannot be calculated. The
membrane potential can be derived using Goldman-Hodgkin-Katz
equation, which takes into consideration the relative permeability of
the plasma membrane to each ion in question1 .

vm =

RT PK [K + ]out + PNa [ Na+ ]out + PCl [Cl − ]in
ln
F
PK [K + ]in + PNa [ Na+ ]in + PCl [Cl − ]out

(2.5)

where PA is the membrane permeability for ion A, and for a typical
neuron at rest, it is known that PK : PNa : PCl = 1 : 0.04 : 0.45. In
contrast, approximate relative permeability at the peak of a typical
neuronal action potential are PK : PNa : PCl = 1 : 12 : 0.45 [].
Resting Membrane Potential
Due to the action of a number of proteins, ions are constantly moving
in and out of the cell. Although influx of ions does not stop, charge
transfer becomes apparently immobile when the total charge of the
outflowing ions and the total charge of the inflowing ions per unit
time becomes the same. The resting membrane potential of a cell is
determined by the net flow of ions through the "leak" channels that are
open in the resting state. Based on the relative membrane permeability
for a typical neuron at rest, we can calculate the resting membrane
potential Em as follows2 :
RT
5.5PK + 135 × 0.04PK + 9 × 0.45PK
ln
F
150PK + 15 × 0.04PK + 125 × 0.45PK
= −70.15 [mV ]

Em =

(2.6)

Since the reversal potential for Cl − ion is typically close to the resting membrane potential, Cl − ion is usually ignored when discussing
a neuron’s resting membrane potential.

1 Given the condition that the permeability of all but one of the ions is zero, Goldman
equation is consistent with the Nernst equation.
2 Note that PNa = 0.04PK and PCl = 0.45PK
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2.1.3

Action Potential

When an action potential occurs, sodium channels on the axon are
opened and Na+ ions are free to move in and out of the cell membrane.
Therefore, the membrane potential fluctuates towards the reversal
potential of Na+ ion. The sodium channel is then inactivated and
closed, and now the potassium channel, which is potential-dependent,
is opened. Now, the membrane potential descends toward the reversal
potential of K + ion and undershoots beyond the resting membrane
potential Em .
RT
5.5PK + 135 × 12PK + 9 × 0.45PK
ln
F
150PK + 15 × 12PK + 125 × 0.45PK 0
= 38.43 [mV ]

v peak =

2.1.4

(2.7)

Synapse

A synapse is a contact structure for information transfer that develops
between the side that outputs neural information and the side that
inputs it. The most basic structure is one in which the axon ends of presynaptic cells contact the dendrites of postsynaptic cells. Synapses can
be broadly divided into chemical and electrical synapses. At chemical
synapses, which occupy many synapses in the central nervous system,
the arrival of action potentials opens voltage-gated calcium channels
in the pre-synaptic cell, resulting in calcium influx and the opening release of synaptic granules. As a result, neurotransmitters contained in
the synaptic granules are released into the synaptic cleft. Neurotransmitters bind to neurotransmitter receptors in the post-synaptic cell and
transmit by directly altering membrane potential or by activating intracellular secondary messengers. Chemical synapses are subdivided
into excitatory and inhibitory synapses. Electrical synapses, on the
other hand, are structures that transmit membrane potential changes
directly to the next neuron via gap junctions on the contact membrane.
The synaptic potential received in this way travels to the cell body
and is integrated at the axonal nodule, which ultimately determines
whether or not the post-synaptic cell fires. This interaction of influences is called neural integration. Moreover, the efficiency of synaptic
transmission is not necessarily constant, but varies with the intensity
of the input. This is called synaptic plasticity and is thought to be a
cellular mechanism of learning and memory.
Excitatory Synapse
Excitatory synapses are synaptic connections that depolarize postsynaptic cells through synaptic transmission and promote the firing of
action potentials.
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Figure 2.3: (a) presynaptic action potential. (b) excitatory postsynaptic potential (EPSP) (c) inhibitory postsynaptic potential (IPSP)

Binding of neurotransmitters to ion channel-coupled receptors at
excitatory synapses increases the conductance of cations. Because the
membrane potential of the cell is lower than the reversal potential
of these receptors near the resting membrane potential, extracellular
cations such as Na+ and Ca2+ flow into the postsynaptic cell and depolarize the membrane potential. This change in membrane potential
is called excitatory postsynaptic potential (EPSP). At this time, the
current flows toward the inside of the cell, and this inward-facing
current is called excitatory postsynaptic current (EPSC).
Inhibitory Synapse
Inhibitory synapses are synaptic connections that hyperpolarize postsynaptic cells by synaptic transmission and inhibit the development
of action potentials.
2.2

rate-based neuron model

Since the firing rate of neurons in the primary motor cortex (M1)
or primary visual cortex (V1) correlates with motion or presentation
stimulus, the firing rate of those neurons was thought to be a feature
that describes such information. In this point of view, activity of a
neuron is represented only by the macroscopic feature, firing rate r,
regardless of change in membrane potential or spike timing.
The first rate-coded artificial neuron, which is known as formal
neuron (or threshold logic unit), was proposed by Mcculloch and
Pitts in 1943 [105]. Based on the formal neuron, Rosenblatt introduced
perceptron3 in 1958 [138]. These first generation neurons fire binary
signals when the sum of incoming signals reaches a threshold of a
3 In the context of neural networks, a perceptron refers to an artificial neuron using the
Heaviside step function as the activation function.
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Figure 2.4: Three generations of artificial neuron models. Each models are
characterized by: binary activation function, continuous (mostly)
differentiable activation function, temporally sparse activation
function.

neuron. Since they are capable of performing mathematical operations
with boolean outputs, they have been applied to neural networks such
as multi-layer perceptrons.
This concept is later extended to utilize continuous activation functions including the sigmoid [58] or hyperbolic tangent function to deal
with analog (continuous) inputs and outputs; consequently, this enabled to train the neural network through a powerful backpropagation
algorithm that exploits gradient-descent. Because of the proven ability
of a sufficiently large neural network of artificial neurons to approximate any analog function arbitrarily well4 , artificial neural networks
have been widely used as a powerful information-processing tool in
machine learning. The analog information signals used in the second
generation neurons can be interpreted as an abstracted rate coding.
In general, the discrete-time firing rate models can be formulated as
follows:
r = f (Wu + b)

(2.8)

where u ∈ R Npre is the firing rate of presynaptic neurons, r ∈ R Npost is
the firing rate of postsynaptic neurons, W ∈ R Npost × Npre is the weight
matrix that represents the synaptic strength between the pre- and
postsynaptic neurons, b ∈ R Npost is the bias term, and f (·) is the
non-linear activation function5 .
When the output firing rate does not follow the input fluctuation
immediately, but follows it with a time constant τr , the model can be
expressed in a form of ordinary differential equation as follows:

τr

dr
= −r + f (Wu + b)
dt

(2.9)

4 Universal approximation theorem states that a feed-forward network with a single
hidden layer with a finite number of neurons can approximate continuous functions,
under assumptions on the non-polynomial activation function [34, 92]. Sigmoidal activation function and the ReLU are also proved to follow the universal approximation
theorem [152].
5 Rectified Linear Unit (ReLU) [119] and its variants are commonly employed because
they tend to show better convergence performance than sigmoidal activation function
[83].
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2.3 spike-based neuron models

Figure 2.5: A comparison of spiking neuron models in terms of implementation cost and biological plausibility (adopted from [71]).

The second generation neurons do not model electrical pulses,
which will be considered in spike-based neuron models.
2.3

spike-based neuron models

The ability to simultaneously record the activity of multiple cells has
led to the idea that the time difference between spikes in different
neurons and the spike timing itself can have functional significance.
Since the firing rate model cannot handle the problem of this perspective, a model describing the timing of spikes and the variation
of the sub-threshold membrane potential is needed. The model that
handles the generation of such spikes is distinguished from the firing
rate model and called the spiking neuron model.
Spiking neurons are more closely modeled after the biological neurons and they can utilize temporal codes in their computations. Variety of spiking neuron models have been proposed, and they display
trade-offs between biological accuracy and computational feasibility
(Figure 2.5). Choosing an appropriate model depends on the user
requirements. Spike-based neuron models are reviewed regarding the
computational efficiency and biological plausibility in [71]. In this
section several models of spiking neurons are presented. Note that
models of synapse will be presented in Section 2.4.
2.3.1

Leaky Integrate and Fire (LIF) Model

The model in which the input current is integrated over time until the
membrane potential reaches a threshold without taking into account
the biological ion channel behavior is called the Integrate-and-fire
(IF) model6 [2]. The typical response of IF model to the step input is
shown in Figure 2.6a. Leaky integrate-and-fire (LIF) model reflects
6 IF model is just the time derivative of the law of capacitance, Q = Cm vm
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the diffusion of ions that occurs through the membrane when some
equilibrium is not reached in the cell by introducing a "leak" term to
the IF model. Because of its simplicity and low computational cost, LIF
model and its variants are one of the widely used instance of spiking
neuron model. The model is represented by the following equations,
where the first term on the RHS of Equation 2.10 is the "leak" term:

Cm

dvm (t)
1
=−
(vm − Em ) + Isyn (t)
dt
Rm
vm ≥ vθ

if

then

vm ← v peak

then

(2.10)

vm ← vreset

(2.11)

where Cm is membrane capacitance [pF], vm is the membrane potential [mV], Rm is the membrane resistance [MΩ], Em is the resting
membrane potential [mV], and Isyn is synaptic current input [pA].
The model can be made more accurately by introducing a refractory
period τre f that limits the firing frequency of a neuron by preventing
it from firing during that period. The typical response of LIF model to
the step input is shown in Figure 2.6b.

(a) Integrate and Fire (IF) neuron

(b) Leaky Integrate and Fire (LIF) neuron

Figure 2.6: Response of IF and LIF models to a step synaptic drive. The step
synaptic drive of 70 [pA] was applied during 50 ∼ 350 [ms].

2.3.2

Hodgkin-Huxley Model

Hodgkin and Huxley conducted the experiment on the giant axon of a
squid and concluded that two types of ion channels, K + channel and
Na+ channel, are involved in the generation of the action potential [67].
This model can be expressed by adding two terms that take care of
the behavior of those two ion channels to Equation 2.10. Although the
change in permeability of the ion channel is actually due to the structural change of the protein, it can be described phenomenologically
by the analogy of opening and closing the gates.

Cm

dvm (t)
= − Iion (t) + Isyn (t)
dt
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Iion (t) =

n4
m3 h
1
(vm − EK ) +
(vm − ENa ) +
(vm − EL ) (2.13)
RK
R Na
RL

where EK represents reversal potential of K + ion (Equation 2.2), ENa
represents reversal potential of Na+ ion (Equation 2.3), and EL represents leak reversal potential, which is now thought to be a Cl −
ion’s reversal potential (Equation 2.4). n, m, and h are dimensionless quantities between 0 and 1 that are associated with potassium
channel activation, sodium channel activation, and sodium channel
inactivation, respectively.
The three gates, n, m, and h, are described by the following differential equation, where g represents the gating variables n, m, and h,
and the transition rate7 for each gate α g (v) and β g (v) are defined in
Equation 2.158 .
dg
= α g (vm )(1 − g) − β g (vm ) g
dt

αm (vm ) =

0.1(25−vm )
exp((25−vm )/10)−1

αh (vm ) = 0.07 exp(−vm /20)
αn (vm ) =

0.01(10−vm )
exp((10−vm )/10)−1

(2.14)

β m (vm ) = 4 exp(−vm /18)
β h (vm ) =

1
exp((30−vm )/10)+1

(2.15)

β n (vm ) = 0.125 exp(−vm /80)

By solving these equations, Hodgkin-Huxley model can simulate the
membrane potential behavior during spike generation without introducing spike generation procedures presented in LIF model (Equation 2.11). Although Hodgkin-Huxley model is biologically accurate9 ,
it demands large computational resource and infeasible in large-scale
simulations.
2.3.3

Izhikevich Model

Izhikevich proposed a model that combines the biologically plausibility of Hodgkin–Huxley model’s dynamics and the computational
efficiency of LIF neurons [72]. The model is represented by the two-

7 α g (v) is the transition rate from non-permissive to permissive states whereas β g (v) is
the transition rate from permissive to non-permissive states.
8 In neural simulation software packages, the rate constants in Hodgkin-Huxley models
A+ Bvm
are often parameterized using a generic functional form [121]:
vm + D
C + H exp(

F

)

9 Hodgkin-Huxley model is limited in the way that it only describes the channels and
flow of ions in the neuron when generating spikes. Several drawbacks have been
pointed out [107, 155].

[ December 16, 2020 at 23:45 – Submission ]

11

12

background

Figure 2.7: Illustration of electrical equivalent circuit, which was used by
Hodgkin and Huxley [67] to mimic the electrical behavior of the
membrane of the giant squid axon. The resistor with an arrow
indicates voltage-dependent conductance.

Figure 2.8: Response of Hodgkin-Huxley model (top) and behavior of gating
values (bottom).
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dimensional (2D) system of ordinary differential equations10 , and the
Izhikevich model [73] can be expressed in the following form :

Cm

dvm (t)
= k(vm − Em )(vm − vt ) − u + Isyn (t)
dt

du(t)
= a(b(vm − Em ) − u)
dt

(2.16)

(2.17)

with the auxiliary after-spike resetting
(
if vm ≥ v peak then

vm ← c
u ← u+d

(2.18)

where v represents the membrane potential of a neuron [mV] and
u represents the activation of K + ionic currents and inactivation of
Na+ ionic currents [pA]. Cm is the membrane capacitance [pF], Em
is the resting membrane potential [mV], and vt is the instantaneous
threshold potential [mV].
Izhikevich model can exhibit the firing patterns of all known types
of cortical neurons with the choice of parameters based on [73]. Each
type of neuron has following properties and membrane potential
reacts to a step synaptic drive as shown in Figure 2.9.
a. Regular Spiking (RS) neuron: (Figure 2.9a) Regular spiking neurons fire tonic spikes with adapting (decreasing) frequency in
response to injected pulses of DC current. 100v˙m = 0.7(vm +
60)(vm + 40) − u + I, u̇ = 0.03(−2(vm + 60) − u), if vm ≥ 35,
then vm ← −50, u ← u + 100.
b. Intrinsically Bursting (IB) neuron: (Figure 2.9b) Intrinsically bursting neurons generate a burst of spikes at the beginning of
a strong depolarizing pulse of current, then switch to tonic
spiking mode. 150v˙m = 1.2(vm + 75)(vm + 45) − u + I, u̇ =
0.01(5(vm + 75) − u), if vm ≥ 50, then vm ← −56, u ← u + 130.
c. Chattering (CH) neuron: (Figure 2.9c) Chattering neurons fire
high-frequency bursts of spikes with relatively short inter burst
periods. 50v˙m = 1.5(vm + 60)(vm + 40) − u + I, u̇ = 0.03((vm +
60) − u), if vm ≥ 25, then vm ← −40, u ← u + 150.
d. Fast spiking (FS) neuron: (Figure 2.9d) Fast spiking interneurons
fire high-frequency tonic spikes with relatively constant period.
20v˙m = (vm + 55)(vm + 40) − u + I, u̇ = 0.15((vm + 55) − u), if
vm ≥ 25, then vm ← −55, u ← u + 200.
10 Despite the simplicity of a simulation, analysis of Izhikevich model is difficult since
"if" statement is involved (see [15] for more details).
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(a) Regular spiking (RS) neuron

(b) Intrinsically bursting (IB) neuron

(c) Chattering (CH) neuron

(d) Fast spiking (FS) neuron

(e) Low-threshold spiking (LTS) neuron

(f) Late spiking (LS) neuron

Figure 2.9: Response of Izhikevich (2014) models to the step synaptic drive.
(a) (c) is the excitatory neuron and (d) (f) is the inhibitory
neuron. The step synaptic drive of 100 [pA] was applied during
50 ∼ 350 [ms].

e. Low threshold spiking (LTS) neuron: (Figure 2.9e) 100v˙m = (vm +
56)(vm + 42) − u + I, u̇ = 0.03(8(vm + 56) − u), if vm ≥ 40, then
vm ← −53, u ← u + 20.
f. Late spiking (LS) neuron: (Figure 2.9f) 20v˙m = 0.3(vm + 66)(vm +
40) + 1.2(vd − vm ) − u + I, u̇ = 0.17(5(vm + 66) − u), v˙d =
0.01(vm − vd ) if vm ≥ 30, then vm ← −45, u ← u + 100.
2.3.4

Intrinsic Plasticity

The intensity of an average synaptic input in the brain may change
dramatically. Neurons maintain responsiveness to both small and
large synaptic inputs by regulating intrinsic excitability to promote
stable firing. This way, neuronal activity can keep from falling silent or
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saturating when the average synaptic input falls extremely low or rises
significantly high. Intrinsic plasticity (IP) regulates the firing rate of a
neuron within an appropriate range [96, 153]. The firing rate entropy
can be influenced by the neuron’s intrinsic properties. By changing
these intrinsic properties, the neuron can achieve the optimal firing
rate distribution.
Li et al. introduced IP on Izhikevich neuron and showed that Liquid
State Machine (LSM) with Spike-Time Dependent Plasticity (STDP)
and IP performs better than LSM with a random SNN or SNN obtained by STDP alone. The parameter b in Equation 2.17 governs the
excitability of a neuron and IP on Izhikevich neuron can be formulated
as follows [96]:



−η exp( τminτ−min∆t ISI )


φ = η exp( ∆t ISI −τmax )
τmax




0

if ∆t ISI < Tmin
if ∆t ISI > Tmax

b ← b + bmax · φ

(2.19)

(2.20)

where η is a learning rate, Tmin and Tmax are thresholds that determine
the desired range of inter-spike interval (ISI) represented as ∆t ISI .
During the training, the most recent ISI is examined and neuronal
excitability is adjusted. When ISI is larger than the threshold Tmax ,
the neuronal excitability is strengthened to make the neuron more
sensitive to input stimuli, and if ISI is less than the threshold Tmin , the
neuronal excitability is weakened to make the neuron less sensitive to
input stimuli.
2.4

synapse models

There are two types of synapses: chemical synapses and electrical
synapses of the gap junction. Although both exist in the central nervous system, we will consider only chemical synapses in this article.
2.4.1

Synaptic Kinetics

The pre-synaptic spike trains are not transmitted directly to the next
neuron due to the spacial gap between the neurons. Synaptic kinetics
is defined by the amount of neurotransmitter released from the presynaptic cell, the amount of neurotransmitter bonded to the postsynaptic cell, or opening rate of ion channel of the post-synaptic
cell. The double exponential model is the one of the simplest model
that While ignoring the physiological process, the double exponential
model reproduces the behavior of the post-synaptic current (PSC)
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Figure 2.10: Response of synaptic kinetics models overtime. (dot): single
exponential model, (line): double exponential model.

well considering not only decay but rising of the PSC. The double
exponential model can be expressed in a form of differential equations
as follows:
dssyn
ssyn
=−
+h
dt
τd
dh
h
1
δ(t − tk )
=− +
dt
τr
τr τd ∑

(2.21)

where ssyn is synaptic kinetics, τr is synaptic rising time constant, τd is
synaptic decay time constant, and δ(·) is the Dirac delta function that
represents the occurrence of kth spike in a pre-synaptic neuron.
2.4.2

Synaptic Drive

Two kinds of synapse model are widely used in computational neuroscience, namely, current- and conductance-based synapses. The
difference between current- and conductance-based synapses lied in
the definition of these synaptic input currents [24]. In real neural
systems, synaptic current induced by an input spike is dependent on
the voltage of the post-synaptic neuron.
Abstract Synapse
Disregarding the biological plausibility, synaptic connection can be
simply implemented as the product of pre-synaptic spike occurrence
and the synaptic weight. This implementation allows to inter-connect
neurons with convolutional connection, which has showed great success in computer vision tasks. This is because each synaptic connection
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type of post neuron

ampa recurrent

ampa external

gaba

excitatory

−10.5

−13.75

42.5

inhibitory

−14

−19

54

Table 2.2: Synaptic efficiencies Jsyn [ pA] of the current-based network
(adopted from [24])

is independent from neuron’s dynamics and therefore the synaptic
weight can be shared across the entire receptive field.
Isyn (t) =

∑ Wi,j · δ(t)

(2.22)

j

where Wi,j represents the synaptic weight between the jth pre-neuron
and the ith post-neuron, and δ(·) is the Dirac delta function that
represents the occurrence of spike in a pre-synaptic neuron.
Current Based Synapse
Current-based synapse models neglect the voltage-dependent properties of synaptic currents and simply represents the synaptic drive by
the change in input current. However, as Wang and Wong suggests,
the voltage-dependent properties of synaptic currents play a key role
in robust network synchronization in most cases; therefore, currentbased synapses are potentially oversimplified for analyzing robust
network [162]. In current-based synapse models, synaptic drive Isyn
can be expressed as a product of synaptic efficiency J and the synaptic
kinetics ssyn .
Isyn (t) = − ∑ Ji,j ssyn (t)

(2.23)

j

where Ji,j represents the synaptic efficiency between the jth pre-neuron
and the ith post-neuron. The synaptic kinetics ssyn can be expressed
using Equation 2.21. In this model, the learnable parameter is the
synaptic efficiency J.
Conductance Based Synapse
Conductance based synapse represents the synaptic drive by the
change in conductance of ion channels. In this model, post- synaptic
currents are dependent on the membrane potential of post-synaptic
neurons.
post

Isyn (t) = −(vm

post

+
+
−
−
− Esyn
) gi,j
− (vm − Esyn
) gi,j

(2.24)

where ± represents the excitatory and inhibitory receptors respectively,
Esyn is the reversal potential of synapse that depends on the type of
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type of post neuron

ampa recurrent

ampa external

gaba

excitatory

0.178

0.234

2.01

inhibitory

0.233

0.317

2.70

Table 2.3: Synaptic conductance Gsyn [nS] of the conductance-based network
(adopted from [24])
+ = 0mV and E− = −75mV),
the pre-synaptic neuron (typically Esyn
syn
and gi,j is the positive value that represents the synaptic conductance
between jth pre-neuron and ith post-neuron.
±
gi,j
=

∑ Gi,j± ssyn (t) ≥ 0

(2.25)

j

In this model, G ≥ 0 is the learnable parameter that can be trained
through synaptic plasticity.
2.4.3

Synaptic Plasticity

Synaptic plasticity is the biological process by which specific patterns
of synaptic activity result in changes in synaptic strength. Synaptic
plasticity was first proposed as a mechanism for learning and memory
on the basis of theoretical analysis by Donald Hebb in 1949 [63]. This
is often summarized by the phrase “Cells that fire together, wire
together.”
Spike-Time Dependent Plasticity
Spike-Time Dependent Plasticity (STDP) is an unsupervised Hebbian
learning mechanism, which adjusts synaptic weight based on the
temporal order of the pre- and post-synaptic spikes [18, 151]. When
the pre-synaptic spike arrives before a post-synaptic spike, the synaptic
weight is increased, which is known as long term potential (LTP). If
the arrival timing of the synaptic spike is reversed, the synaptic weight
is decreased, which is known as long-term depression (LTD).

 A exp( t pre −t post )
+
τ+
∆w =
t −t

− A− exp(− pre τ− post )

if t pre ≤ t post

(2.26)

if t pre > t post

Equation 2.26 suggests that the synaptic strength can be increased
or decreased infinitely, which is biologically unrealistic. Biological
neurons have a capacity to regulate their own excitability relative to
network activity by decreasing the strength of each synapse so that the
relative synaptic weighting of each synapse is preserved [149]. This
phenomena is called homeostatic scaling and can be implemented
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by making A± weight dependant such that wmin < w < wmax is
satisfied11 .

 A (w) = η (w
+
+
max − w )

A− (w) = η− (w − wmin )

(2.27)

Here, η± are learning rates that take small positive values.
In terms of biology as well as implementation, it is infeasible to
remember all the time of spike occurrence as seen in Equation 2.26.
This is where the spike trace x is introduced.
dw
= A+ x pre · δpost − A− x post · δpre
dt

(2.28)

x pre (t)
dx pre
=−
+ δ(t)
dt
τ+
dx post
x post (t)
=−
+ δ(t)
dt
τ−

(2.29)

where τ+ and τ− are the time constants. Figure 2.11 shows the response
of a spike trace and corresponding weight modifications based on
STDP.
Dopamine Modulated STDP
While STDP operates based upon the correlation between the spike
timings of the pre- and post-synaptic neurons, a reward is introduced
to modulate STDP in order to implement reinforcement learning
mechanism (Section 2.7). If the reward is positive, the corresponding synapse is potentiated, otherwise, the corresponding synapse is
depressed. According to Izhikevich, dopaminergic neurons are characterized as having two different firing patterns. In the absence of any
stimulus they exhibit a slow (1-8Hz) firing rate, known as background
firing. When stimulated the dopaminergic neurons exhibit burst firing.
Burst firing is where neurons fire in very rapid bursts, followed by a
period of inactivity [74]. The modulation is done by introducing an
eligibility trace z for pre- and post-synaptic spike occurrence.
dw
= ηr (t)zi,j (t)
dt

(2.30)

dzi,j
zi,j (t)
=−
+ STDP(t)
dt
τ

(2.31)

11 There are two ways for bounding the weight: soft bound and hard bound

[ December 16, 2020 at 23:45 – Submission ]

19

20

background

Figure 2.11: Weight change in two neurons based on STDP learning rule.

where r (t) is the reward given at time t.
This plasticity can be used not only for reinforcement learning but
for supervised learning. used this plasticity along with STDP to
achieve 97.2% on MNIST digit classification with convolutional SNN
[20].
Prescribed Error Sensitivity
Prescribed Error Sensitivity (PES) is a supervised learning rule that
learns a function by minimizing an external error signal [11]. This
rule has been used for many works including biologically detailed
neural model of hierarchical reinforcement learning [135] and adoptive
control of quadcopter flight [81]. The weight update for this rule is
defined as follows:
dw
= κe(t) a
dt

(2.32)

where κ is a learning rate, e(t) is a error signal at time t, and a is the
rate activity of each neuron.
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2.5

overview of deep learning

A general feed forward neural network consists of L hidden layers of
units, including one layer of input units and one layer of output units.
The number of input units is N, output units M, and units in hidden
layer l is N l . The weight of the jth unit in layer l and the ith unit in
layer l + 1 is denoted by wijl . The activation of the ith unit in layer l
is hil . The input and output of the network are denoted as x(n), o(n),
respectively, where n denotes training instance, not time.
Two main types of neural networks, i.e. Convolutional Neural Networks and Recurrent Neural Networks are introduced as follows:

Figure 2.12: Architecture of a typical convolutional network for image classification (LeNet-5) containing three basic layers: convolution
layer, pooling layer and fully connected layer

2.5.1

Convolutional Neural Networks

Convolutional Neural Networks (CNNs) [88, 89] are a special case of
fully connected multi-layer perceptrons that implement weight sharing
for processing data that has a known, grid-like topology (e.g. images).
CNNs use the spatial correlation of the signal to utilize the architecture
in a more sensible way. Their architecture, somewhat inspired by the
biological visual system, possesses two key properties that make them
extremely useful for image applications: spatially shared weights and
spatial pooling. These kind of networks learn features that are shiftinvariant, i.e., filters that are useful across the entire image (due to
the fact that image statistics are stationary). The pooling layers are
responsible for reducing the sensitivity of the output to slight input
shift and distortions, and increasing the reception field for later layers.
Since 2012, one of the most notable results in Deep Learning is the use
of convolutional neural networks to obtain a remarkable improvement
in object recognition for ImageNet classification challenge [39, 84].
A typical convolutional network is composed of multiple stages, as
shown in Fig. Figure 2.12. The output of each stage is made of a set
of 2D arrays called feature maps. Each feature map is the outcome
of one convolutional (and an optional pooling) filter applied over the
full image. A point-wise non-linear activation function is applied after
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each convolution. In its more general form, a convolutional network
can be written as:
h0 = x
hl = pool l (σl (wl hl −1 + bl )), ∀l ∈ 1, 2, ...L
o =h

(2.33)

L

where wl , bl are trainable parameters at layer l. x ∈ Rc×h×w is vectorized from an input image with c channels, h is the image height
0
0
and w is the image width. o ∈ Rn×h ×w is vectorized from an array
of dimension h0 × w0 of output vector (of dimension n). pool l is a
(optional) pooling function at layer l.
CNNs have been applied in image classification for a long time [43].
Compared to traditional methods, CNNs achieve better classification
accuracy on large scale datasets [39] [142]. With large number of
classes, proposing a hierarchy of classifiers is a common strategy for
image classification [159]. Visual tracking is an another application that
turns the CNNs model from a detector into a tracker [46]. As a special
case of image segmentation, saliency detection is another computer
vision application that uses CNNs [160], [94]. In additional to the
previous applications, pose estimation [129], [158] is another interesting
research that uses CNNs to estimate human-body pose. Action recognition in both still images and in videos are special case of recognition
and are challenging problems. [54] utilizes CNN-based representation
of contextual information in which the most representative secondary
region within a large number of object proposal regions together the
contextual features are used to describe the primary region. CNNsbased action recognition in video sequences are reviewed in [174]. Text
detection and recognition using CNNs is the next step of optical character recognition (OCR) [168] and word spotting [75]. Going beyond
still images and videos, speech recognition and speech synthesis is also an
important research field that have been improved by applying CNNs
[26, 169]. In short, CNNs have made breakthroughs in many computer
vision areas i.e image, video, speech and text.
2.5.2

Recurrent Neural Networks (RNNs)

RNNs is an extremely powerful sequence model and was introduced
in the early 1990s [77]. A standard RNNs contains three parts, namely,
sequential input data (xt ), hidden state (ht ) and sequential output data
(ot ) as shown in Fig. Figure 2.13.
RNNs make use of sequential information and perform the same
task for every element of a sequence where the output is dependent
on the previous computations. The activation of the hidden states at
time-step t is computed as a function f of the current input symbol xt
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Figure 2.13: An RNNs and the unfolding in time of the computation involved
in its forward computation.

and the previous hidden states ht−1 . The output at time t is calculated
as a function g of the current hidden state ht as follows:
ht = f (Uxt + Wht−1 )
ot = g(Vht )

(2.34)

where U is the input-to-hidden weight matrix, W is the state-to-state
recurrent weight matrix, V is the hidden-to-output weight matrix. f is
usually a logistic sigmoid function or a hyperbolic tangent function
and g is defined as a softmax function.
Most work on RNNs has made use of the method of backpropagation through time (BPTT) [140] to train the parameter set (U, V, W)
and propagate error backward through time. In classic backpropagation, the error or loss function is defined as:
E(o, y) =

∑ ||ot − yt ||2

(2.35)

t

where ot is prediction and yt is labeled groundtruth.
For a specific weight W, the update rule for gradient descent is
∂E
defined as Wnew = W − γ ∂W
, where γ is the learning rate. In RNNs
model, the gradients of the error with respect to our parameters U,
V and W are learned using Stochastic Gradient Descent (SGD) and
chain rule of differentiation.
The difficulty of training an RNNs to capture long-term dependencies has been studied in [13]. To address the issue of learning long-term
dependencies, Hochreiter and Schmidhuber [66] proposed Long ShortTerm Memory (LSTM), which is able to maintain a separate memory
cell inside it that updates and exposes its content only when deemed
necessary. Recently, a Gated Recurrent Unit (GRU) was proposed by
[27] to make each recurrent unit adaptively capture dependencies of
different time scales. Like the LSTM unit, the GRU has gating units
that modulate the flow of information inside the unit, but without
having separate memory cells.
Several variants of RNNs have been later introduced and successfully applied to wide variety of tasks, such as natural language processing [95, 108], speech recognition [29, 56], machine translation [78,
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102], question answering [65], image captioning [42, 103], and many
more.
2.6

training of deep spiking neural networks

Unlike the DNNs, which can be successfully trained by backpropagation, deep SNNs still do not have solid optimization methods.
According to Pfeiffer and Pfeil, five main strategies for training deep
SNNs have been developed [131]. The five strategies include: (1) binarization of ANNs, (2) model conversion from ANNs, (3) training of
constrained ANNs, (4) supervised training with spike, and (5) local
learning rule at synapse. Among those methods, state-of-the-art result
is obtained from the model conversion from ANN.
2.7

reinforcement learning

This section serves as a brief introduction to the theoretical models and
techniques in reinforcement learning (RL). In order to provide a quick
overview of what constitutes the main components of RL methods,
some fundamental concepts and major theoretical problems are also
clarified. RL is a kind of machine learning methods where agents
learn the optimal policy by trial and error. Unlike supervised learning,
the feedback is available after each system action, it is simply a scalar
value which may be delayed in time in RL framework, for example the
success or failure of the entire system is reflected after a sequence of
actions. Furthermore, supervised learning model is updated based on
the loss/error of the output and there is no mechanism to get correct
value when it is wrong. This is addressed by policy gradients in RL
by assigning gradients without a differentiable loss function which
aims at teaching a model to try things out randomly and learn to do
correct things more, and keep error less.
Stimulated by behavioral psychology, RL was proposed to address
the sequential decision-making problems which are commonly existed
in many applications such as game, robotics, healthcare, smart grids,
stock, autonomous driving, etc. Unlike the supervised learning where
the data is given, an artificial agent collects experiences (data) by
interacting with its environment in RL framework. Such experience is
then gathered to optimize the cumulative rewards/utilities.
In this section, we focus on how the RL problem can be formalized as
an agent that is able to make decisions in an environment to optimize
some objectives presented under reward functions. Some key aspects
of RL are: (i) Address the sequential decision making; (ii) There is
no supervisor, only a reward presented as scalar number; and (iii)
The feedback is highly delayed. Markov Decision Process (MDP) is a
framework that has commonly been used to solve most RL problems
with discrete actions, thus we will firstly discuss about MDP in this
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section. We then introduce value function and how to categorize RL
into model-based or model-free methods. At the end of this section,
we discuss some challenges in RL.
The standard theory of reinforcement learning is defined for a
Markov Decision Process (MDP), as shown in Figure 2.14. MDP is a
mathematical framework for modeling discrete-time stochastic control
process defined by a 4-tuple (state s, action a, transition probability
T (st+1 |st , at ), reward r (st , st+1 )).

Figure 2.14: Agent-Environment interaction in reinforcement learning

Considering MDP, the agent chooses an action at according to the
policy π ( at |st ) at state st . Notably, agent’s algorithm for choosing
action a given current state s, which in general can be viewed as distribution π ( a|s), is called a policy (strategy). The environment receives
the action, produces a reward rt+1 and transfers to the next state st+1
according to the transition probability T (st+1 |st , at ). The process continues until the agent reaches a terminal state or a maximum time
step. In RL frameworks, the tuple (st , at , rt+1 , st+1 ) is called transition. Several sequential transitions are usually referred to as roll-out.
Full sequence (s0 , a0 , r1 , s1 , a1 , r2 , ...) is called a trajectory. Theoretically,
trajectory is infinitely long, but the episodic property holds in most
practical cases. One trajectory of some finite length τ, is called an
episode. For given MDP and policy π, the probability of observing
(s0 , a0 , r1 , s1 , a1 , r2 , ...) is called trajectory distribution and is denoted as:

T π = ∏ π ( a t | s t ) T ( s t +1 | s t , a t )

(2.36)

t

The objective of reinforcement learning is to find the optimal policy
for the agent that maximizes the cumulative reward, called return.
For every episode, return is defined as the weighted sum of immediate
rewards:
π∗

τ −1

R=

∑ γ t r t +1

t =0
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Because the policy induces a trajectory distribution, the expected reward
maximization can be written as:
ET π

τ −1

∑ rt+1 → max
π

(2.38)

t =0

Thus, given MDP and policy π, the discounted expected reward is defined:

G(π ) = ETπ

τ −1

∑ γ t r t +1

(2.39)

t =0

The goal of RL is to find an optimal policy π ∗ , which maximizes the
discounted expected reward, i.e. G(π ) → maxπ
2.7.1

Value functions

In order to estimate how good it is for an agent to utilize policy π to
visit state s, a value function is introduced. The value is the mathematical expectation of return and value approximation is obtained by
Bellman expectation equation as follows:
V π (st ) = E[rt+1 + γV π (st+1 )]

(2.40)

V π (st ) is also known as state-value function, and the expectation term
can be expanded as a product of policy, transition probability, and
return as follows:
V π (st ) =

∑

π ( at |st )

∑

T (st+1 |st , at )[ R(st , st+1 ) + γV π (st+1 )]

s t +1 ∈ S

at ∈A

(2.41)
This equation is called Bellman equation. When the agent always
selects the action according to the optimal policy π ∗ that maximizes
the value, Bellman equation can be expressed as following:
V ∗ (st ) = max
at

∑

T (st+1 |st , at )[ R(st , st+1 ) + γV ∗ (st+1 )]

s t +1 ∈ S

∆

∗

(2.42)

= max Q (st , at )
at

However, obtaining optimal value function V ∗ doesn’t provide
enough information to reconstruct some optimal policy π ∗ because of
the complexity of the real world. Thus, a quality function (Q-function)
under policy π is introduced as:
Qπ (st , at ) =

∑ T (st+1 |st , at )[ R(st , st+1 ) + γV π (st+1 )]

(2.43)

s t +1

Unlike value function which specifies the goodness of a state, a
Q-function specifies the goodness of an action in a state.
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Table 2.4: Comparison between model-based RL and model-free RL

Factors

Model-based RL

Model-free RL

Small

Big

Convergence

Fast

Slow

Prior knowledge of transitions

Yes

No

Strongly depend on

Adjust based

a learnt model

on trials and errors

Number of iterations between
agent and environment

Flexibility

2.7.2

Category

In general, RL can be divided into either model-free or model-based
methods. Here, "model" is defined by the two quantity: transition
probability function T (st+1 |st , at ) and the reward function R(st , st+1 ).
The comparison between model-based and model-free methods is
given in Table 2.4.
Model-based RL
Model-based RL is an approach that uses a learnt model, i.e. T (st+1 |st , at )
and reward function R(st , st+1 ) to predict the future action. There are
four main model-based techniques as follows:
• Value Function: The objective of value function methods is to
obtain the best policy by maximizing the value functions in each
state. A value function of a RL problem can be defined as in
Equation 2.41 and the optimal state-value function is given in
Equation 2.42 which are known as Bellman equations. Some
common approaches in this group are Differential Dynamic
Programming [93, 115], Temporal Difference Learning [104],
Policy Iteration [146] and Monte Carlo [64].
• Transition Models: Transition models decide how to map from
a state s, taking action a to the next state (s’) and it strongly
affects the performance of model-based RL algorithms. Based
on whether predicting the future state s’ is based on probability distribution of a random variable or not, there are two
main approaches in this group: stochastic and deterministic.
Some common methods for deterministic models are decision
trees [122] and linear regression [114]. Some common methods for stochastic models are Gaussian processes [5, 38, 112],
Expectation-Maximization [31] and dynamic Bayesian networks
[122].
• Policy Search: Policy search approach directly searches for the
optimal policy by modifying its parameters, whereas the value
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function methods indirectly find the actions that maximize the
value function at each state. Some of the popular approaches in
this group are: gradient-based [44, 116], information theory [85,
112], and sampling based [9].
• Return Functions: Return functions decides how to aggregates
rewards or punishments over an episode. It affects both the
convergence and the feasibility of the model. There are two
main approaches in this group: discounted returns functions [9,
40, 165], and averaged returns functions [1, 21]. Between two
approaches, the former is the most popular which represents the
uncertainty about future rewards. While small discount factors
provide a faster convergence, its solution may not be optimal.
In practice, transition and reward functions are rarely known and
hard to model. The comparative performance among all model-based
techniques is reported in [161] with over 18 benchmarking environments including noisy environments. The Fig.2.16 summarizes different model-based RL approaches.
Model-free methods
Learning through the experience gained from interactions with the
environment, i.e. model-free method tries to estimate the t. discrete
problemsransition probability function and the reward function from
the experience to exploit them in acquisition of policy. Policy gradient
and value-based algorithms are popularly used in model-free methods.
• The policy gradient methods: In this approach, RL task is considered as an optimization with stochastic first-order optimization. Policy gradient methods directly optimize the discounted
expected reward, i.e. G(π ) → maxπ to obtains the optimal policy π ∗ without any additional information about MDP. To do
so, approximate estimations of gradient with respect to policy
parameters are used. Take [164] as an example, policy gradient
parameterizes the policy and updates parameters θ,

G θ ( π ) = ET φ

∑ log(πθ (at |st ))γt R

(2.44)

t =0

where R is the total accumulated return and defined in Equation 2.37. Common used policies are Gibbs policies [10] and
Gaussian policies [130]. Gibbs policies is used in discrete problems whereas Gaussian policies is used in continuous problems.
• Value-based methods: In this approach, the optimal policy π ∗
is implicitly conducted by gaining an approximation of optimal
Q-function Q∗ (s, a). In value-based methods, agents update the
value function to learn suitable policy while policy-based RL
agents learn the policy directly. To do that, Q-learning is a typical

[ December 16, 2020 at 23:45 – Submission ]

2.7 reinforcement learning

value-based method. The update rule of Q-learning with learning
rate λ is defined as:
Q(st , at ) = Q(st , at ) + λδt

(2.45)

where δt = R(st , st+1 ) + γarg maxa Q(st+1 , a) − Q(st , a) is the
temporal difference (TD) error.
Target at self-play Chess, [166] investigates inasmuch it is possible to leverage the qualitative feedback for learning an evaluation
function for the game. [141] provides the comparison of learning
of linear evaluation functions between using preference learning
and using least squares temporal difference learning, from samples of game trajectories. The value-based methods depend on a
specific, optimal policy, thus it is hard for transfer learning.
• Actor-critic is an improvement of policy gradient with an valuebased critic Γ, thus, Equation 2.44 is rewritten as:

G θ ( π ) = ET φ

∑ log(πθ (at |st ))γt Γt

(2.46)

t =0

The critic function Γ can be defined as Qπ (st , at ) or Qπ (st , at ) −
Vtπ or R[st−1 , st ] + Vtπ+1 − Vtπ
Actor-critic methods are combinations of actor-only methods
and critic-only methods. Thus, actor-critic methods have been
commonly used RL. Depending on a reward setting, there are
two groups of actor-critic methods, namely discounted return
[16, 123] and average return [17, 127].

Figure 2.15: Flowchart showing the structure of actor critic algorithm.
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Stochastic models

Deterministic models

Figure 2.16: Summarization of model-based RL approaches

Averaged returns functions [21], [1]

Discounted returns functions [9], [40], [165]

Sampling based [9]

Information theory [112], [85]

Gradient-based [44], [116]

Dynamic Bayesian networks [122]

Expectation-Maximization [31]

Gaussian processes [38], [112], [5]

Linear regression [114]

Decision trees [122]

Monte Carlo [64]

Policy Iteration [146]

Temporal Difference Learning [104]

Differential Dynamic Programming [93], [115]

Return Functions

Policy Search

Transition Models

Value Functions
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2.8

deep reinforcement learning

Deep Reinforcement Learning (DRL), which was proposed as a combination of RL and DL, has achieved rapid developments, thanks to
the rich context representation of DL. Under DRL, the aforementioned
value and policy can be expressed by a neural networks which allows
to deal with a continuous state or action that was previously hard
for a table representation. Similar to RL, DRL can be categorized into
model-based algorithms and model-free algorithms which will be
introduced in this section.
Model-Free Algorithms

2.8.1

There are two approaches, namely, Value-based DRL methods and
Policy gradient DRL methods to implement model-free algorithms.
Value-based DRL methods
Deep Q-Learning Network: Deep Q-Learning [110] (DQN) is the
most famous DRL model which learns policies directly from highdimensional inputs by a deep neural network. In DQN, input is raw
pixels and output is value function to estimate future rewards as given
in Fig.2.17. Take regression problem as an instance. Let y denote the
target of our regression task, the regression with input (s, a), target
y(s, a) and the MSE loss function is as:

LDQN = L(y(st , at ), Q∗ (st , at , θt )) = ||y(st , at ) − Q∗ (st , at , θt )||2
y(st , at ) = R(st , st+1 ) + γ max Q∗ (st1 , at+1 , θt )

(2.47)

a t +1

where θ is vector of parameters, θ ∈ RS× R and st+1 is a sample from
T (st+1 |st , at ) with input of (st , at ). Minimizing the loss function yields
a gradient descent step formula to update θ as follows:
θ t +1 = θ t − α t

∂LDQN
∂θ

(2.48)

Double DQN: In DQN, the values of Q∗ in many domains was leading to overestimation because of max. In Equation 2.47, y(s, a) =
R(s, s0 ) + γ maxa0 Q∗ (s0 , a0 , θ ) shifts Q-value estimation towards either
to the actions with high reward or to the actions with overestimating
approximation error. Double DQN [177] is an improvement of DQN
that combines double Q-learning [60] with DQN and it aims at reducing observed overestimation with better performance. The idea
of Double DQN is based on separating action selection and action
evaluation using its own approximation of Q∗ as follows:
max Q∗ (st+1 , at+1 ; θ ) = Q∗ (st+1 , arg maxQ∗ (st+1 , at+1 ; θ1 ); θ2 ) (2.49)
a t +1

a t +1
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Figure 2.17: Network structure of Deep Q-Network (DQN), where Q-values
Q(s,a) are generated for all actions for a given state.

Thus
y = R(st , st+1 ) + γQ∗ (st+1 , arg maxQ∗ (st+1 , at+1 ; θ1 ); θ2 )

(2.50)

a t +1

The easiest and most expensive implementation of double DQN is
to run two independent DQNs as follows:
y1 = R(st , st+1 ) + γQ1∗ (st+1 , arg maxQ2∗ (st+1 , at+1 ; θ2 ); θ1 )
a t +1

y2 =

R(st , st+1 ) + γQ2∗ (st+1 , arg maxQ1∗ (st+1 , at+1 ; θ1 ); θ2 )
a t +1

(2.51)

Dueling DQN: In DQN, when the agent visits unfavourable state
instead of lowering its value V ∗ , it remembers only low pay-off by
updating Q∗ . In order to address this limitation, Dueling DQN [163]
incorporates approximation of V ∗ explicitly in computational graph
by introducing an advantage function as follows:
Aπ (st , at ) = Qπ (st , at ) − V π (st )

(2.52)

Therefore, we can reformulate Q-value: Q∗ (s, a) = A∗ (s, a) + V ∗ (s).
This implies that after DL the feature map is decomposed into two
parts corresponding to V ∗ (v) and A∗ (s, a) as illustrated in Fig.2.18.
This can be implemented by splitting the fully connected layers in
the DQN architecture to compute the advantage and state value functions separately, then combining them back into a single Q-function.
An interesting result has shown that Dueling DQN obtains better
performance if it is formulated as:
Q∗ (st , at ) = V ∗ (st ) + A∗ (st , at ) − max A∗ (st , at+1 )
a t +1

(2.53)

In practical implementation, averaging instead of maximum is used,
i.e.
Q∗ (st , at ) = V ∗ (st ) + A∗ (st , at ) − meanat+1 A∗ (st , at+1 )
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Furthermore, to address the limitation of memory and imperfect information at each decision point, Deep Recurrent Q-Network (DRQN)
[61] employed RNNs into DQN by replacing the first fully-connected
layer with a RNN. Multi-step DQN [37] is one of the most popular
improvement of DQN by substituting one-step approximation with
N-steps.

Figure 2.18: Network structure of Dueling DQN, where value function V (s)
and advantage function A(s, a) are combined to predict Q-values
Q(s, a) for all actions for a given state.

Policy gradient DRL methods
Policy Gradient Theorem: Different from value-based DRL methods,
policy gradient DRL optimizes the policy directly by optimizing the
following objective function which is defined as a function of θ

G(θ ) = ET ∼πθ

∑ γt−1 R(st−1 , st ) → max
θ

(2.54)

t =1

For any MDP and differentiable policy πθ , the gradient of objective
Equation 2.54 is defined by policy gradient theorem [156] as follows:

5θ G(θ ) = ET ∼πθ

∑ γt Qπ (st , at ) 5θ logπθ (at |st )

(2.55)

t =0

REINFORCE: Williams introduced REINFORCE to approximately
calculate the gradient in Equation 2.55 by using Monte-Carlo estimation [164]. In REINFORCE approximate estimator, Equation 2.55 is
reformulated as:
N

5θ G(θ ) ≈ ∑ ∑ γt 5θ logπθ ( at |st )( ∑ γt −t R(st0 , st0 +1 ))
T t =0

0

(2.56)

t0 =t

where T is trajectory distribution and defined in Equation 2.36. Theoretically, REINFORCE can be straightforwardly applied into any
parametric πθ ( a|s). However, it is impractical to use it because of time
consuming for convergence and local optimums problem. Based on
the observation that convergence rate of stochastic gradient descent directly depends on the variance of gradient estimation, variance reduce
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technique was proposed to address naive REINFORCE’s limitations by
adding a term that reduce the variance without affect the expectation.
Trust Region Policy Optimization (TRPO): TRPO [144] introduces
Kullback-Leibler (KL) divergence constraint on the size of the policy
update in order to improve the training stability. Specifically, TRPO
aims to maximize the weighted advantage under trust region constraint, which enforces the distance between old and new policy
distributions measured by KL divergence to be small enough. This
constraint can be incorporated within the objective function as follows:

E[

πθ ( at |st )
A(st , at ) − βKL[πθold (·|st ), πθ (·|st )]] → max (2.57)
πθold ( at |st )
θ

Proximal Policy Optimization (PPO): PPO [145] implements the idea
of limiting the size of the policy update in a simpler form than TRPO.
When the probability ratio between old and new policies is denoted
as r (θ ), it needs to stay within a small interval around 1 to prevent
sudden change in policy.
rt (θ ) =

πθ ( at |st )
πθold ( at |st )

(2.58)

PPO realizes this constrain by clipping the ratio to be 1 ± e and
taking the smaller value between the original r (θ ) and the clipped one.
This discourages to increase the policy update to extremes for better
rewards because this penalizes only the merit from the bigger r (θ ).
E[min(r (θ ) A(st , at ), clip(r (θ ), 1 − e, 1 + e) A(st , at ))]

(2.59)

Actor-Critic DRL algorithm
Both value-based and policy gradient algorithms has its own pros
and cons, i.e. policy gradient methods are better for continuous and
stochastic environments, and have a faster convergence whereas valuebased methods are more sample efficient and steady. Lately, actorcritic [82, 111] was proposed to take advantage from both valuebased and policy gradient while limiting their drawbacks. Actor-critic
architecture computes the policy gradient using a value-based critic
function to estimate expected future reward. The principal idea of
actor-critic is to divide the model in two parts: (i) computing an action
based on a state and (ii) producing the Q values of the action. As given
in Fig.2.15, the actor takes as input the state st and outputs the best
action at . It essentially controls how the agent behaves by learning the
optimal policy (policy-based). The critic, on the other hand, evaluates
the action by computing the value function (value based). The most
basic actor-critic method is naive policy gradients (REINFORCE).
Advantage Actor-Critic (A2C): A2C [111] consist of two neural networks i.e. actor network πθ ( at |st ) representing for policy and critic
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network Vωπ with parameters ω approximately estimating actor’s performance. In order to determine how much better it is to take a specific
action compared to the average, an advantage value is defined as:
Aπ (st , at ) = Qπ (st , at ) − V π (st )

(2.60)

Instead of constructing two neural networks for both the Q value and
the V value, using Bellman optimization equation we can rewrite the
advantage function as:
Aπ (st , at ) = R(st , st+1 ) + γVωπ (st+1 ) − Vωπ (st )

(2.61)

For given policy π, its value function can be obtained using point
iteration for solving:
V π (st ) = Eat ∼π (at |st ) Est+1 ∼T (st+1 |at ,st ) ( R(st , st+1 ) + γV π (st+1 )) (2.62)
Similar to DQN, on each update a target is computed using current
approximation:
y = R(st , st+1 ) + γVωπ (st+1 )

(2.63)

At time step t, the A2C algorithm can be implemented as following
steps
• Step 1: Compute advantage function using Equation 2.61.
• Step 2: Compute target using Equation 2.63.
• Step 3: Compute critic loss with MSE loss: L = B1 ∑ T ||y −
V π (st ))||2 , where B is batch size and V π (st ) is defined in Equation 2.62.
• Step 4: Compute critic gradient: 5critic =

∂L
∂ω .

• Step 5: Compute actor gradient:
5 actor = B1 ∑T 5θ logπ ( at |st ) Aπ (st , at )
Asynchronous Advantage Actor Critic (A3C) Beside A2C, there is
another strategy to implement an Actor Critic agent. Asynchronous
Advantage Actor Critic (A3C) [111] approach does not use experience replay because this requires lot of memory. Instead, A3C asynchronously execute different agents in parallel on multiple instances
of the environment. Each worker (copy of the network) will update the
global network asynchronously. Because of the asynchronous nature
of A3C, some workers (copy of the agents) will work with older values
of the parameters. Thus the aggregating update will not be optimal.
On the other hand, A2C synchronously update the global network.
A2C waits until all workers finished their training and calculated their
gradients to average them, to update the global network. In order
to update entire network, A2C waits for each actor to finish their
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Figure 2.19: An illustration of Actor-Critic algorithm in two cases: sharing
parameters (a) and not sharing parameters (b).

segment of experience before updating the global parameters. As a
consequence, the training will be more cohesive and faster. Different
from A3C, each worker in A2C has the same set of weights since and
A2C updates all their workers at the same time. In short, A2C is an alternative of synchronous version of the A3C. In A2C, it waits for each
actor to finish its segment of experience before updating, averaging
over all of the actors. In practical experiment, this implementation is
more effectively uses GPUs due to larger batch sizes. The structure of
an actor-critic algorithm can be divided into two types depending on
whether or not parameter sharing as illustrated in Fig.2.19.
In order to overcome the limitation of speed, GA3C [8] was proposed
and it achieved a significant speed up compared to the original CPU
implementation. To more effectively train A3C, [68] proposed FFE
which forces on random exploration at the right time during a training
episode, that can lead to improved training performance.
2.8.2

Model-Based Algorithms

We have discussed so far model-free methods including the valuebased approach and policy gradient approach. In this section, we focus
on the model-based approach, that deals with the dynamics of the
environment by learning a transition model that allows for simulation
of the environment without interacting with the environment directly.
In contrast to model-free approaches, model-based approaches are
learned from experience by a function approximation. Theoretically,
no specific prior knowledge is required in model-based RL/DRL but
incorporating prior knowledge can help faster convergence and better trained model, speed up training time as well as the amount of
training samples. While using raw data with pixel, it is difficult for
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model-based RL to work on high dimensional and dynamic environment. This is addressed in DRL by embedding the high-dimensional
observations into a lower-dimensional space using autoencoders [48].
Many DRL approaches have been based on scaling up prior work in RL
to high-dimensional problems. A good overview of model-based RL
for high-dimensional problems, can be found in [132] which partition
model-based DRL into three categories, i.e. explicit planning on given
transitions, explicit planning on learned transitions, and end-to-end
learning of both planning and transitions. In general, DRL targets at
training DNNs to approximate the optimal policy π ∗ together with
optimal value functions V ∗ and Q∗ . In the following, we will cover the
most common model-based DRL approaches including value function
and policy search methods.
Monte Carlo tree search (MCTS): MCTS [32] is one of the most popular method to look-ahead search and it is combined with DNN-based
transition model to build a model-based DRL in [3]. In this work,
the learned transition model predicts the next frame and the rewards
one step ahead using the input of the last four frames of the agent’s
first-person-view image and the current action. This model is then
used by Monte Carlo tree search algorithm to plan the best sequence
of actions for the agent to perform.
Value-Targeted Regression (UCRL-VTR): Alex, et al. proposed modelbased DRL for regret minimization [76]. In their work, a set of models,
that are ‘consistent’ with the data collected, is constructed at each
episode. The consistency is defined as the total squared error, whereas
the value function is determined by solving the optimistic planning
problem with the constructed set of models
Policy search
Policy search methods aim to directly find policies by means of
gradient-free or gradient-based methods.
Model-Ensemble Trust-Region Policy Optimization (ME-TRPO): METRPO [86] is mainly based on Trust Region Policy Optimization
(TRPO) [144] which imposes a trust region constraint on the policy to
further stabilize learning.
Model-Based Meta- Policy-Optimization (MB-MPO): MB-MPO [30]
addresses the performance limitation of model-based DRL compared
against model-free DRL when learning dynamics models. MB-MPO
learns an ensemble of dynamics models, a policy that can quickly
adapt to any model in the ensemble with one policy gradient step. In
results, the learned policy exhibits less model-bias without the need
to behave conservatively.
A summary of both model-based and model-free DRL algorithms is
given in Table Table 2.5.
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A3C [111]

MB-MPO [30]

ME-TRPO [86]

PPO [145]

TRPO [144]

DDPG [97]

UCRL-VTR[76]

MCTS [3]

Dueling DQN [163]

Double DQN [177]

DQN [110]

DRL Algorithms

Advantage Actor Critic

Asynchronous Advantage Actor Critic

Model-Based Meta- Policy-Optimization

Model-Ensemble Trust-Region Policy Optimization

Proximal Policy Optimization

Trust Region Policy Optimization

DQN with Deterministic Policy Gradient

optimistic planning problem

Monte Carlo tree search

Dueling Deep Q Network

Double Deep Q Network

Deep Q Network

Description

Actor Critic, On-Policy

Actor Critic, On-Policy

Policy gradient, On-policy

Policy gradient, On-policy

Policy gradient, On-policy

Policy gradient, On-policy

Policy gradient, Off-policy

Valued-based, On-Policy

Valued-based, On-Policy

Value-based, Off-policy

Value-based, Off-policy

Value-based, Off-policy

Category

Table 2.5: Summary of model-based and model-free DRL algorithms consisting of value-based and policy gradient methods.

A2C [111]
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2.8.3

Good practices

Inspired by Deep Q-learning [110], we discuss some useful techniques
that are used during training an agent in DRL framework in practices.
Experience replay
Experience replay [173] is a useful part of off-policy learning and it
often used while training an agent in RL framework. By getting rid of
as much information as possible from the past experiences, it removes
the correlations in training data and reduces the oscillation of learning
procedure. In result, it enables agents to remember and re-use the past
experiences sometimes in many weights updates which increases data
efficiency.
Minibatch learning
Minibatch learning is a common technique that is used together with
experience replay. Minibatch allows learning more than one training
sample at each step, thus, it makes the learning process robust to
outliers and noise.
Target Q-network freezing
As described in [110], two networks are used for training process. In
target Q-network freezing: one network interacts with the environment
and another network plays a role of target network. The first network
is used to generate target Q-values that are used to calculate losses.
The weights of the second network i.e. target network are fixed and
slowly updated to the first network [98].
Reward clipping
Reward is the scalar number provided by the environment and it aims
at optimizing the network. To keep the rewards in a reasonable scale
and to ensure proper learning, they are clipped to a specific range
(-1 ,1). Here 1 refers to as positive reinforcement or reward and -1 is
referred to as negative reinforcement or punishment.
Model-based v.s. Model-free approach
Whether the model-free or model-based approaches is chosen mainly
depends on the model architecture i.e. policy and value function.
2.9

online learning

Online learning exploits a constant stream of data where only a single
sample is provided to the learning algorithm at every time step, which
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is incrementally updated every time a new sample arrives. ANNs
are typically trained with backpropagation in a batch-mode methods,
minibatches, and multiple passes over the data, which requires the
entire training data to be made available prior to the learning task
[143]. Online Learning can be directly applied to DNNs but they suffer
from convergence issues, such as vanishing gradients and diminishing
feature reuse. There have been attempts on utilization of deep learning with online learning [90, 175]. However, they operate in a sliding
window approach with a mini-batch training, making them unsuitable for a streaming data. Regarding the online learning, SNNs are
known for their ability to lean continuously and incrementally, which
allows them to continuously adapt to non-stationary and evolving
environments [100].
2.10

available software frameworks

We provide a list of known software frameworks for the SNN simulation with some emphasis on relation with deep learning frameworks
in Table 2.6.
2.11

related works

2.11.1 Deep Learning-based Image Segmentation
Semantic segmentation refers to associating one of the classes to each
pixel in an image. This problem has played an important role in many
research areas and has attracted numerous studies recently when deep
learning have become ubiquitous in semantic segmentation.
One of the first works on CNN-based semantic segmentation approaches is proposed by Farabet et al. It uses a multiscale convolutional
network trained from raw pixels to extract dense feature vectors that
encode regions of multiple sizes centered on each pixel [47]. This work
consists of two components: multi-scale, convolutional representation
and graph-based classification. To simultaneously detect and segment
all instances of a category in an image, [59] proposes SDS (Simultaneous Detection and Segmentation) approach which uses CNN to classify
region proposals. Later, [101] proposes “fully convolutional” networks
that take input of arbitrary size and produce correspondingly-sized
output with efficient inference and learning. It adapts classification
networks to fully convolutional networks and transfers learned representations to the segmentation task. It also defines a skip architecture
that combines semantic information from a deep, coarse layer with
appearance information from a shallow, fine layer to produce accurate
and detailed segmentations. Many works later that make use of [101]
are proposed later. Some works like [25, 35, 117, 125, 148] archive
remarkable segmentation performance. [25] combines the responses at
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STDP/RSTDP
ANN conversion

backpropagation

Slayer PyTorch [147]

STDP/RSTDP

SpykeTorch [118]

BindsNet [62]

STDP
ANN conversion
backpropagation

STDP/RSTDP

training

Nengo [12]
Nengo DL [134]

Nest [51]

framework
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Table 2.6: Comparison of famous SNNs frameworks

Slayer PyTorch provides solutions for the temporal
credit problem of spiking neurons that allows backpropagation of errors.

BindsNet is also based on PyTorch targeting machine
learning tasks. Currently, synapses are implemented
without their own dynamics.

SpykeTorch is based on PyTorch [128] and simulates
convolutional SNNs with at most one spike per neuron
and the rank-order encoding scheme.

NengoDL allows users to construct biologically detailed
neural models, intermixed with deep learning elements
bucked by TensorFlow and Keras [28].

Nest focuses on the dynamics and structure of neural
systems, and it is used in medical/biological applications but maps poorly to large datasets and deep
learning.

description
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42

background

the final Deep Convolutional Neural Networks (DCNNs) layer with a
fully connected CRF to overcome the poor localization problem of deep
networks. [35] proposes a method that achieves competitive accuracy
but only requires easily obtained bounding box annotation. The basic
idea is to iterate between automatically generating region proposals
and training convolutional networks. These two steps gradually recover segmentation masks for improving the networks, and vise versa.
[125] studies the more challenging problem of learning DCNNs for semantic image segmentation from either (1) weakly annotated training
data such as bounding boxes or image-level labels or (2) a combination
of few strongly labeled and many weakly labeled images, sourced
from one or multiple dataset. [117] introduces a purely feed-forward
architecture mapping small image elements (superpixels) to rich feature representations extracted from a sequence of nested regions of
increasing extent. These regions are obtained by ”zooming out” from
the superpixel all the way to scene-level resolution. This approach
exploits statistical structure in the image and in the label space without
setting up explicit structured prediction mechanisms, and thus avoids
complex and expensive inference. In order to mitigates the limitations
of the existing methods based on fully convolutional networks, [124]
identifies detailed structures and handles objects in multiple scales
natural by integrating deep deconvolution network and proposal-wise
prediction. The deconvolution network is composed of deconvolution
and unpooling layers, which identify pixelwise class labels and predict segmentation masks. To dealing with long range context, [148]
introduce a global scene constraint to alleviate similar pixels they
are indistinguishable from local context. They estimate the global
potential in a non-parametric framework. For better global potential
estimation, a large margin based CNN metric learning method is
proposed. The final pixel class prediction is performed by integrating
local and global beliefs. Recently, [99] explores ‘patch-patch’ context
between image regions, and "patch-background" context. For learning
from the patch-patch context, they formulate CRFs with CNN-based
pairwise potential functions to capture semantic correlations between
neighboring patches. Efficient piecewise training of the proposed deep
structured model is then applied to avoid repeated expensive CRF
inference for back propagation. For capturing the patch-background
context, they use a network design with traditional multi-scale image
input and sliding pyramid pooling.
Region-based Convolutional Neural Networks (R-CNN) is one of
the important framework for the object detection and segmentation
task [52] in this catorogy. R-CNN, the first generation of this family,
applies the high-capacity deep CNN to classify given bottom-up region
proposals. Due to the lack of labeled training data, it adopts a strategy
of supervised pre-training for an auxiliary task followed by domainspecific fine-tuning. Then the ConvNet is used as a feature extractor

[ December 16, 2020 at 23:45 – Submission ]

2.11 related works

and the system is further trained for object detection with Support
Vector Machines (SVM). Finally, it performs bounding-box regression.
The method achieves high accuracy but is very time-consuming. The
system takes a long time to generate region proposals, extract features
from each image, and store these features in a hard disk, which also
takes up a large amount of space. At testing time, the detection process
takes 47s per image using VGG-16 network [150] implemented in GPU
due to the slowness of feature extraction. In other words, R-CNN is
slow because it processes each object proposal independently without
sharing computation.
Fast R-CNN
Fast R-CNN [53] solves this problem by sharing the features between
proposals. The network is designed to only compute a feature map
once per image in a fully convolutional style, and to use ROI-pooling
to dynamically sample features from the feature map for each object
proposal. The network also adopts a multi-task loss, i.e. classification
loss and bounding-box regression loss. Based on the two improvements, the framework is trained end-to-end. The processing time for
each image significantly reduced to 0.3s. Fast R-CNN accelerates the
detection network using the ROI-pooling layer. However the region
proposal step is designed out of the network and, hence, still remains
a bottleneck, which results in a sub-optimal solution and exhibits a
dependence on the external region proposal methods.
Faster R-CNN
Faster R-CNN [136] addresses the problem with fast R-CNN by introducing the Region Proposal Network (RPN). An RPN is implemented
in a fully convolutional style to predict the object bounding boxes and
the objectness scores. In addition, the anchors, i.e. a set of predefined
templates, are defined with different scales and ratios to achieve the
translation invariance. The RPN shares the full-image convolution
features with the detection network. Therefore the whole system is
able to complete both proposal generation and detection computation within 0.2s using very deep VGG-16 model [150]. With a smaller
Zeiler-Fergus (ZF) model [171], it can reach the level of real-time
processing.
2.11.2 Deep Reinforcement Learning-based Visual Navigation
Visual navigation plays a key role when an artificial agent interacts
with the environment to adapt to an environment and achieve advanced behaviors. Map-based methods, include simultaneous localization and mapping (SLAM) [157] and path planning [50] is a classical
navigation method. SLAM system can be built on either laser sensor

[ December 16, 2020 at 23:45 – Submission ]

43

44

background

or camera often paired with an IMU. Recent development in computer
vision has focused on visual SLAM thanks to its capability of handle
poor environment such as rain or snow. Visual navigation has been
attracted by many researchers last couple years. Review on visual
navigation can be found at [69]. In recent years, the success of Deep
Reinforcement Learning has bring visual navigation into the next level.
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Our system contains two modules corresponding to scene understanding and robotic navigation. The first module is implemented as a
Spiking Neural Network to carry out semantic segmentation to understand the scene in front of the robot. The second module provides a
high-level navigation command to robot, which is considered as an
agent and implemented by online reinforcement learning. The module
was implemented with biologically plausible local learning rule that
allows the agent to adopt quickly to the environment. We will first
present the robot model that will be used in both simulation and real
world.
3.1

robot model

The quadruped robot Lailaps was designed as the real world robotic
platform to evaluate the proposed framework. Lailaps is a quadruped
with 12 DoF with bilateral symmetry (Figure 3.1). The links of legs
are connected to each other by rotary joints. Each leg is equipped
with three servo motors that can be controlled through a Pulse Width
Modulation (PWM) signal. The software PWM library pigpiod [176]
was used for creating PWM signal from Raspberry Pi. The servos have
a maximum torque 20.0 kg-cm, and may fail to follow the commands
if the torque is insufficient.

Figure 3.1: The overview of the physical model of the quadruped robot

45
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The state of the robot is determined by its IMU and camera1 inside
the head.
3.1.1

Leg Design

The leg structure is presented in the Figure 3.2. The lower leg (calf
and foot) is actuated by the servo motor inside the upper leg through
the link rod to realize the slim appearance.
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Figure 3.2: A structural design of a leg of the quadruped.

3.1.2

Kinematic Analysis

A set of basic homogeneous transformations for translation and rotation about the x, y, z axes is given by:

Tx,a

1 0 0 a





0 1 0 0

=


0 0 1 0

(3.1)

0 0 0 1

1 Intel RealSense D435i: https://www.intelrealsense.com/depth-camera-d435i/
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1 0 0 0





0 1 0 b 


=

0 0 1 0

Ty,b

(3.2)

0 0 0 1

Tz,c

1 0 0 0





0 1 0 0

=


0 0 1 c 

(3.3)

0 0 0 1

R x,α

1

0



0
cos( β)



0

0 sin( β) 0



0



0

0



0


0 0


1 0

0

0 1

cos(γ)

(3.5)

1

cos(γ) − sin(γ) 0 0


 sin(γ)
=

 0

(3.4)

1





0
1
0
0

=


− sin( β) 0 cos( β) 0
0

Rz,γ

0



0 cos(α) − sin(α) 0


=

0
sin
(
α
)
cos
(
α
)
0


0

Ry,β

0

(3.6)

Because of the bilateral symmetry of the robot, we will investigate the
forward and inverse kinematics analysis of a single leg.
Forward Kinematics
We will use Denavit-Hartenberg convention for selecting frames of
reference. The Denavit-Hartenberg parameters for forward kinematics
of the leg are given in Table 3.1. In this convention, each homogeneous
transformation Ai for associated ith link and joint is represented as a
product of four basic homogeneous transformations.
Ai = Rz,θi Tz,di Tx,ai R x,αi

(3.7)

where the four quantities θi , ai , di , αi are representing the link length,
link twist, link offset, and joint angle, respectively. The parameter a is
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Figure 3.3: Quadruped state variables and forward kinematics

the distance between the common normal. Assuming a revolute joint,
this is the radius about previous z axis. The angle α is the angle about
common normal, from previous z axis to new z axis. The parameter d
is the offset along previous z axis to the common normal. The angle θ
is the angle about previous z axis, from previous x axis to the new x
axis.
Link

ai

αi

d i +1

θ i +1

0→1

L1

0

0

−π/2 + θ1∗

1→2

0

−π/2

0

−π/2

2→3

L2

0

0

π/2 − θ2∗

3→4

L3

0

0

θ3∗

Table 3.1: Denavit-Hartenberg parameters of a leg. ∗ represents the variable.

The forward kinematic matrix T40 is given in the following equation.
T40 = A1 A2 A3 A4

(3.8)

This results in a following matrix where the elements m11 ∼ m34 are
listed in the Table 3.2.

T40

m11 m12 m13 m14





m21 m22 m23 m24 


=

m31 m32 m33 m34 
0

0

0

1
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m11

-cos(θ1) sin(θ2 − θ3)

m12

cos(θ1) cos(θ2 − θ3)

m13

sin(θ1)

m14

L1 sin(θ1) − cos(θ1)(L2 sin(θ2) + L3 sin(θ2 − θ3))

m21

-sin(θ1) sin(θ2 − θ3)

m22

sin(θ1) cos(θ2 − θ3)

m23

-cos(θ1)

m24

-L1 cos(θ1) − sin(θ1)(L2 sin(θ2) + L3 sin(θ2 − θ3))

m31

-cos(θ2 − θ3)

m32

-sin(θ2 − θ3)

m33

0

m34

-L2 cos(θ2) − L3 cos(θ2 − θ3)

Table 3.2: The elements of the forward kinematic matrix

Inverse Kinematics
Following [178], the inverse kinematic analysis is performed using analytical methods to calculate angular position of each joints (θ1 , θ2 , θ3 ).
Given the desired foot position ( x4 , y4 , z4 ), required angle of each joint
of a leg is calculated as follows:
θ1 = s · atan2(−y4 , x4 ) + s · atan2(

q

x42 + y24 − L21 , −s · L1 ) (3.10)

Considering the bilateral symmetry, the variable s ∈ {−1, 1} accounts
for a leg in left (−1) and right (1) side of the body.
θ2 = − atan2(z4 ,

q

x42 + y24 − L21 )

+ atan2( L3 sin(θ3 ), L2 + L3 cos(θ3 )) (3.11)

θ3 = d · acos(

q

x42 + y24 + z24 − L21 − L22 − L23 /(2L2 L3 ))

(3.12)

Here the variable d ∈ {−1, 1} accounts for plantigrade (−1) and
digitigrade (1) mammal-like leg orientation of the robot. Since Lailaps
has leg orientation of digitigrade mammal type, d = 1 was used.
Robot Kinematics
We define the rotational matrix and the transformation matrix given
the rotation (φ, ψ, ω ) and translation ( xm , ym , zm ) of the body coordinate system of the robot as follows:
Rm = R x,φ Ry,ψ Rz,ω
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1 0 0 xm





0 1 0 y m 

Tm = Rm × 


0 0 1 z m 
0 0 0

(3.14)

1

Then the base orientation and translation and base of the each leg can
be related as:


cos(π/2) 0 sin(π/2)
L/2



0
1
0
0 


TFR = Tm × 
(3.15)

− sin(π/2) 0 cos(π/2) −W/2
0

TF L

cos(π/2)

0

1

0 sin(π/2)

L/2







0
1
0
0

= Tm × 


− sin(π/2) 0 cos(π/2) W/2
0


TBR

0

0

cos(−π/2)

0

(3.16)

1

0 sin(−π/2)

− L/2







0
1
0
0

= Tm × 


− sin(−π/2) 0 cos(−π/2) −W/2
0


cos(−π/2)

0

0

0

1

0 sin(−π/2) − L/2



0
1
0
TBL = Tm × 

− sin(−π/2) 0 cos(−π/2)
0

0

(3.17)







W/2 
0

(3.18)

1

where L and W are the separation of hip joint along x and y axis
respectively.
3.1.3

Section A.1 for more
details.

Simulation Model

We developed simulation model of the robot using PyBullet [33]
physics engine for safe and rapid prototyping of motion generation
and testing. PyBullet is a Python module that wraps the new Bullet
C-API for robotics simulation and machine learning, with a focus on
sim-to-real transfer. The robot model was expressed in URDF format
[133] and imported to the environment. The simulation model is
shown in Figure 3.4.
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Figure 3.4: A quadruped model in the simulator

3.1.4

Foot Trajectory Generation

The leg movement of a quadruped robot can be divided into two
phases: the stance phase and the swing phase. We separately designed
the foot trajectory based on the phase.
Stance Phase Trajectory
Cosine function was used in the trajectory of the stance phase since
it provides a smooth trajectory. This method have been used in foot
trajectory generation in quadruped robots [91, 109] . The z-directional
formula of stance phase is shown below:
π
TzST (t) = −0.001 cos( (1 − t))
2

(3.19)

where t ∈ (0, 1] represent the time-step in stance phase.
Swing Phase Trajectory
The trajectory of the swing phase can be obtained by Bézier curve
[172], which is a smooth parametric curve controlled by several points
expressed as follows:
n

B(t) =

 
n
∑ i (1 − t)n−i ti Pi
i =0

(3.20)

where Pi is the ith fitting point and t . This curve has been widely used
in swing phase trajectory generation of quadruped robots [70, 91]. We
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obtained a smooth foot trajectory by ten control points as shown in
Table 3.3.
Pn

x [m]

z[m]

P0

-0.05

0

P1

-0.06

0

P2

-0.07

0.05

P3

-0.07

0.05

P4

0

0.05

P5

0

0.05

P6

0.07

0.06

P7

0.07

0.06

P8

0.06

0

P9

0.05

0

Table 3.3: The 10 control points of the Bézier curve. Note that the z values
are scaled by a desired foot height.

3.2

spiking scene understanding

If a robot is to interact with its environment, the robot must be able
to sense its surrounding environment. This could be done through
various types of sensors or collections of sensors. In this thesis, we
will present a SNN based image segmentation model for scene understanding. Image segmentation is the process of partitioning an
image into multiple homogeneous regions that share some common
properties, e.g. intensity, color or texture. Image segmentation plays
an important role in various areas of image processing, such as object
detection and classification, action classification, scene understanding,
and other visual information analysis processes. Convolutional neural
networks (CNNs), in this context, are one of the most powerful sensing
modalities that currently exists. We employed fully-convolutional deep
neural network to extract such pixel information and later convert to
SNN by replacing the activation functions to the spiking neurons.
3.2.1

Network Structure

The overview of the ANN segmentation model is provided in Figure 3.5. The detailed parameters of the network can be found on
Figure A.1. The network has total of 19 convolutional layers followed
by ReLU activation function for the later conversion. Although Kim
et al. presented the way to convert more powerful activation function
LeakyReLU [167] into spiking layer by introducing “negative spikes”
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Figure 3.5: The network structure of the segmentation model

[79], we did not employ this activation function for simplicity and
biological plausibility.
3.2.2

Weight Scaling

In order to preserve the information encoded within a layer, the
parameters of a layer need to be scaled jointly [170]. This could be done
by scaling the weights based on the data-based normalization scheme
[41]. This technique relies on the linearity of the ReLU activation
function in ANN.

l
l
WSNN
← WANN

λ l −1
λl

(3.21)

where W l is the weight of layer l and λl is the maximum ReLU
activation of layer l.
3.2.3

Information Coding

Although the brain is known to encode external information into
binary events, the way information is encoded with such spikes being
one of the big unresolved challenges. According to Zambrano and
Bohte, we can use analog input values in the very first hidden layer,
and compute with spikes from there on [170]. This method works
effectively in the low-activation range in ANN units, where undersampling in spiking neurons usually occurs [139]. Following these
observations, we did not converted analog input activations or RGB
values into Poisson firing rates, instead we fed the normalized RGB
values into the first convolutional layer directly for a given time steps
inorder to obtain the spike activations for consecutive layers.
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3.3
3.3.1

spike based online learning
Simulation Environment

In order to apply the reinforcement learning methods, a standalone
module that adopts the OpenAI Gym [22] interface was built on
top of the PyBullet environment. Within the Gym environment, the
agent perceives the world through a robot’s sensors (simulated LiDAR,
camera, IMU, etc.) and interacts with the world through its actuators.
In the navigation environment, an agent needs to move towards
a series of goal positions. When the agent reaches the goal, the goal
location is randomly reset to elsewhere, while keeping the rest of the
obstacles’ layout the same. The sparse reward component is attained
on achieving a goal position. The dense reward component gives a
bonus for moving towards the goal. Whenever the robot collides with
the obstacles, negative sparse reward, or punishment, is given to the
agent. In this environment, an agent can give a high-level commands
(move forward/backward, rotate clockwise/counter-clockwise) that is
executed by the robot platform. The robot is equipped with LiDAR
and/or RGBD camera (Figure 3.6).

Figure 3.6: The snapshot of the navigation gym environment. The blue cylinders are the obstacles and the red sphere is the goal to reach.

3.3.2

Control Architecture

The overall control architecture is represented in Figure 3.7. The observations are encoded into the sensory neurons, which are the ensemble
of LIF neurons, and the synaptic weight between the sensory neurons and the basal ganglia was adjusted in reinforcement learning
paradigm through online manner. The model learns the synaptic
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weight through PSE learning rule based on the observed reward from
the environment.

Figure 3.7: The architecture of high-level navigation controller that follows
the Agent-Environment interaction in reinforcement learning.

3.3.3

Vision Subnetwork

Vision subnetwork is intended to encode visual information from
the robot camera. The segmentation model presented in the previous
section could be employed here but we used more shallower network
for real-time computation. U-Net architecture [137], which is noted
in (medical) image segmentation applications, features in skip connections between the mirrored layers in the encoder and decoder,
allowing successive convolution layers to learn a more precise output
based on the information of high resolution features as shown in
Figure 3.8. Unlike the original purpose of using U-Net to conduct semantic segmentation, we exploit its architecture to obtain an encoded
visual information. The subnetwork was implemented in ANN to be
trained to reproduce the input image, allowing the bottleneck features
to be the encoded representation of the input image.
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Figure 3.8: The network structure of the segmentation model

Basal Ganglia
Basal Ganglia is responsible for action selection [4]. Action selection consists of choosing one action to perform out of the many
actions in an organism’s repertoire. In our case it will be the four
actions that the agent can take, i.e., move forward/backward, and
rotate clockwise/counter-clockwise. According to Nambu, Tokuno,
and Takada, the basic components of basal ganglia are the striatum
(striatal D1 and D2), the subthalamic nucleous (STN), the globus pallidus internal (GPi) / substantia nigra pars reticulata (SNr), and the
globus pallidus external (GPe) [120]. Gurney, Prescott, and Redgrave
proposed non-spiking basal ganglia model [57] with one neuron per
area of the basal ganglia to represent each action. The model was
later extended to spiking version by Stewart, Choo, and Eliasmith
by adapting the rate model into spiking neurons (LIF model) [154].
The basal ganglia model is primarily defined by its winner-take-all
function and outputs approximately zero at the dimension with the
largest value and negative elsewhere.
Thalamus
The thalamus inhibits non-selected actions and intended to work
in tandem with a basal ganglia network. The thalamus helps the
discretization of the output of the basal ganglia network. In order to
suppress low responses and strengthen high responses, a constant
bias is added to each dimension, and dimensions mutually inhibit
each other. Additionally, the ensemble representing each dimension
is created with positive encoders and can be assigned positive xintercepts to threshold low responses.
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Figure 3.9: The architecture of basal ganglia for action selection (based on
[57, 154]).
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E X P E R I M E N T S A N D R E S U LT S

4.1

spiking scene understanding

Since the direct training of the deep SNN is still challenging, we followed the ANN-to-SNN conversion strategy for this work as descried
in the previous chapter. As a first step, the fully convolutional deep
neural network with regular ReLU activation functions was trained using standard DNN framework. This allows us to validate the network
architecture to perform the segmentation task sufficiently.
4.1.1

Dataset and Metrics

Dataset: The Oxford-IIIT Pet dataset [126] was used for this experiment. The dataset consists 37 category namely, 25 categories of dogs
and 12 categories of cats. Each class with roughly consists of 200
images. The images have a large variations in scale, pose and lighting.
All images have an associated ground truth annotation of breed, head
ROI, and pixel level trimap (i.e. background, edge and object region)
segmentation. The dataset is given in Fig.4.1 and its annotations is
shown in Fig.4.2. All the data was resized to (128, 128) and normalized
to 0 to 1.

Figure 4.1: Oxford-IIIT Pet dataset of 37 category of dogs and cats.

Metrics: To train a DNN, the loss function, which is known as cost
function, plays a significant role. Loss function is to measure the
average (expected) divergence between the output of the network
(P) and the actual function (T) being approximated, over the entire

59
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Figure 4.2: Some annotations examples from Oxford-IIIT Pet Dataset. Each
image has its own class label (first column), tight bounding box
(ROI) around the head of the animal (second column) and a pixel
level foreground-boundary-background segmentation.

domain of the input, sized m × n. We denote i as index of each pixel
in an image spatial space N = m × n. The label of each class is written
as c in C classes. Herein, we briefly review the some common loss
functions.
In this thesis, we use Cross Entropy (CE) Loss which is a widely
used pixel-wise distance to evaluate the performance of classification
or segmentation model. In CE loss function, the output from softmax
layer (P) is classified and evaluated against the groundtruth (T). For
binary segmentation, CE loss is expressed as Binary-CE (CE) loss
function as follows:

LCE = −

1
N

N

∑ [Ti ln( Pi ) + (1 − Ti ) ln(1 − Pi )]

(4.1)

i =1

The standard CE loss has well-known drawbacks in the context of
highly unbalanced problems. It achieves good performance on a large
training set with balanced classes. For unbalanced data, it however
typically results in unstable training and leads to decision boundaries
biased towards the majority classes. To deal with the imbalanced-data
problem, two variants of the standard CE loss, Weighted CE (WCE)
loss and Balanced CE (BCE) loss are proposed to assign weights to the
different classes.
To deal with the imbalanced-data problem, two variants of the
standard CE loss, Weighted CE (WCE) loss and Balanced CE (BCE)
loss are proposed to assign weights to the different classes. WCE, BCE
losses assign more importance to the rare labels and defined as

WCE( T, P) = −

1
N

N

∑ [ βTi ln( Pi ) + γ(1 − Ti ) ln(1 − Pi )]

i =1
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where β > 1 is to decrease the number of false negatives and where
β < 1 is to decrease the number of false positives. In WCE loss, γ = 1
whereas γ = 1 − β in BCE.
4.1.2

Training of ANN

The non-spiking convolutional neural network was trained with Adam
optimizer [80] through backpropagation. The hyper-parameters was
set as default of Keras framework. The model was trained on a machine
with Intel Core i7-7700K CPU @ 4.20GHz 8 with 32 GB RAM and
GeForce GTX 1070/PCIe/SSE2 running Ubuntu 20.04. Regarding the
conversion, we target the spiking neurons to have a firing rates of
150 ∼ 200Hz to ensure the spiking because too low firing rate would
result in a generation of no activity especially for the deep network
architecture.
4.1.3

Experimental Result

The Figure 4.3 shows some segmentation result done by the converted
model. Although the details are not segmented well, the converted
SNN model can still capture the overall structure of an object within
the image. We use intersection over union metric (IoU) to evaluate the
accuracy of the predicted masks. IoU is is evaluated as:

IoU (b A , bB ) =

b A ∩ bB
b A ∪ bB

(4.3)

where the b A and b A represents the ground truth and predicted mask
respectively.
The ANN model presents the IoU of 0.803 on the dataset while the
converted SNN model presents the IoU of 0.785. The degrade in accuracy is thought to be mainly because of the conversion. As for the
segmentation model, the accuracy could be improved via: (1) training
better ANN the before conversion, (2) improving the conversion strategy. Because of the complex routing in state of the art ANN models,
there are still some obstacles for the ANN to SNN conversion. Adding
a firing rate regularization term to the cost function that penalizes neurons firing outside of the desired range is one option. Networks could
also be trained offline as described and then fine-tuned online using
an STDP rule to help further reduce errors associatedwith converting
from rate-based to spike-based networks, while avoiding difficulties
with training a network in spiking neurons from scratch.
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4.2

robot navigation

In order to provide the robot a high-level command, we implemented
the agent capable of online reinforcement learning. The network architecture was discussed in the previous chapter and the overall architecture is shown in Figure 3.7.
4.2.1

Performance

Figure 4.4 shows the (x, y) trajectory of the robot moving throughout
the environment to five consecutive targets in the environment. As
shown in Figure 4.4, without the learning capabilities, the robot failed
to reach the objective. When the online learning is activated, robot
wonders around and searched for the sensory signals that gives more
reward from the environment. The robot gets better in reaching the
objective as time passes. This process only takes about 2 minuets,
showing the high-adaptability to the sensory data streams. In the
real-world robotic applications, the reward could be given by a human
teaching what is expected.
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4.2 robot navigation

Figure 4.3: Segmentation results obtained by the converted SNN.
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Figure 4.4: TOP: Path of the robot without online learning. The robot moved
forward only to hit the wall and stuck at the corner. BOTTOM:
Path of the robot with online learning. The robot gradually gets
better in pursuing the objective.
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5

CONCLUSIONS

This project aimed to lay the foundation for presenting SNN-based
control strategies for robots. We explored the use of SNNs in robotics
in favour of brains’ exhibition of a remarkable cognitive performance
in real-world tasks. Our experimental result assures the initial step of
the development for a fully autonomous robot. In summary, the main
contributions of this work are as follows:
a. Implemented a spiking image segmentation model with ANN
to SNN conversion, which showed a potential use of SNN in
computer vision for robotic perception.
b. Implemented a online reinforcement learning in spiking neurons with biologically plausible synaptic plasticity that allows to
quickly adopt to the environment.
There is clearly significant room for improvement and extension to this
work. It is the hopes of this work that presented result promotes the
research in both SNN and robotics in order to realize the animal-like
intelligence in the near future.
5.1

future work

To further develop this work and enable fully autonomous control of a
robot with spiking neural network, we have to overcome the hardware
constraints.
5.1.1

Low-level Control

This work focused in high-level control of a quadruped robot but we
hope to extend this SNN framework to the low-level control of the
robot as well. This includes the gait pattern generation based on the
central pattern generators (CPGs) and reflex systems.
5.1.2

Neuromorphic Hardware

While every simulation of SNN in this work was done on a classical hardware, we want to deploy the network on the event-driven
hardware in order to embrace full advantage of SNN. This means
that further work can be done both on the software and the hardware
side to create energy efficient and adoptive model of SNN for robotic
applications. This work could be extended with the development on

65
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neuromorphic chip such as Intel Loihi research chip, which contains
130,000 neurons optimized for spiking neural networks, along with an
dynamic vision sensors (DVS), also known as an event camera.
5.1.3

ROS Development

Integration of this work with Robot Operating System (ROS) is the
another future work. In ROS eco-system, many of the basic framework
for robotic software development has already been completed. It
would be beneficial to provide SNN package for robotic navigation
and control for the future development in neurorobotics. Once the
ROS development is completed, we hope to employ the SNNs in
various kinds of real robots.
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APPENDIX

a.1

creating urdf from solidworks model

The Unified Robotic Description Format (URDF) is an XML file format
used in ROS to describe all elements of a robot in tree structure.
In order to create the URDF file from a SolidWorks CAD model,
the SolidWorks to URDF exporter (http://wiki.ros.org/sw_urdf_
exporter), a SolidWorks add-in that allows SolidWorks Parts and
Assemblies to be converted into a URDF file, can be utilized.
a.2

structure of spiking neural networks

a.3

gallery
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Figure A.1: Network Structure of ANN used for segmentation
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