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Decision-making is a crucial cognitive function for various animal species surviving
in nature, and it is also a fundamental ability for intelligent agents. To make a
step forward in the understanding of the computational mechanism of human-like
decision-making, this paper proposes a brain-inspired decision-making spiking neural
network (BDM-SNN) and applies it to decision-making tasks on intelligent agents. This
paper makes the following contributions: (1) A spiking neural network (SNN) is used
to model human decision-making neural circuit from both connectome and functional
perspectives. (2) The proposed model combines dopamine and spike-timing-dependent
plasticity (STDP) mechanisms to modulate the network learning process, which indicates
more biological inspiration. (3) The model considers the effects of interactions among
sub-areas in PFC on accelerating the learning process. (4) The proposed model can
be easily applied to decision-making tasks in intelligent agents, such as an unmanned
aerial vehicle (UAV) flying through a window and a UAV avoiding an obstacle. The
experimental results support the effectiveness of the model. Compared with traditional
reinforcement learning and existing biologically inspired methods, our method contains
more biologically-inspired mechanistic principles, has greater accuracy and is faster.

Keywords: spiking neural network, brain-inspired decision-making, dopamine regulation, multiple brain areas
coordination, reinforcement learning, UAV autonomous learning

1. INTRODUCTION

Brain-inspired neural networks investigate on the nature of intelligence from computational
perspective and provide new opportunities to achieve the goal of human-like intelligence. The
motivation of this paper is to build a brain-inspired cognitive computational model based on brain
connectome and decision-making mechanism and apply it to decision-making tasks for intelligent
agents.

According to recent advancement of Neuroscience research, multiple brain areas are involved
and they coordinate with each other to realize brain decision-making. Every brain area plays a
unique role in decision-making, and each of them complement with each other for accomplishing
a decision-making task. The basal ganglia (BG) plays a central role in action selection and
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reinforcement learning (Mink and Thach, 1993; Mink, 1996;
Redgrave et al., 1999). The BG contains a set of subcortical
nuclei located in the midbrain, around the thalamus. The major
nuclei of BG contains striatum, internal globus pallidus (GPi),
subthalamic nucleus (STN), external globus pallidus (GPe),
substantia nigra pars reticulata (SNr), substantia nigra pars
compacta (SNc) and ventral tegmental area (VTA) (Alexander
and Crutcher, 1990; Lanciego et al., 2012).

A large number of computational models of information
processing in the BG have been developed in recent years.
Kenji Doya et al. investigated detailed biological mechanisms
of reinforcement learning and related computational modeling
(Daw and Doya, 2006; Doya, 2007). Joel et al. showed the
similarity between ventral striatum and critic function, as well
as the similarity between dorsal striatum and actor function
(Joel et al., 2002). To describe the real-world environment, a
continuous time Actor-Critic model has been proposed. This
method simulated the continuous temporal difference (TD)
learning by using spiking neurons (Frémaux et al, 2013).
However, the gradient descent method they used to update
weights in learning process is different from the biological brain
learning mechanism.

Current experimental evidence indicates that the decision-
making mechanism contains direct pathway, indirect pathway
and hyperdirect pathway. The detailed operational mechanism
of BG is currently believed to be as follows. Activity in the direct
pathway sends a “Go” signal to facilitate the response to a specific
action, whereas activity in the indirect pathway sends a “No
Go” signal to suppress a specific action. Striatum contains two
subclasses cells: “Go” cell and “No Go” cell. The “Go” cell directly
inhibits GPi, and has the disinhibition effect on thalamus, thus
facilitating the response to a specific action. The “No Go” cell on
the indirect pathway firstly inhibits GPe, then GPe inhibits GPi.
Thus, “No Go” cell has the opposing effect on GPi, suppressing
the response to the action in thalamus. The hyperdirect pathway
from STN directly excites GPi (Alexander et al., 1986; Alexander
and Crutcher, 1990; Percheron and Filion, 1991).

The dopamine (DA) from SN¢/VTA modulates the activity
of direct and indirect pathways by activating different receptors.
The “Go” cell expresses the D1 receptor, and we call it StrD1.
The “No Go” cell expresses the D2 receptor, and we call it
StrD2. The DA regulation plays an important role in decision-
making. When the executed action is correct, the increase
in DA lead to enhancing the activity in direct pathway, and
simultaneously suppressing indirect pathway. When the executed
action is incorrect, depletion of DA has the opposite effect,
enhancing the indirect pathway and suppressing the direct
pathway (Geften, 2000; Silkis, 2000). Frank et al. modeled the
direct pathway and indirect pathway in brain decision-making
with DA regulation in their model (Frank, 2005). This work only
focused on the interactions among brain areas in BG, while lack
of considerations on other associated important brain areas, such
as STN on the hyperdirect pathway and cortical areas.

Inspirations only from basal ganglia system may not be
enough, since coordinations with wider areas of the cortex
(Alexander et al., 1986) and thalamus are missing (Silkis, 2000;
Utter and Basso, 2008). In addition, with the current efforts,

generation of appropriate action selection may be too slow to
be applied to complex decision making tasks in natural scene
for intelligent systems. Frank et al. considered the bias top-down
control from orbitofrontal cortex (OFC) to BG. OFC represents
both positive and negative reward by two separate sub-areas,
medial OFC (MOFC) and lateral OFC (LOFC) (Elliott et al., 2000
O’Doherty et al., 2001). OFC also has a bias effect on BG by
maintaining contextual reward in working memory (Tremblay
and Schultz, 1999). Inspired by this mechanism, a relative reward
method has been proposed in Zhao et al. (2017). However, these
works are just the mathematical computational model without
the support of biological realistic spiking neurons and spiking
neural networks (SNN).

Although SNN has been adopted for modeling decision-
making circuit in recent years (Stewart et al., 2010; Gurney et al.,
2015), they are generally considered to get inspirations from the
brain at relatively coarser scales. Stewart et al. (2010) used SNN
to simulate the BG decision-making circuit, while it did not take
Spike-timing-dependent plasticity (STDP) mechanism and the
function of OFC into consideration. Gurney et al. proposed an
SNN model with STDP mechanism to simulate the BG decision-
making circuit (Gurney et al., 2015). However, this work also did
not consider the effect of OFC.

In this paper, we propose a brain-inspired decision-making
spiking neural network (BDM-SNN) model with a focus
on the inspirations of brain decision-making circuits and
mechanisms. This paper makes the following contributions:
(1) We use SNN to model human decision-making neural
circuit and mechanism. (2) We combine DA regulation
with STDP mechanism to modulate the learning process of
the network. (3) We consider the effect of OFC on the
representation of positive and negative feedback. (4) We apply
the proposed model to the unmanned aerial vehicles (UAV)
autonomous decision-making tasks, including the UAV flying
through a window task and the UAV obstacle avoidance
task.

2. MATERIALS AND METHODS

2.1. The Neuroanatomy of Brain
Decision-Making Circuit

The detailed cortico-basal ganglia-thalamo-cortical loop is
depicted in Figure 1. The acronyms and full names of brain
areas on the cortico-basal ganglia-thalamo-cortical loop are
listed in Table 1. Here, prefrontal cortex (PFC) is the input of
BG, and the BG projects to thalamus, then thalamus outputs
action to premotor cortex (PM). This circuit includes direct,
indirect and hyperdirect pathways of the BG. The direct pathway
is: PFC excites StrD1, then StrD1 directly inhibits GPi (PFC-
StrD1-GPi). The indirect pathway is: PFC excites StrD2, then
StrD2 has a disinhibition effect on GPi through the inhibitory
intermediate, GPe. The hyperdirect pathway is: PFC excites STN,
then STN excites GPe and GPi. Direct pathway, indirect pathway
and hyperdirect pathway are converged into GPi to output an
inhibitory effect on thalamus. Thalamus outputs excitatory bias
response to PM after combining the excitatory input from PFC
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FIGURE 1 | The cortico-basal ganglia-thalamo-cortical loop in human brain.
The brain areas on the circuit contain: prefrontal cortex (PFC), OFC, premotor
cortex (PM), thalamus, striatum (StrD1 and StrD2), GPi, STN, GPe, SNr, SNc,
VTA. The orange brain areas represent sub-areas of BG. The blue lines
represent excitatory connections, the red ones represent inhibitory
connections, the orange ones represent modulatory connections.

TABLE 1 | The acronyms and full names of brain areas on the cortico-basal
ganglia-thalamo-cortical loop.

Acronyms Full name

BG basal ganglia

GPi internal globus pallidus

STN subthalamic nucleus

GPe external globus pallidus

SNr substantia nigra pars reticulata
SNc substantia nigra pars compacta
VTA ventral tegmental area

DA dopamine

PFC prefrontal cortex

OFC orbitofrontal cortex

MOFC medial orbitofrontal cortex
LOFC lateral orbitofrontal cortex
DLPFC dorsolateral prefrontal cortex
PM premotor cortex

and the inhibitory input from GPi (Albin et al., 1989; Silkis, 2000;
Lanciego et al., 2012).

DA plays an important role in the learning process of decision-
making. The detailed learning mechanism is as the following: low
and high DA respectively promote long-term depression (LTD)
and long-term potentiation (LTP) on cortico-striatal synapses
(Kerr and Wickens, 2001). Increased levels of DA promote LTP
on StrD1 cells and LTD on StrD2 cells. Decreased levels of DA
promote LTP on StrD2 cells and LTD on StrD1 cells (Shen et al.,
2008). Direct pathway inhibits GPi, and thus has a disinhibition
effect on thalamus, then sends a “Go” signal to PM. Indirect
pathway disinhibits GPi, and thus has an inhibitory effect on
thalamus, then sends a “No Go” signal to PM. Thus, increases

in DA during positive feedback lead to reinforcing the selected
response by facilitating the activity of StrD1 and suppressing
the activity of StrD2. On the contrary, decreases in DA result
in facilitating the activity of StrD2 and suppressing the activity
of StrD1. By this way, the tendency of choosing this action will
be weakened. To sum up, direct pathway sends a “Go” signal
to facilitate a given response. Indirect pathway, with opposite
effect on the thalamus, sends a “No Go” signal to suppress the
response (Shen et al., 2008; Freeze et al., 2013). DA regulation can
effectively enlarge the difference between two competitive direct
pathway and indirect pathway, and is helpful for clear action
selection.

The connections and functions of different brain areas for
decision-making are as follows:

e PFC. PFC is important for quick decision-making. Firstly,
PFC, which represents the environment information, is
the input of BG. PFC also provides excitatory inputs to
thalamus and PM (Rose and Woolsey, 1948). Secondly, PFC
is considered to maintain contextual reward information in
working memory, and it has a top-down bias effect on behavior
selection process in BG (Riceberg and Shapiro, 2012). Thirdly,
the sub-area of PFC, OFC, represents reinforcement values.
The OFC represents both positive and negative reward in two
separate sub-areas: MOFC and LOFC. Studies in O’Doherty
et al. (2001) and Kringelbach (2005) showed that the MOFC
tends to respond to positive reward of reinforcement values,
whereas the LOFC is more active when representing negative
rewards. Fourthly, dorsolateral prefrontal cortex (DLPFC) of
PFC is responsible for representing state information (Barbey
et al., 2013).

e Striatum. Striatum receives direct input from cortical areas
such as PFC and PM. DA regulation focuses on the
connections between PFC and striatum. The striatum has
two types of DA receptors, D1 and D2. The StrD1 cells
enhance the response of inputs, while the StrD2 cells have the
contrary effect (Geften, 2000). StrD1 and StrD2 are related to
direct pathway and indirect pathway, respectively. The StrD1
projects directly to the GPi, and the StrD2 indirectly projects
to GPi through the intermediate, GPe (Alexander et al., 1986;
Alexander and Crutcher, 1990).

e STN. STN is the only area that elicits excitatory glutamatergic
neurotransmitter in BG. STN receives excitatory input from
PFC, and has excitatory connections with GPe and GPi. It
also receives the inhibitory projection from GPe (Plenz and
Kital, 1999). The time difference between direct and indirect
pathway affects the decision-making process. The hyperdirect
pathway from PFC to STN, then to GPe and GPi helps this
process (Simon et al, 2013). STN plays important role in
preventing making decision too fast.

e GPe. GPe receives inhibitory projection from the StrD2, and
excitatory projection from STN. It has inhibitory connections
with STN and GPi (Redgrave et al, 2010). GPe is the
intermediate on the indirect pathway.

e GPi/SNr. GPi/SNr is the output nuclei of BG. It receives
inhibitory input from StrD1, GPe, and excitatory input
from STN. GPi provides inhibitory output to thalamus after
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combining the signals from direct pathway, indirect pathway
and hyperdirect pathway (Redgrave et al., 2010).

e SNc/VTA. SNc¢/VTA is useful to elicit DA. Experiments show
that DA could perform different functions, such as saliency
sensitivity, reward sensitivity and punishment sensitivity
(Schultz et al., 1993; Ethan et al., 2010). Due to the connections
from SNc¢/VTA to OFC (Haber and Knutson, 2010), reward-
related DA activates MOFC and punishment-related DA
activates LOFC. DA is also used to modulate the connection
weights between DLPFC and striatum (Nishi et al., 2011).

e Thalamus. Thalamus receives the inhibitory projection from
GPi/SNr and excitatory input from PFC. It projects to PM after
combining the BG signal and PFC signal (Silkis, 2000).

e PM. PM receives excitatory input from PFC and thalamus. It
is useful to execute behaviors and provide feedbacks on the
behavior information to striatum.

2.2. Network Architecture

This subsection introduces the architecture of the brain-inspired
decision-making spiking neural network (BDM-SNN) model.
Inspired by the decision-making circuits in human brain,
our method simulates the connections and functions among
these brain areas. The network architecture is depicted in
Figure 2. The BDM-SNN model contains 11 modules which
are corresponding to the key brain areas on the cortico-basal
ganglia-thalamo-cortical loop. The modules of BDM-SNN model
contain MOFC, LOFC, DLPFC, PM, SN¢/VTA, StrD1, StrD2,
STN, GPe, SN1r/GPi, and thalamus. The StrD1 and StrD2 are
corresponding to the “Go” and “No Go” cells in striatum. Other
modules are corresponding to the functions of their brain area
on cortico-basal ganglia-thalamo-cortical loop. The excitatory
and inhibitory connections among different modules are inspired
by the connections on the cortico-basal ganglia-thalamo-cortical
loop. The DA regulates the connections between DLPFC and
striatum, as shown as the green DA modulatory connections in
Figure 2.

In this study, the numbers of neurons in different brain areas
are defined according to their functions. For a decision-making
task, we should predefine the possible state and action space.
Suppose the number of state is N;, and the number of action
is Ny. The state information as the input is first transmitted to
DLPFC, thus the number of neurons in DLPFC is N;. PM is
responsible for executing action, thus it has N, neurons. The
state and action information from DLPFC and PM is transmitted
to striatum (StrD1 and StrD2), thus the numbers of neurons in
StrD1 and StrD2 are equal to N * N,. The GPi is the output area
of BG and is responsible for action selection, thus the number
of neurons in GPi is N,. Thalamus receives the projection from
GPi and transmits action to PM, thus the number of neurons in
thalamus is N,;. GPe is the intermediate on the indirect pathway,
thus the number of neurons in GPe is N,. MOFC responds to the
positive feedback, and LOFC responds to negative feedback, thus
the numbers of neurons in MOFC and LOFC are 1, respectively.
SN¢/VTA is the input of MOFC and LOFC, thus we assign two
neurons for SNc¢/VTA with one related to positive feedback and
another one related to negative feedback. The STN is the brain
area on hyperdirect pathway, and we assign two neurons for

PFC
MOFC LOFC

DLPFC PM

SNOVTA  sypi StrD2
STN
//\ ce
fr—————
SNr/GPi thalamus

FIGURE 2 | The network architecture of the BDM-SNN model. The orange
brain areas represent sub-areas of BG. The green brain areas represent
sub-areas of PFC. The blue lines represent excitatory connections, while the
red ones represent inhibitory connections. The green connections represent
DA modulatory connections.

it. The number of neurons in different brain areas are listed in
Table 2.

The ways of connections among different areas are based on
their functions and are listed in Table 3. Here, full connection
means all-to-all connection. Specific connection means the
connection between specific state or action and specific state-
action pair. The state and executed action from DLPFC and PM
are transmitted to StrD1 and StrD2. StrD1, and StrD2 display
all the state-action pairs. As a result, specific connection means
the connection from specific state (DLPFC) and action (PM) to
state-action pair (StrD1 and StrD2). Two neurons in SN¢/VTA
are corresponding to positive and negative feedback, respectively.
The positive one (reward-related DA) is connected to MOFC,
and the negative one (punishment-related DA) is connected to
LOFC. Here, the PM selects action on the basis of a competitive
winner-takes-all (WTA) process. This is implemented via lateral
inhibition among PM neurons.

2.3. Network Implementation

This subsection introduces the concrete design and
implementation of the BDM-SNN model. SNN is considered as
the third generation of Artificial Neural Networks (Maass, 1997).
It encodes the information in spike trains instead of spike rates
as in the conventional Artificial Neural Networks (Hopfield,
1995). SNN is highly inspired by the synaptic interactions
between neurons in the brain, and it takes into account the
time factor of spike firing. The biological neuron model and the
synaptic plasticity model are more biologically plausible, and
more computationally powerful than other alternative networks
(Maass, 1999; Bohte, 2004; Paugam-Moisy and Bohte, 2012). In
this paper, we use SNN to model brain decision-making circuit.
In this model, every neuron in DLPFC represents one state.
The visual input is firstly preprocessed and assigned to a state.
Then the corresponding neuron in DLPFC receives a constant
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TABLE 2 | The number of neurons in different brain areas.

Brain areas DLPFC PM Thalamus StrD1

StrD2 Gpi

Gpe STN VTA MOFC LOFC

number Ns Nz Na Ns % Ny

N * Na Na Na 2 2 1 1

Ns represents the number of state space, and Nj represents the number of action space.

TABLE 3 | The type of connections among different areas.

Connection The type of connection

DLPFC-PM
DLPFC-StrD1
DLPFC-StrD2

full connection
specific connection
specific connection

PM-StrD1 specific connection

PM-StrD2 specific connection
StrD1-SNr/GPi specific connection

StrD2-Gpe specific connection
Gpe-SNr/Gpi one-to-one connection
DLPFC-STN full connection

STN-Gpe full connection

STN-SNr/Gpi full connection

Gpe-STN full connection
SNc/VTA-MOFC one neuron connects to MOFC
SNc/VTA-LOFC the other one neuron connects to LOFC
MOFC-StrD1 full connection

MOFC-StrD2 full connection

LOFC-StrD1 full connection

LOFC-StrD2 full connection

SNr/Gpi-thalamus one-to-one connection
DLPFC-thalamus
thalamus-PM

PM-PM

full connection
one-to-one connection

lateral inhibition

Here, full connection means all-to-all connection. Specific connection means the
connection between specific state or action and specific state-action pair.

input to excite this neuron. The action generated by this model
is based on the first spiking neuron in PM area. Every action is
corresponding to a neuron in PM. Then the first spiking action
wins the competition and is executed. Delay coding method is
used in this model where a stronger stimulus makes neurons
fire earlier than weaker ones. The neuron model and synaptic
plasticity model are as follows.

1. Neuron Model. To make a balance on the biologically
realistic consideration and computational efliciency, the
Izhikevich neuron model is applied in our model to build
the brain-inspired SNN. It has more ionic dynamics than
leaky integrate-and-fire (LIF) (Abbott, 1999) model, and
computationally effective than the HodgkinHuxley model
(Hodgkin and Huxley, 1952). Izhikevich introduced a neuron
model that is capable of producing many patterns of biological
neurons, which is as biologically plausible as the Hodgkin-
Huxley model, yet as computationally efficient as the integrate
and-fire model (Izhikevich, 2003). The neuron model is shown

in Equations 1-4, where v represents the membrane potential
of the spiking neuron, and u represents a membrane recovery
variable. g, b, ¢, d are parameters to control the type of spiking
dynamics. I is input. Each neuron receives weighted input from
presynaptic neuron as Equation 3 calculated. wj; is the strength
of the connection from the jth neuron to the ith neuron. o; is
the output of the presynaptic neuron: 1 if v; > 30 mV, and 0
otherwise. When the membrane potential v exceeds its peak of
30 mV, an action potential (spike) occurs, and the membrane
potential is reset to its initial value, ¢, and the recovery variable
is incremented by d. Izhikevich neuron model could be mainly
classified into two categories: (1) Excitatory neurons: Regular
Spiking (RS), Intrinsically Bursting (IB) and Chattering (CH).
(2) Inhibitory neuron: Low-Threshold Spiking (LTS) and Fast
Spiking (FS). The different neuron models correspond to
different values of the parameters a, b, ¢, d. In this paper, we
use RS neuron because it “fire a few spikes with short interspike
period and then the period increases” (Izhikevich, 2003). The
parameters of RS are: a = 0.02, b = 0.2, c = —65,d = 8.

vV =0.0402 +5v+ 140 —u + I (1)
u' =a(bv—u) )
N
I = ZWjin (3)
=1
) v <c
if v>30mV, then {u(—u—i—d (4)

2. Synaptic Plasticity. Spike Timing Dependent Plasticity
(STDP) is one of the most important learning principle for the
biological brain. STDP postulates that the strength of the synapse
is dependent on the spike timing difference of the pre- and
post-neuron (Gerstner et al., 1996; Bell et al., 1997; Bi and Poo,
1998; Poo, 2008). Here we use STDP to learn synaptic weights
according to the relative time between spikes of presynaptic and
postsynaptic neurons. The modulation principle is that if the
postsynaptic neuron fires a few milliseconds after the presynaptic
neuron, connection between the neurons will be strengthened,
otherwise, the connection will be weakened (Nishiyama et al.,
2000; Wittenberg and Wang, 2006). The update function is
shown in Equation 5, where A, and A_ are learning rates. 7_
and v, are time constant, and At; is the delay time from the
presynaptic spike to the postsynaptic spike. Here, Ay = 0.925,
A_=09,7_ =14 =20

Ay eBEm) A <0
Awj = {—A_e(’m"/f*) At; >0 5)
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2.4. Decision Making Mechanisms

2.4.1. Continuous DA Regulation

The reward signal is encoded in the activity of midbrain DA
neurons. With rewards, neurons in SNc¢/VTA generate bursting
activities (Mirenowicz and Schultz, 1996; Schultz, 2000). In
human brain, DA reward signals are continuously elicited at
every moment. We use continuous reward function for every
discrete state to emulate continuous DA signals at abstract level
(Zhao et al., 2017). By this way, the reward is different at different
moment even if in the same state. The reward function at time
t is calculated by Equation 6. Here, we note that the r; is not
the final result of the actual reward, but an evaluation of current
state at time t. The Eva (s;) is a continuous function which is
changed along with time. For every state, R;, (s;) represents the
basic reward value of current state. If the current state and the
next state are the same, the Ry (s;) will not be changed. Then
Eva (s;) is useful to deal with this condition, since it is changed
at every moment.

re = Ry (sy) + aEva (s) (6)

where Ry, (s;) represents the basic reward value of current state,
and Eva (s;) represents the evaluation reward of current moment,
«a is the scale factor.

Since the evaluation standards of different states are highly
relevant to tasks, the reward function needs to be appropriately
predefined for different tasks. For the UAV flying through a
window task, the states are divided into 14 groups, as shown
in Figure 3. The state division is based on the relative position
between the UAV and the window. The aim of classifying states
is to set some distinguishable states in advance, which contain all
the conditions the UAV might observe. The classification results
vary with each individual. Then all the 14 states are classified
into four categories in order to design the continuous reward
functions, respectively. The four categories contain: C; = {s;3},
Cy = {52,53,54,55,%,57,58, 59}, C3 = {s1,s10,511,512}, C4 =
{so}. Every category has its own basic reward R, and evaluation
function Eva,, (t). Here, we give R, (C;) = —1,000,R, (C2) =
—600,R, (C3) = —300,R, (C4) = 1000. The continuous
Eva,, (t) is the evaluation of current state at current time. Eva,, (t)
keeps increasing when the UAV gets close to the center of the
window. At time ¢, the Eva,, (t) is calculated by Equation 7.

win,, +winy,

Iw-i-I;l 5t € C2
_(‘Gu_GdH' Gl_GrD
Eva, () = Loty st € G 7)
0 C
1,000 Cy

where I, is the width of the visual input of UAV, and Ij, is the
height of the visual input of UAV. win,, is the width of the
window in the image, and winy, is the height of the window in
the image. Gy, Gy, G, G, represent four distances (up, down, left,
right) between the borders of the windows and the borders of the
visual inputs, respectively.

Dmruj N N
|—[—|—ID|:| O
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FIGURE 3 | The states of the UAV flying through a window task. The visual
input is firstly preprocessed and assigned to state. Then the corresponding
neuron in DLPFC receives a constant input to excite this neuron.

2.4.2. Working Memory

In human brain, the PFC is involved in flexible and fast decision
making through maintaining contextual reward information in
working memory, and then uses this information to control
the behavior selection in the next trial. After executing an
action, reward information is rapidly encoded and maintained in
working memory, and the actual expected reward is calculated
by comparing with contextual reward in working memory
(Tremblay and Schultz, 1999; Riceberg and Shapiro, 2012).
Inspired by the expected reward estimation in PFC, the actual
reward 7,4 is calculated by comparing the current reward r;
(which is maintained in working memory) with the next reward
re+1. Here, the actual reward r.,; determines the value of
executed action, and is useful for network learning.

Tend = Tr41 — Tt (8)

where 7 is the reward at time t, and r¢y; is the reward at time
t+1. Here, r; and r¢4] represent the evaluation of visual inputs at
time t and ¢+ 1, which are not the actual reward used for learning.

2.4.3. Combining DA Regulation With STDP

Phasic activity of DA neurons signals prediction error, and
is useful to dynamically modulate the behavior choice in BG
(Schultz et al., 1997; Schultz, 1998). It is suggested that positive
and negative feedback have opposing effects on DA release.
Positive feedback leads to phasic bursts of DA, while negative
feedback leads to phasic dips of DA (Schultz et al, 1993;
Schultz, 1998). Increased levels of DA activate the direct pathway
(synapses between DLPFC and StrD1) and suppress the indirect
pathway (synapses between DLPFC and StrD2) (Geffen, 2000).
Decreased levels of DA have the opposite effect, activate the
indirect pathway and suppress the direct pathway. The DA driven
plasticity involves the specific synapses between current state
neuron of DLPFC and current state-executed action pair neuron
in striatum.

In summary, after executing an action, the level of DA
increases when the environment provides a positive reward
feedback, and the level of DA decreases when environment
provides a negative reward feedback. The increased levels of DA
strengthen the weights between DLPFC and StrD1 and weaken
the weights between DLPFC and StrD2. The decreased levels
of DA strengthen the weights between DLPFC and StrD2 and
weaken the weights between DLPFC and StrD1. In this paper,

Frontiers in Neurorobotics | www.frontiersin.org

September 2018 | Volume 12 | Article 56


https://www.frontiersin.org/journals/neurorobotics
https://www.frontiersin.org
https://www.frontiersin.org/journals/neurorobotics#articles

Zhao et al.

Brain-Inspired Decision-Making Model

the actual reward r,,; represents the feedback of environment
(prediction error), and 7.,y > 0 represents the positive feedback
while r,,; < 0 represents the negative feedback. Based on the
DA regulation mechanism, we simplify the DA concentration
by Equations 9, 10. The reason of having this kind of abstract
calculation of DA concentration is that the uniform modulatory
factor for synapses on direct and indirect pathways makes the
network controllable and stable.

)2 tena >0

DAp1 = [0.5 Tond < 0 ©)
)05 1y >0

DAp,; = { 2 1y <0 (10)

where DAp; is the DA concentration on StrD1, and DAp, is the
DA concentration on StrD2.

Because DA is a type of neurotransmitter, it modulates the
synaptic weights by Equations 11 and 12:
(11)

Wprprc—strp1 = WpLprc—strp1 X DApi

Wprprc—sup2 = WpLprc—sirp2 X DAp; (12)

here, Wprprc—sup1 represents synaptic weights between DLPFC
and StrD1, and Wprprc—syp2 represents synaptic weights
between DLPFC and StrD2.

By combining DA regulation and STDP, the difference
between two competing pathways (direct pathway and indirect
pathway) will be enlarged. Here we test the comparative effects
of only STDP and combining DA with STDP, as Figure 4
shown. Considering a synaptic connection from one presynaptic
neuron to one postsynaptic neuron, we provide a constant input
to presynaptic neuron. We test three conditions: only with

STDP, increased level of DA for direct pathway (DAp; regulates
Wprprc—sup1), and increased level of DA for indirect pathway
(DAp; regulates Wprprc—sup2). The reward is provided at the
time of blue dotted line in Figure 4B. The spikes of postsynaptic
neuron with DAp; 4+ STDP are similar to the spikes of StrDI.
The spikes of postsynaptic neuron with DAp, + STDP are similar
to the spikes of StrD2. Figure 4A indicates that the spikes of
postsynaptic neuron with DAp; +STDP are denser than only with
STDP, and the spikes with DAp, + STDP are sparser than only
with STDP. Figure 4B shows that the weight of DAp; + STDP
is larger than only with STDP, and the weight of DAp, + STDP
is smaller than only with STDP. Thus, the combination of DA
regulation and STDP could enlarge the difference between direct
pathway and indirect pathway.

STDP and DA regulation collectively contribute to the
learning process. The BDM-SNN model shows two effects by
combining STDP and DA regulation:

(1) Increases in DA lead to the activity of StrD1 followed
by the activity of DLPFC. Then, the weights between DLPFC
and StrD1 will be strengthened when the environment provides
positive reward feedback according to STDP mechanism.
Besides, the weights between DLPFC and StrD2 will be
strengthened when the environment provides negative reward
feedback. As a result, the effects of STDP and DA regulation are
coordinated to help quick decision-making.

(2) Although DA only acts on the connections between
DLPFC and striatum, it influences the whole network by
combining with STDP. When the level of DA increases, the
activity of StrD1 is facilitated and the activity of StrD2 is
suppressed. Due to the STDP mechanism, the connection
weights between MOFC and StrD1 will be strengthened, and the
connection weights between MOFC and StrD2 will be weakened.
As for LOFC, the connection weights between LOFC and StrD2
will be strengthened, and the connection weights between LOFC
and StrD1 will be weakened. By this way, when the environment
provides positive reward, the StrD1 will be activated more quickly

Presynaptic neuron

LIl

STOP
DA, +STDP /
DA,+STDP

Postsynaptic neuron
STDP

weight

Postsynaptic neuron
DAp,+STDP

LU
|

Postsynaptic neuron
DAp,+STDP

FIGURE 4 | The effects of STDP, DAp1 + STDP and DAp, + STDP. Considering a synaptic connection from one presynaptic neuron to one postsynaptic neuron, we
provide a constant input to presynaptic neuron. And we analyze the spikes of the neurons with STDP, DApy + STDP and DAp, + STDP regulation. (A): The spikes of
presynaptic neuron and postsynaptic neuron by STDP, DAp+ + STDP and DAp, + STDP regulation. (B): The change of weights between two neurons with STDP,
DAp1 + STDP and DApy + STDP regulation. The blue dotted line represents the time of obtaining reward. Here, DAp1 + STDP represents the effect of StrD1 when
obtaining reward, and DAp, + STDP represents the effect of StrD2 when obtaining reward.
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due to the input from MOFC. When the environment provides
negative reward, the StrD2 will be activated more quickly due to
the input from LOFC.

2.5. Experimental Procedure

This subsection introduces the application of the BDM-SNN
model on the UAV decision-making tasks. All of the experiments
are conducted on the DJI MATRICE 100 UAV. A 2.4 GHz
wireless digital video camera (1/4 CCD) is used to acquire visual
inputs. Here we test two decision making experiments: the UAV
flying through a window task and the UAV obstacle avoidance
task. The basic procedure of the UAV decision-making is depicted
in Figure 5. Action selection is based on the output of BDM-
SNN model. After the UAV executes an action, the environment
produce feedback reward and state to the BDM-SNN model.
State recognition module is used to classify states, and reward
acquisition module is used to obtain rewards. This cycle will be
circulated until the UAV reaches goal state and finishes the task.
The visual input is first preprocessed and assigned to state. Then
the corresponding neuron in DLPFC receives a constant input to
excite this neuron. For the UAV flying through a window task,
the state space and the reward function has been introduced in
section Continuous DA Regulation. The action space contains
four directions: <, 1, —, |, which means the UAV can fly
toward left, up, right and down. For obstacle avoidance task,
there are two states: obstacle situated in the left and the right
part of the UAV’s vision. The actions for the UAV obstacle
avoidance task contain flying toward left and right. The basic
reward Ry, = -500. The evaluation function Evay (t) is shown in
Equation 13.

Eva, (t) = max (width — X, x) (13)
where width represents the width of the visual input
of the UAV, and x represents the x-coordinate of
obstacle.

The detailed working procedure of the BDM-SNN model on
the UAV decision-making is shown in Algorithm 1.

UAV
state reward
v —rn BDM-SNN
Recognition Acquisition
action
Environment

FIGURE 5 | The basic procedure of the UAV decision-making. The state and
reward information is transmitted to the BDM-SNN model, and the output of
the model is the action. This figure shows the learning process, which will be
circulated until the UAV reaches goal state.

Algorithm 1 The working procedure of the BDM-SNN model for
UAV decision-making.

Require: Initial state, initial time t = 1.

1: repeat

2 At state s, calculating reward ry;

3 At state s;, the BDM-SNN model outputs action a; at time
[H

4 At state s;1, calculating reward r;1;

5: Calculating actual reward 7,4

6: Calculating DA concentration DAp; and DApy;

7: Using DA concentration to update the connection

weights Wprprc—sirp1 and Wprprc—sirp2;

8: At state s;11, the BDM-SNN model outputs action ay;
at time t + 1;

9: t<—t+1;

10: until The UAV finishes the task;

3. RESULTS

3.1. The UAV Flying Through a Window

Task

3.1.1. Experimental Results

A key sequence of images during the decision making process
is shown in Figure 6. It is obvious that the UAV modulates its
movement toward the center of the window. When the UAV
encounters a state for the first time, it probably chooses an
incorrect action. Then the UAV optimizes the policy to weaken
the tendency of selecting this action in order to select the correct
action when encountering this state again. In every state, the UAV
can learn the correct policy within three trials. As long as the
UAV chooses the correct action, it will remember this action.
On the contrary, if the UAV chooses the incorrect action, it will
remember to avoid this action too.

3.1.2. Model Analysis

Although the experimental results on the UAV flying through
a window task are similar to the result in Zhao et al. (2017),
the methods they used are totally different. The method in
Zhao et al. (2017) is mathematical optimization of Actor-
Critic method. It is a brain inspired method by introducing
the top-down bias effect of OFC. The method introduced in
this paper uses the SNN to simulate the connections and
functions of brain areas on decision-making circuit. We consider
the collective contribution of three pathways (direct pathway,
indirect pathway and hyperdirect pathway), which is more brain-
like and biologically realistic. Now, we analyze the effectiveness of
the BDM-SNN model.

(1) The effectiveness of the BDM-SNN model. The key
learning process is the combination of DA regulation and STDP.
DA regulation focuses on the connective weights between the
DLPFC and the striatum. During the learning process, the
weights of DLPFC-StrD1, DLPFC-StrD2, DLPFC-PM have been
updated to learn the correct behaviors. After finishing the task,
the weights between every state-action pair have been learned and
optimized. Figure 7A shows the weights distribution between
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FIGURE 6 | The image sequence during the UAV flying through window. The red arrows represent incorrect actions, and the blue arrows represent correct actions.
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DLPFC and StrD1. Figure 7B shows the weights distribution
between DLPFC and StrD2. Figure7C shows the weights
distribution between DLPFC and PM. The color in the rectangle
of state-action pair represents the value of weight, and the
closer the color is to yellow, the larger the weight is. When
the UAV tries a correct action, the weights between DLPFC
and StrD1 will be strengthened, while the weights between
DLPFC and StrD2 will be weakened. By this way, the weights
between DLPFC and PM will be strengthened to choose this
action. When the UAV tries an incorrect action, the weights
between DLPFC and StrD1 will be weakened, while the weights
between DLPFC and StrD2 will be strengthened. Then the
weights between DLPFC and PM will be weakened. The weights
distributions in Figures 7A,C indicate that the weights between
specific state and correct action are larger than the weights
between specific state and incorrect action on the connections
of DLPFC-StrD1 and DLPFC-PM. Figure 7B indicates that the
weights between specific state and incorrect action are larger
than the weights between specific state and correct action on
the connections of DLPFC-StrD2. This is in line with prediction
because the effect of DLPFC-StrD2 is inhibiting the action
selection.

(2) Comparative evaluation. We compare the BDM-SNN
model with the PFC-BG model with the same initial state
(Zhao et al., 2017). The UAV is first situated in the upper-left,

upper-right, lower-left and lower-right corners of window, and
we conducted 15 experiments in every corner. The required
steps from initial position to goal state (window’s center)
are recorded, and the average and variance are depicted
in Figure 8. The results indicate that the BDM-SNN model
needs fewer steps to finish the task compared to the PFC-
BG model. The slight advantage is usually occurred when
the UAV moves from one state to another state. The reason
may be that the SNN model is dynamic and flexible to adapt
new state while the mathematical optimization is relatively not
that flexible. Because it has been indicated that Q-learning
and Actor-Critic methods could not finish the UAV flying
through a window task based on the discussion in Zhao et al.
(2017), our method is superior to Q-learning and Actor-Critic
methods.

3.2. The UAV Obstacle Avoidance Task
3.2.1. Experimental Results

The key sequence of images during the obstacle avoidance
process is shown in Figure 9. Firstly, the obstacle is situated in
the right of the UAV’s vision. After moving a step, the obstacle
is situated in the center of the UAV’s vision. This is an incorrect
action, and the UAV modifies the strategy and chooses leftwards
action. After moving left, the obstacle is situated in the right of

Frontiers in Neurorobotics | www.frontiersin.org

September 2018 | Volume 12 | Article 56


https://www.frontiersin.org/journals/neurorobotics
https://www.frontiersin.org
https://www.frontiersin.org/journals/neurorobotics#articles

Zhao et al.

Brain-Inspired Decision-Making Model

the UAV’s vision. Then, the UAV learns this correct action and
continues moving left to avoid the obstacle.

3.2.2. Model Analysis

For the UAV obstacle avoidance task, the changes of firing rate
of some main brain areas including StrD1, StrD2, SNc/VTA,
Gpi, PM are depicted in Figure 10. Here, each firing rate is
subtracted a baseline. The X axis represents the decision-making
time line. At the first time, the UAV is situated in state 1. PM
randomly chooses action 1 in Figure 10F. Then the action is

26 - : : - : :

) ® PFCBG
24 . ] ®  BDM-SNN

L L L L 4 L L

r L . -1

FIGURE 8 | The required steps from different initial states to goal by the
PFC-BG model and the BDM-SNN model. The X axis represents the four initial
states. The red circles represent the average required steps of the PFC-BG
model. The blue squares represent the average required steps of the
BDM-SNN model. For each method, we conduct 15 experiments in every
initial state.

incorrect and SNc¢/VTA carries negative reward in Figure 10E.
It updates the connection weights between DLPFC and striatum.
The weights between DLPFC and StrD1 are weakened, and the
weights between DLPFC and StrD2 are strengthened. As a result,
at the next time, the firing rate of StrD1 is lower (Figure 10A),
while the firing rate of StrD2 is higher (Figure 10B). Then the
firing rate of action 1 is higher (Figure 10C), while the firing
rate of action 2 is lower (Figure10D) in GPi. PM outputs
action 2 (Figure 10F) due to the inhibitory effect of GPi. After
choosing action 2, the level of SNc¢/VTA increases, and the StrD1
is strengthened while StrD2 is weakened. Thus, at the third time,
the firing rate of StrD1 is higher, while the firing rate of StrD2 is
lower, and PM continuously chooses action 2. When the state is
changed to a new state, state 2 (at the fifth time), PM randomly
chooses action 1. It is the correct action in state 2, thus SNc/VTA
is higher, and the firing rate of StrD1 is higher while the firing
rate of StrD2 is lower. Then PM continuously outputs action 1
to execute. These changes of firing rates in different brain areas
support the effectiveness of the BDM-SNN model.

4. DISCUSSION

This paper proposes a brain-inspired decision-making spiking
neural network (BDM-SNN) model which is inspired by the
decision-making circuit and mechanisms in human brain. It is
more biologically explainable from three perspectives: (1) The
model uses more brain-inspired SNN to simulate the connections
and functions of brain areas. (2) The model combines DA
regulation with STDP synaptic plasticity mechanism. (3) The
model considers the effects of sub-areas in PFC and this model
is relatively more comprehensive. To verify the effectiveness of
the model, we apply it to the UAV autonomous decision-making
tasks including the UAV flying through a window task and the
UAV obstacle avoidance task. Experimental results show that the
model can be easily applied to intelligent agent’s decision-making

actions.

FIGURE 9 | The sequence of images during the UAV obstacle avoidance process. The red arrow represents incorrect action, and the blue arrows represent correct

image sequence across time
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FIGURE 10 | The change of firing rate for different brain areas [StrD1 (A), StrD2 (B), action 1 of GPi (C), action 2 of Gpi (D), SNc/VTA (E), PM (F)] during the learning
process. The X axis represents the time line of decision-making.

tasks. We also detect the change of firing rate in different brain ~ For the BDM-SNN model, DLPFC represents state and
areas and the weights between some main brain areas. They = DA regulates the weights between DLPFC and striatum. So
are consistent with the prediction. These results show that the =~ Wprprc—siyp1 and Wprprc—sip2 are similar to the V (S) in TD
proposed BDM-SNN model could have a step forward toward learning algorithm. It has been proved that DA is responsible
human-like decision-making. The main contribution and novelty ~ for carrying TD error (Hollerman and Schultz, 1998; Bayer and
of this paper is that we propose a BDM-SNN model with  Glimcher, 2005). In the BDM-SNN model, the DA concentration
more biological evidence, and we verify its applicability on the is related to r,,; as Equations 9 and 10 shown. Based on the
UAV autonomous decision-making tasks. Now we discuss the  definition of r,,;, we prove the similarity between r,,4 and §; as
difference and similarity of our model with some brain-inspired =~ Equation 15 shown. Here, R, (S¢) approximately estimates V (S;)
models and reinforcement learning method. because Ry, (S;) represents the basic value of state S;. The actual
Firstly, we take a brief review about TD learning algorithm  reward r,,  is calculated by relative reward r;4; — r¢:

(Sutton and Barto, 1998). TD learning algorithm uses experience

to optimize strategy. At time ¢, agent is situated in state S;, and it

chooses an action A;. Then the environment provides the next Tend =Ti+1 — Tt
state Sy and reward Ryy; at time t + 1 as feedbacks. In TD =[Ry (St+1) + @Eva (S¢+1)] — [Rp (S¢) + aEva (Sy)]
learning, we estimate the value function of a state V' (S;). V (S¢) =a [Eva (S¢41) — Eva (Sp)] + Ry (Se+1) — Rp (S¢) (15)

is used to estimate how good it is for an agent to be in a given
state. Then the agent tries to optimize this V (S;) in order to
achieve more reward. After executing an action, the V (§;) will
be updated as Equation 14. Here §; is the TD error.

AR+ V (Sir1) — V(S)

0y

The differences between the BDM-SNN model and TD learning
are as follows:
V(S) < V(S) +ad; (1)We simplify the DA concentration as Equations 9 and

8t =Rip1 + ¥V (Sie1) — V (Sp) (14) 10 shown. We optimize the weight updating mechanism in
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TD learning (added by the TD error) by Equations 11 and 12
(multiplied by DA concentration). The reason is that DA is a kind
of neurotransmitter and the concentration is related to the degree
of synaptic transmission.

(2)The BDM-SNN model can explain the TD learning method
in reinforcement learning, and the model is more biological
inspired. The SNN is not the only way to implement the
decision-making but the more brain-inspired way to explore the
effectiveness of human-like model.

In our previous work (Zhao et al., 2017), the proposed
PFC-BG model mainly focuses on the PFC top-down biasing
effect on BG. It is a mathematical optimization on Actor-
Critic method with the inspiration of working memory and
continuous DA regulation. The BDM-SNN model in this paper
focuses on the simulation of brain decision-making circuit,
which is a dynamic learning process with spiking neurons.
Besides, on the UAV flying through a window task, the BDM-
SNN model needs fewer steps than the PFC-BG model, as
Figure 8 shown. In BDM-SNN model, the effects of MOFC
and LOFC are taken into consideration. The coordination of
DA and STDP strengthens the connections between MOFC
and StrD1, and the connections between LOFC and StrD2.
When agent receives positive reward, MOFC fires and facilitates
the activity of StrD1. By this way, the activity of MOFC can
facilitate the direct pathway. When agent receives negative
reward, activity of LOFC facilitates the indirect pathway by
strengthening the connections between LOFC and StrD2. To
sum up, MOFC and LOFC can enlarge the difference between
two competitive pathways and accelerate the decision-making
process.

There are also other neurocomputational models inspired by
decision-making mechanism in the brain. Frank et al. modeled
the direct pathway and indirect pathway in brain decision-
making with DA regulation in their model (Frank, 2005). They
further took the effect of OFC into account (Frank and Claus,
2006). The main difference of network architecture between
our method and Frank’s works is the completeness of decision-
making circuit. We model direct, indirect and hyperdirect
pathways, while the hyperdirect pathway is ignored in Frank’s
works. Many decision-making models have not considered the
STN brain area (Frank and Claus, 2006; Zeng et al., 2017) and
the connection between DLPFC and thalamus (Gurney et al,
2015). The excitatory input from STN is essential for GPi for
the other inputs (StrD1 and GPe) are inhibitory. Only the
projection of STN can help GPe and GPi function. If there is
no STN, GPe and GPi will never fire, and the thalamus can not
obtain inhibitory input from BG. Then thalamus always outputs
randomly action. The excitatory input from DLPFC is very
important for thalamus due to the input from GPi is inhibitory. If
there is no excitatory input from DLPFC, thalamus will never fire
as well. To sum up, the excitatory input from STN and DLPFC
is not only very necessary in human brain decision-making, but
also computationally very important in our model.

Baston et al. considered DA and acetylcholine collective effect
on the biologically inspired BG model (three pathway model). In
this model, tonic activity of DA was also considered (Baston and
Ursino, 2015b), while in our model, we only consider the phasic
activity of DA (peak during positive feedback and dip during
negative feedback). Baston et al. proposed a mathematical model
to reproduce the main BG structures and pathways. This model
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contained both the dopaminergic and the cholinergic system to
train synapses in the striatum (Baston and Ursino, 2015a). They
further proposed a compartmental model of levodopa to build
a general model of medicated Parkinson’s disease (Baston et al.,
2016). The main difference between our model and these works
is that we take the effects of MOFC and LOFC into consideration.

MOFC and LOFC are usually ignored in the existing works
(Frank and Claus, 2006; Gurney et al., 2015; Zhao et al., 2017). For
the UAV flying through a window task, Figure 11 shows the effect
of MOFC and LOFC on accelerating decision-making. When
obtaining positive reward, the MOFC-StrD1 connections will be
strengthened. When obtaining negative reward, the LOFC-StrD2
connections will be strengthened based on STDP mechanism.
Figure 11A shows the change of connection weights between
LOFC and striatum. It is obvious that the weights between LOFC
and StrD2 is larger than the weights between LOFC and StrD1.
This conclusion is consistent with the prediction. Figure 11B
shows the connection weights between MOFC and striatum. The
conclusion is expected that the weights between MOFC and
StrD1 is larger than the weights between MOFC and StrD2.
Figures 11C,D compare the different firing rates of StrD1 and
StrD2 in conditions with MOFC-LOFC and without MOFC-
LOFC. By adding MOFC and LOFC brain areas, the firing rates
of StrD1 and StrD2 are higher. By this way, the learning process
is accelerated.

We test 100 steps and record the time cost of generating an
action (the required iterative time). We compare the time cost
with and without the effect of MOFC-LOFC. For the model
with the effect of MOFC-LOFC, the average time cost is 51.423
steps, while for the model without the effect of MOFC-LOFC, the
average time cost is 70.613 steps. This indicates that MOFC and
LOFC can accelerate the decision-making process.

Although the current BDM-SNN model incorporates several
important inspirations both from the connectome and the
mechanisms perspectives from human brain, more inspirations
can be used to further refine the model. For DA regulation
mechanism, this paper focuses on the phasic burst of DA, which
is triggered by unexpected rewards (Schultz et al., 1993). DA also

REFERENCES
Abbott, L. F. (1999). Lapicque’s introduction of the integrate-
and-fire model neuron (1907). Brain Res. Bull. 50, 303-304.

doi: 10.1016/S0361-9230(99)00161-6

Albin, R. L., Young, A. B, and Penney, J. B. (1989). The functional
anatomy of basal ganglia disorders. Trends Neurosci. 12, 366-375.
doi: 10.1016/0166-2236(89)90074-X

Alexander, G. E., and Crutcher, M. D. (1990). Functional architecture of basal
ganglia cicuits: neural substrates of parallel processing. Trends Neurosci. 13,
266-271. doi: 10.1016/0166-2236(90)90107-L

Alexander, G. E., DeLong, M. R,, and Strick, P. L. (1986). Parallel organization
of functionally segregated circuits linking basal ganglia and cortex. Ann. Rev.
Neurosci. 9, 357-381. doi: 10.1146/annurev.ne.09.030186.002041

Barbey, A. K., Koenigs, M., and Grafman, J. (2013). Dorsolateral prefrontal
contributions to human working memory. Cortex 49, 1195-1205.
doi: 10.1016/j.cortex.2012.05.022

Baston, C., Contin, M., Calandra Buonaura, G., Cortelli, P., and Ursino, M.
(2016). A mathematical model of levodopa medication effect on basal ganglia

exhibits tonic single spike activity, which refers to spontaneously
occurring baseline spike activity (Grace and Bunney, 1984a,b;
Grace and Onn, 1989). Baston et al. used the neurocomputational
model to reproduce the function of BG, and analyzed the
effects of different tonic dopamine levels on finger tapping task
outcomes (Baston and Ursino, 2016). We will further work on
the mechanism of tonic DA and integrate it with our current
work. Besides, the detailed DA regulation mechanism needs to be
further studied and added to the future work. In this paper, the
state needs to be predefined before learning, an automatic state
classification method during decision-making will be further
investigated. Decision-making in human brain is a complex
process, and it may contain more complex and subtle circuits
and functions. We will further explore the multi-task decision
making circuit and mechanisms in human brain, and optimize
the existing model to conduct more complex tasks.

AUTHOR CONTRIBUTIONS

FZ and YZ designed the study, performed the experiments and
the analyses. YZ and BX were involved in problem definition,
algorithm discussion, and result analysis. FZ and YZ wrote the

paper.
FUNDING

This study was funded by the Strategic Priority Research Program
of the Chinese Academy of Sciences (Grant No. XDB02060007
and No. XDBS01000000), the Beijing Municipal Commission of
Science and Technology, and the CETC Joint Fund (Grant No.
6141B08010103).

ACKNOWLEDGMENTS

We appreciate Jiahui Shi for assistant with the UAV experiments
and to Tielin Zhang for valuable discussions. We would like to
thank all the reviewers on their help for shaping and refining the

paper.

in parkinson’s disease: an application to the alternate finger tapping task. Front.
Hum. Neurosci. 10:280. doi: 10.3389/fnhum.2016.00280

Baston, C., and Ursino, M. (2015a). A biologically inspired computational model
of basal ganglia in action selection. Comput. Intell. Neurosci. 2015:187417.
doi: 10.1155/2015/187417

Baston, C., and Ursino, M. (2015b). “A computational model of dopamine and
acetylcholine aberrant learning in basal ganglia,” in Proceedings of the 37th
Annual International Conference of the IEEE Engineering in Medicine and
Biology Society (EMBC) (Milan), 6505-6508.

Baston, C., and Ursino, M. (2016). “A neurocomputational model of dopamine
dependent finger tapping task,” in Proceedings of the IEEE 2nd International
Forum on Research and Technologies for Society and Industry Leveraging a Better
Tomorrow (RTSI) (Bologna), 1-4.

Bayer, H. M., and Glimcher, P. W. (2005). Midbrain dopamine neurons
encode a quantitative reward prediction error signal. Neuron 47, 129-141.
doi: 10.1016/j.neuron.2005.05.020

Bell, C. C,, Han, V. Z,, Sugawara, Y., and Grant, K. (1997). Synaptic plasticity in
a cerebellum-like structure depends on temporal order. Nature 387, 278-281.
doi: 10.1038/387278a0

Frontiers in Neurorobotics | www.frontiersin.org

13

September 2018 | Volume 12 | Article 56


https://doi.org/10.1016/S0361-9230(99)00161-6
https://doi.org/10.1016/0166-2236(89)90074-X
https://doi.org/10.1016/0166-2236(90)90107-L
https://doi.org/10.1146/annurev.ne.09.030186.002041
https://doi.org/10.1016/j.cortex.2012.05.022
https://doi.org/10.3389/fnhum.2016.00280
https://doi.org/10.1155/2015/187417
https://doi.org/10.1016/j.neuron.2005.05.020
https://doi.org/10.1038/387278a0
https://www.frontiersin.org/journals/neurorobotics
https://www.frontiersin.org
https://www.frontiersin.org/journals/neurorobotics#articles

Zhao et al.

Brain-Inspired Decision-Making Model

Bi, G. Q, and Poo, M. M. (1998). Synaptic modifications in cultured
hippocampal dependence on  spike timing, synaptic
strength, and postsynaptic cell type. J. Neurosci. 18, 10464-10472.
doi: 10.1523/JNEUROSCI.18-24-10464.1998

Bohte, S. M. (2004). The evidence for neural information processing
with precise spike-times: a survey. Nat. Comput. 3, 195-206.
doi: 10.1023/B:NACO.0000027755.02868.60

Daw, N. D., and Doya, K. (2006). The computational neurobiology of learning and
reward. Curr. Opin. Neurobiol. 16, 199-204. doi: 10.1016/j.conb.2006.03.006

Doya, K. (2007). Reinforcement learning: computational theory and biological
mechanisms. HFSP J. 1, 30-40. doi: 10.2976/1.2732246/10.2976/1

Elliott, R., Dolan, R. J., ,and Frith, C. D. (2000). Dissociable functions in the medial
and lateral orbitofrontal cortex: evidence from human neuroimaging studies.
Cerebral cortex, 10, 308-317. doi: 10.1093/cercor/10.3.308

Ethan S. Bromberg-Martin, M. M., and Hikosaka, O. (2010). Dopamine in
motivational control: rewarding, aversive, and alerting. Neuron 68, 815-834.
doi: 10.1016/j.neuron.2010.11.022

Frank, M. J. (2005). Dynamic dopamine modulation in the basal ganglia:
a  neurocomputational of cognitive deficits in medicated
and nonmedicated parkinsonism. J. Cogn. Neurosci. 17, 51-72.
doi: 10.1162/0898929052880093

Frank, M. J., and Claus, E. D. (2006). Anatomy of a decision: striato-orbitofrontal
interactions in reinforcement learning, decision making, and reversal. Psychol.
Rev. 113, 300-326. doi: 10.1037/0033-295X.113.2.300

Freeze, B. S., Kravitz, A. V., Hammack, N., Berke, J. D., and Kreitzer, A. C. (2013).
Control of basal ganglia output by direct and indirect pathway projection
neurons. J. Neurosci. 33, 18531-18539. doi: 10.1523/JNEUROSCI.1278-13.2013

Frémaux, N., Sprekeler, H., and Gerstner, W. (2013). Reinforcement learning using
a continuous time actor-critic framework with spiking neurons. PLoS Comput.
Biol. 9:e1003024. doi: 10.1371/journal.pcbi.1003024

Geffen, C. R. (2000). Molecular effects of dopamine on striatal-projection
pathways. Trends Neurosci. 23, $64-S70. doi: 10.1016/S1471-1931(00)00019-7

Gerstner, W., Kempter, R, Hemmen, J. L. V., and Wagner, H. (1996). A
neuronal learning rule for sub-millisecond temporal coding. Nature 383, 76-78.
doi: 10.1038/383076a0

Grace, A. A, and Bunney, B. S. (1984a). The control of firing pattern
in nigral dopamine neurons: burst firing. J. Neurosci. 4, 2877-2890.
doi: 10.1523/JNEUROSCI.04-11-02877.1984

Grace, A. A, and Bunney, B. S. (1984b). The control of firing pattern in
nigral dopamine neurons: single spike firing. J. Neurosci. 4, 2866-2876.
doi: 10.1523/JNEUROSCI.04-11-02866.1984

Grace, A. A, and Onn, S.-P. (1989). Morphology and electrophysiological
properties of immunocytochemically identified rat dopamine neurons recorded
in vitro. J. Neurosci. 9, 3463-3481. doi: 10.1523/J]NEUROSCI.09-10-03463.1989

Gurney, K. N., Humphries, M. D., and Redgrave, P. (2015). A new
framework for cortico-striatal plasticity: Behavioural theory meets in
vitro data at the reinforcement-action interface. PLos Biol. 13:€1002099.
doi: 10.1371/journal.pbio.1002034

Haber, S. N., and Knutson, B. (2010). The reward circuit: linking primate
anatomy and human imaging. Neuropsychopharmacology 35, 4-26.
doi: 10.1038/npp.2009.129

Hodgkin, A. L., and Huxley, A. F. (1952). A quantitative description of membrane
current and its application to conduction and excitation in nerve. J. Physiol.
117, 500-544. doi: 10.1113/jphysiol.1952.sp004764

Hollerman, J. R., and Schultz, W. (1998). Dopamine neurons report an error in
the temporal prediction of reward during learning. Nat. Neurosci. 1, 304-309.
doi: 10.1038/1124

Hopfield, J. J. (1995). Pattern recognition computation using action potential
timing for stimulus representation. Nature 376, 33-36. doi: 10.1038/376033a0

Izhikevich, E. M. (2003). Simple model of spiking neurons. IEEE Trans. Neural
Netw. 14, 1569-1572. doi: 10.1109/TNN.2003.820440

Joel, D., Niv, Y., and Ruppin, E. (2002). Actor-ccritic models of the basal ganglia:
new anatomical and computational perspectives. Neural Netw. 15, 535-547.
doi: 10.1016/S0893-6080(02)00047-3

Kerr, J., and Wickens, J. R. (2001). Dopamine d-1/d-5 receptor activation
is required for long-term potentiation in the rat neostriatum in vitro. J.
Neurophysiol. 85, 117-124. doi: 10.1152/jn.2001.85.1.117

neurons:

account

Kringelbach, M. L. (2005). The human orbitofrontal cortex: linking reward to
hedonic experience. Nat. Rev. Neurosci. 6, 691-702. doi: 10.1038/nrn1747

Lanciego, J. L., Luquin, N., and Obeso, J. A. (2012). Functional neuroanatomy
of the basal ganglia. Cold Spring Harb. Perspect. Med. 2:a009621.
doi: 10.1101/cshperspect.a009621

Maass, W. (1997). Networks of spiking
generation of neural network models. Neural Netw.
doi: 10.1016/50893-6080(97)00011-7

Maass, W. (1999). Noisy spiking neurons with temporal coding have more
computational power than sigmoidal neurons. Adv. Neural Inf. Proc. Syst. 9,
211-217.

Mink, J. W. (1996). The basal ganglia: focused selection and inhibition
of competing motor programs. Prog. Neurobiol. 50, 381-425.
doi: 10.1016/S0301-0082(96)00042-1

Mink,]. W., and Thach, W. T. (1993). Basal ganglia intrinsic circuits and their role
in behavior. Front. Neurosci. 3, 950-957. doi: 10.1016/0959-4388(93)90167-W

Mirenowicz, J., and Schultz, W. (1996). Preferential activation of midbrain
dopamine neurons by appetitive rather than aversive stimuli. Nature 379,
449-451. doi: 10.1038/379449a0

Nishi, A., Kuroiwa, M., and Shuto, T. (2011). Mechanisms for the modulation
of dopamine d1 receptor signaling in striatal neurons. Front. Neuroanat. 5:43.
doi: 10.3389/fnana.2011.00043

Nishiyama, M., Hong, K., Mikoshiba, K., Poo, M. M., and Kato, K. (2000). Calcium
stores regulate the polarity and input specificity of synaptic modfication. Nature
408, 584-588. doi: 10.1038/35046067

O’Doherty, J., Kringelbach, M. L., Rolls, E. T., Hornak, J., and Andrews, C. (2001).
Abstract reward and punishment representations in the human orbitofrontal
cortex. Nat. Neurosci. 4, 95-102. doi: 10.1038/82959

Paugam-Moisy, H., and Bohte, S. (2012). Computing With Spiking Neuron
Networks. Berlin, Heidelberg: Springer Berlin Heidelberg, 335-376.

Percheron, G., and Filion, M. (1991). Parallel processing in the basal ganglia: up to
a point. Trends Neurosci. 14, 55-56. doi: 10.1016/0166-2236(91)90020-U

Plenz, D., and Kital, S. T. (1999). A basal ganglia pacemaker formed by the
subthalamic nucleus and external globus pallidus. Nature 400, 677-682.
doi: 10.1038/23281

Poo, M.-M. (2008). Spike timing-dependent plasticity: hebb’s postulate revisited.
Int. J. Dev. Neurosci. 26, 827-828. doi: 10.1016/j.ijdevneu.2008.09.008

Redgrave, P., Prescott, T. J., and Gurney, K. (1999). The basal ganglia: a
vertebrate solution to the selection problem? Neuroscience 89, 1009-1023.
doi: 10.1016/50306-4522(98)00319-4

Redgrave, P., Rodriguez, M., Smith, Y., Rodriguez-Oroz, M. C., Lehericy, S.,
Bergman, H. et al. (2010). Goal-directed and habitual control in the basal
ganglia: implications for parkinson’s disease. Nat. Rev. Neurosci. 11, 760.
doi: 10.1038/nrn2915

Riceberg, J. S., and Shapiro, M. L. (2012). Reward stability determines the
contribution of orbitofrontal cortex to adaptive behavior. J. Neurosci. 32,
16402-16409. doi: 10.1523/J]NEUROSCI.0776-12.2012

Rose, J. E., and Woolsey, C. N. (1948). The orbitofrontal cortex and its connections
with the mediodorsal nucleus in rabbit, sheep and cat. Res. Publ. Assoc. Res.
Nerv. Ment. Dis. 27, 210-232.

Schultz, W. (1998). Predictive reward signal of dopamine neurons. J. Neurophysiol.
80, 1-27. doi: 10.1152/jn.1998.80.1.1

Schultz, W. (2000). Multiple reward signals in the brain. Nat. Rev. Neurosci. 1,
199-207. doi: 10.1038/35044563

Schultz, W., Apicella, P., and Ljungberg, T. (1993). Responses of monkey
dopamine neurons to reward and conditioned stimuli during successive
steps of learning a delayed response task. J. Neurosci. 13, 900-913.
doi: 10.1523/JNEUROSCI.13-03-00900.1993

Schultz, W., Dayan, P, and Montague,
substrate  of  prediction and  reward.
doi: 10.1126/science.275.5306.1593

Shen, W., Flajolet, M., Greengard, P., and Surmeier, D. J. (2008). Dichotomous
dopaminergic control of striatal synaptic plasticity. Science 321, 848-851.
doi: 10.1126/science.1160575

Silkis, I. (2000). The cortico-basal ganglia-thalamocortical circuit with synaptic
plasticity. i. modification rules for excitatory and inhibitory synapses in the
striatum. Biosystems 57, 187-196. doi: 10.1016/S0303-2647(00)00134-9

The  third
1659-1671.

neurons:
10,

P. R (1997). A neural
Science,  275:1593-1599.

Frontiers in Neurorobotics | www.frontiersin.org

14

September 2018 | Volume 12 | Article 56


https://doi.org/10.1523/JNEUROSCI.18-24-10464.1998
https://doi.org/10.1023/B:NACO.0000027755.02868.60
https://doi.org/10.1016/j.conb.2006.03.006
https://doi.org/10.2976/1.2732246/10.2976/1
https://doi.org/10.1093/cercor/10.3.308
https://doi.org/10.1016/j.neuron.2010.11.022
https://doi.org/10.1162/0898929052880093
https://doi.org/10.1037/0033-295X.113.2.300
https://doi.org/10.1523/JNEUROSCI.1278-13.2013
https://doi.org/10.1371/journal.pcbi.1003024
https://doi.org/10.1016/S1471-1931(00)00019-7
https://doi.org/10.1038/383076a0
https://doi.org/10.1523/JNEUROSCI.04-11-02877.1984
https://doi.org/10.1523/JNEUROSCI.04-11-02866.1984
https://doi.org/10.1523/JNEUROSCI.09-10-03463.1989
https://doi.org/10.1371/journal.pbio.1002034
https://doi.org/10.1038/npp.2009.129
https://doi.org/10.1113/jphysiol.1952.sp004764
https://doi.org/10.1038/1124
https://doi.org/10.1038/376033a0
https://doi.org/10.1109/TNN.2003.820440
https://doi.org/10.1016/S0893-6080(02)00047-3
https://doi.org/10.1152/jn.2001.85.1.117
https://doi.org/10.1038/nrn1747
https://doi.org/10.1101/cshperspect.a009621
https://doi.org/10.1016/S0893-6080(97)00011-7
https://doi.org/10.1016/S0301-0082(96)00042-1
https://doi.org/10.1016/0959-4388(93)90167-W
https://doi.org/10.1038/379449a0
https://doi.org/10.3389/fnana.2011.00043
https://doi.org/10.1038/35046067
https://doi.org/10.1038/82959
https://doi.org/10.1016/0166-2236(91)90020-U
https://doi.org/10.1038/23281
https://doi.org/10.1016/j.ijdevneu.2008.09.008
https://doi.org/10.1016/S0306-4522(98)00319-4
https://doi.org/10.1038/nrn2915
https://doi.org/10.1523/JNEUROSCI.0776-12.2012
https://doi.org/10.1152/jn.1998.80.1.1
https://doi.org/10.1038/35044563
https://doi.org/10.1523/JNEUROSCI.13-03-00900.1993
https://doi.org/10.1126/science.275.5306.1593
https://doi.org/10.1126/science.1160575
https://doi.org/10.1016/S0303-2647(00)00134-9
https://www.frontiersin.org/journals/neurorobotics
https://www.frontiersin.org
https://www.frontiersin.org/journals/neurorobotics#articles

Zhao et al.

Brain-Inspired Decision-Making Model

Simon, N, Julie, M., Yann, D., Emmanuel, B., and Yann, P. (2013). First evidence
of a hyperdirect prefrontal pathway in the primate: precise organization for
new insights on subthalamic nucleus functions. Front. Comput. Neurosci. 7:135.
doi: 10.3389/fncom.2013.00135

Stewart, T. C., Choo, X., and Eliasmith, C. (2010). “Dynamic behaviour of a
spiking model of action selection in the basal ganglia,” in Proceedings of the 10th
International Conference on Cognitive Modeling (Philadelphia, PA), 5-8.

Sutton, R. S., and Barto, A. G. (1998). “Temporal-Difference Learning,’ in
Reinforcement Learning: An Introduction (Cambridge, MA: MIT Press), 188
190.

Tremblay, L., and Schultz, W. (1999). Relative reward preference in primate
orbitofrontal cortex. Nature 398, 704-708. doi: 10.1038/19525

Utter, A. A., and Basso, M. A. (2008). The basal ganglia: an overview
of circuits and function. Neurosci. Biobehav. Rev. 32, 333-342.
doi: 10.1016/j.neubiorev.2006.11.003

Wittenberg, G. M., and Wang, S. S.-H. (2006). Malleability of spike-timing-
dependent plasticity at the ca3-cal synapse. J. Neurosci. 26, 6610-6617.
doi: 10.1523/JNEUROSCI.5388-05.2006

Zeng, Y., Wang, G., and Xu, B. (2017). A basal ganglia network centric
reinforcement learning model and its application in unmanned aerial vehicle.
IEEE Trans. Cogn. Dev. Syst. 99, 290-303. doi: 10.1109/TCDS.2017.2649564

Zhao, F., Zeng, Y., Wang, G., Bai, J., and Xu, B. (2017). A brain-inspired decision
making model based on top-down biasing of prefrontal cortex to basal ganglia
and its application in autonomous uav explorations. Cogn. Comput. 6, 1-11.
doi: 10.1007/512559-017-9511-3

Conflict of Interest Statement: The authors declare that the research was
conducted in the absence of any commercial or financial relationships that could
be construed as a potential conflict of interest.

Copyright © 2018 Zhao, Zeng and Xu. This is an open-access article distributed
under the terms of the Creative Commons Attribution License (CC BY). The use,
distribution or reproduction in other forums is permitted, provided the original
author(s) and the copyright owner(s) are credited and that the original publication
in this journal is cited, in accordance with accepted academic practice. No use,
distribution or reproduction is permitted which does not comply with these terms.

Frontiers in Neurorobotics | www.frontiersin.org

15

September 2018 | Volume 12 | Article 56


https://doi.org/10.3389/fncom.2013.00135
https://doi.org/10.1038/19525
https://doi.org/10.1016/j.neubiorev.2006.11.003
https://doi.org/10.1523/JNEUROSCI.5388-05.2006
https://doi.org/10.1109/TCDS.2017.2649564
https://doi.org/10.1007/s12559-017-9511-3
http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/licenses/by/4.0/
https://www.frontiersin.org/journals/neurorobotics
https://www.frontiersin.org
https://www.frontiersin.org/journals/neurorobotics#articles

	A Brain-Inspired Decision-Making Spiking Neural Network and Its Application in Unmanned Aerial Vehicle
	1. Introduction
	2. Materials and Methods
	2.1. The Neuroanatomy of Brain Decision-Making Circuit
	2.2. Network Architecture
	2.3. Network Implementation
	2.4. Decision Making Mechanisms
	2.4.1. Continuous DA Regulation
	2.4.2. Working Memory
	2.4.3. Combining DA Regulation With STDP

	2.5. Experimental Procedure

	3. Results
	3.1. The UAV Flying Through a Window Task
	3.1.1. Experimental Results
	3.1.2. Model Analysis

	3.2. The UAV Obstacle Avoidance Task
	3.2.1. Experimental Results
	3.2.2. Model Analysis


	4. Discussion
	Author Contributions
	Funding
	Acknowledgments
	References


