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Abstract Decision making is a fundamental ability for
intelligent agents (e.g., humanoid robots and unmanned
aerial vehicles). During decision making process, agents
can improve the strategy for interacting with the dynamic
environment through reinforcement learning. Many stateof-the-art reinforcement learning models deal with relatively smaller number of state-action pairs, and the states
are preferably discrete, such as Q-learning and Actor-Critic
algorithms. While in practice, in many scenario, the states
are continuous and hard to be properly discretized. Better
autonomous decision making methods need to be proposed
to handle these problems. Inspired by the mechanism of
decision making in human brain, we propose a general computational model, named as prefrontal cortex-basal ganglia
(PFC-BG) algorithm. The proposed model is inspired by
the biological reinforcement learning pathway and mechanisms from the following perspectives: (1) Dopamine signals continuously update reward-relevant information for
both basal ganglia and working memory in prefrontal cortex. (2) We maintain the contextual reward information
in working memory. This has a top-down biasing effect
on reinforcement learning in basal ganglia. The proposed
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model separates the continuous states into smaller distinguishable states, and introduces continuous reward function
for each state to obtain reward information at different time.
To verify the performance of our model, we apply it to many
UAV decision making experiments, such as avoiding obstacles and flying through window and door, and the experiments support the effectiveness of the model. Compared
with traditional Q-learning and Actor-Critic algorithms, the
proposed model is more biologically inspired, and more
accurate and faster to make decision.
Keywords Prefrontal cortex · Working memory · Basal
ganglia · Dopamine system · Brain-inspired decision
making model

Introduction
Decision making is of vital importance for intelligent systems, such as robots and unmanned aerial vehicles (UAV).
Studies on decision making have been increasingly focused
on reinforcement learning [1]. Some model-free reinforcement learning methods such as Q-learning and Actor-Critic
algorithms are suitable for relatively simpler decision making tasks, because these methods mainly focus on dealing
with discrete and small number of state-action-reward triplet
[2]. Only using these methods may not be enough to quickly
and accurately learn behavior for complex tasks because
they are oversimplified to deal with continuous states and
states that are hard to be discretized.
Significant improvements of reinforcement learning have
emerged in recent years. However, many existing improvements are based on the deep neural networks [3–6] and
hierarchical reinforcement learning [1, 3, 7] that challenge computation complexity. Deep reinforcement learning
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combines reinforcement learning with deep neural network.
Deep neural network focuses on the efficient representations
of high-dimensional environment input. It faces a curse of
dimensionality problem. Hierarchical reinforcement learning is suitable for complex planning tasks. Because it allows
agents to learn subroutines in particular situations.
In human brain, basal ganglia plays an important role
in reinforcement learning [8]. The main input structure in
basal ganglia is striatum. Striatum can be divided into dorsal striatum (DS) and ventral striatum (VS). DS projects to
the pallidum, and then projects to thalamus for carrying out
action [9–12]. VS has lots of connections with dopaminergic (DA) neurons in substantia nigra/ventral tegmental area
(SNc/VTA) [13, 14]. DA neurons respond to rewards [15].
In the context of striatum connections, VS mainly focuses
on reward prediction which is similar to critic function
in Actor-Critic algorithm, and DS focuses on action optimization which is similar to actor function in Actor-Critic
algorithm.
With inspirations only from basal ganglia system may
not be enough, since without coordinations with other brain
regions, appropriate action selection may be too slow to
apply to complex decision making tasks in nature scene
for intelligent systems. In human brain, the decision making mechanism is accelerated by the interaction between
prefrontal cortex (PFC) and basal ganglia (BG) [16]. PFC
is considered to maintain contextual reward information
in working memory, and it has a top-down biasing effect
on behavior selection process in BG [17]. Inspired by
the role of PFC and BG in human decision making, we
propose a brain-inspired decision making model with a
focus on the interaction between PFC and BG, and we
validate the proposed model in a series of UAV decision making tasks. To optimize the traditional Actor-Critic
algorithm, we introduce continuous dopamine reward to
evaluate action in BG and update working memory in
PFC. We maintain recent reward information in working
memory, and use this information to control the behavior
selection in the next trial. Compared with traditional Qlearning and Actor-Critic algorithms, the proposed model
is more accurate and faster to make decisions, which
indicates the potentials and effectiveness of the proposed
model.
This paper is organized as follows. “Background and
Related Work” section introduces the background and
related work. “The Brain-Inspired PFC-BG Model for Decision Making” section introduces the proposed PFC-BG
model for brain-inspired reinforcement learning. “Experimental Validations on UAV Decision Making” section verifies the proposed algorithm by UAV decision making experiments. “Experimental Results and Analysis” section analyzes the results of experiments and compares the proposed
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model with two commonly used reinforcement learning
algorithms. A conclusion and future outlook are provided in
“Conclusion” section.

Background and Related Work
Together with decision trees, and bayesian learning, reinforcement learning is considered as one of the most important approaches that support decision making, and it is more
widely used especially when it comes to learning stateaction pairs [18–20]. During reinforcement learning, agent
learns behavior through trial-and-error interactions with
dynamic environment. From the algorithmic perspective,
major efforts can be classified into four categories:
Deep Reinforcement Learning Deep reinforcement learning uses gradient descent to optimize the deep neural network. The main contribution of deep neural network is the
hierarchical abstract representations of environment from
high-dimensional sensory inputs [21, 22]. Recently, deep
Q-network (DQN) has been widely investigated [6, 23,
24]. It combines Q-learning with deep neural network. The
advantage of DQN is that it can learn policy directly based
on high-dimensional sensory inputs. However, this method
faces the curse of dimensionality problem.
Hierarchical Reinforcement Learning For coping with
the curse of dimensionality problem, hierarchical reinforcement learning (RL) employs temporally abstract actions [1,
25]. The hierarchical RL can integrate various actions into
subroutines. Each subroutine has its own subgoal and policy.
In this way, agents can learn the subroutines in particular situations by the reinforcement learning method [7, 26].
Hierarchical RL is suitable for complex problem solving
and planning systems.
Improved Reinforcement Learning in Continuous
Spaces Traditional reinforcement learning is a discrete
learning process. Agents must transfer from current state to
next state after executing an action. Both states and actions
are discrete and finite in traditional reinforcement learning, while agent learning in real-world environment is often
required to cope with continuous state and action spaces.
Continuous reinforcement learning focuses on the policy
function approximation [22, 27]. Policy gradient algorithm
is used to converge to a local optimum. The function
approximation process needs an amount of experiences and
human-provided data. Lazaric et al. use sequential Monte
Carlo methods to estimate the policy [28]. This method
needs agents to undergo most of the state spaces so that they
can precisely learn the policy in that environment.
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Brain-Inspired Reinforcement Learning Joel et al. have
demonstrated the relationship between the Actor-Critic
algorithm and the mechanism of basal ganglia [29]. The
effort also reviews the pre-existing Actor-Critic models of
basal ganglia. Most of the models focus on the strong correlation between dopamine neuron activity and temporal
difference prediction error signals in critic [29]. To describe
the real-world environment, a continuous time Actor-Critic
model has been proposed. This method uses spiking neurons to simulate the continuous temporal difference learning [30]. Another spiking neural Actor-Critic model uses
the Hebbian rule to update the synaptic response instead
of synaptic weight [31]. Nevertheless, these brain-inspired
methods cannot guarantee the precision and promptness.
In practical applications, the UAVs require the decision
making method to be accurate and fast. In human brain,
the interaction between BG and PFC systems contributes
a faster behavior selection process [17]. By adding the
contribution of working memory, we propose a general
computational PFC-BG model which is more accurate and
faster. We test this method on a series of UAV tasks, including obstacle avoidance, flying through window and door
experiments. Experimental validations indicate that the
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PFC-BG model has good performances on different experiments.

The Brain-Inspired PFC-BG Model for Decision
Making
Reinforcement learning-based decision making is a complex process, in which multiple brain regions are involved
and coordinate with each other as a whole. Figure 1 represents the brain regions and their corresponding functions
correlated to reinforcement learning based decision making. In human brain, the cortex-basal ganglia-thalamus network deals with the main decision making process [32–34].
After executing an action in specific state, sensory cortex
transmits environment information to BG. The reward information is carried by dopamine in SNc/VTA. DA signals
then update the contextual reward in orbitofrontal cortex
(OFC) [17], and update temporal difference prediction (TD)
error to regulate VS and DS [35]. The contextual reward in
working memory of OFC has a top-down biasing effect on
BG. VS then uses TD error to update the value function,
and DS optimizes policy based on the contextual reward
information [11]. The pallidum chooses an action based on
the policy in DS. Pallidum connects to thalamus and then
projects to motor cortex for executing action [12].
Continuous Dopamine Signals in Basal Ganglia
This subsection introduces the improved Actor-Critic model
by continuous dopamine signals. The Actor-Critic algorithm takes into account the different roles played by VS
and DS. It is divided into two parts: actor and critic. Actor
is used to optimize actions, and critic criticizes the actions
chosen by actor [36]. The VS reflects the critic function by
estimating value function. The DS reflects the actor function
by optimizing policy function. Both value function and policy function are updated by TD error [29]. Figure 2 shows
the functional comparison of Actor-Critic algorithm and
basal ganglia.
The traditional Actor-Critic algorithm is summarized as
the following:
–

Fig. 1 A functional model of decision making with different brain
regions and their interactions. This model is corresponding to the current understanding of the major decision making pathway in human
brain. Sensory cortex is responsible for representing states, and motor
cortex for executing behavior. DS, VS, and pallidum are the parts of
basal ganglia which are responsible for reinforcement learning. OFC
encodes contextual reward information. SNc and VTA elicit dopamine
which is useful for temporal difference learning. These brain regions
collectively contribute to human decision making

Calculating TD error. After executing an action at at
state st , the new state st+1 and the reward rt+1 are
conveyed to the striatum in BG. The SNc/VTA then
computes a TD error based on them. The TD error is
shown as Eq. 1.
δt = rt+1 + ϒV (st+1 ) − V (st )

(1)

where V is the value function for evaluating state, ϒ
is the scale factor. Using value function allows agent
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Fig. 2 The structure of the
Actor-Critic algorithm for
decision making (a), and the
corresponding brain regions and
pathways (b). The critic
function and actor function,
which correspond to the ventral
striatum and dorsal striatum in
basal ganglia individually, are
shown in blue area and green
area respectively. TD error is
carried by dopamine which is
elicited from VTA and SNc. The
Actor-Critic algorithm mainly
focuses on the simulation of
actor and critic function in basal
ganglia. It is too slow to solve
the complex tasks since lacking
of contextual information from
working memory

–

–

to take full advantage of past experience to optimize
future choices [37]. The TD error is used to update
the value function V (s) in VS, as well as the policy
function π (s, a) in DS. If the TD error is positive, it
suggests that the tendency to select this action should
be strengthened. Whereas if the TD error is negative, it
suggests the tendency should be weakened [38].
Choosing action. Suppose actions are generated by the
Gibbs softmax method:
eP (s,a)
(2)
π (s, a) =  P (s,b)
be
where the P (s, a) is state-action function in actor,
indicating the probability to select each action a in
each state s. State-action function is also called policy
function.
Updating value function and policy function. For learning the correct policy, we have to update value function
and policy function as follows:
P (st , at ) ← P (st , at ) + βδt

(3)

(4)
V (st ) ← V (st ) + αδt
where α, β are positive step-size parameters [39]. δt is
the TD error.
Traditional Actor-Critic algorithm is easily falling into a
dilemma: too many pairs among state-action and rewards.
In human brain, the dopamine reward signals are continuous elicited at every moment. Thus for improving traditional
Actor-Critic algorithm, we add continuous reward function
for every discrete state to emulate continuous dopamine
signals from an abstract representation. By this way, the
reward is different at different moments even if in the same
state. It is obvious that continuous reward could accelerate the speed of learning with only a few states. The

reward equation integrates the basic state reward with current moment reward. Basic state reward is predefined to
evaluate every state’s value. Current moment reward qualifies the quality of current state at different moment. Since
the evaluation standards of different states quality is depend
on tasks, the reward function needs appropriately predefined
for different tasks.
rt = Rb (st ) + αEva (st )

(5)

where Rb (st ) represents the basic reward of current state,
and Eva (st ) represents the evaluation reward of current
moment, α is the scale factor.
Working Memory in Prefrontal Cortex
In human brain, the prefrontal cortex 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. Compared to decision making only by BG, interaction
between PFC and BG is more successful at estimating the
actual expected reward of decisions [16]. After executing an
action, reward information is rapidly encoded and updated
in working memory, and the actual expected reward is calculated by comparing with contextual reward in working
memory. Inspired by the expected reward estimation in PFC,
we improve the TD error equation by comparing the current
reward rt (which is maintained in working memory) with
the next reward rt+1 . The improved TD error is as follows:
δtv = rt+1 + ϒV (st+1 ) − V (st )

(6)

δtp = rt+1 − rt + ϒV (st+1 ) − V (st )

(7)

where rt is the reward at time t, and rt+1 is the reward at
time t + 1, ϒ is the scale factor. The reward rt is changed
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to rt+1 after executing action at . For state st , rt+1 − rt is the
actual reward on action at .
The P (st , at ) and V (st ) are updated by Eqs. 8 and 9.
Here, the value function and policy function are according to
different TD errors δtv and δtp . The value function is useful
for evaluating the quality of state, and the current reward is
enough to reflect the quality of current state. Policy function
indicates the probability to select each action a in each state
s. P (st , at ) evaluates the quality of action at in state st . rt+1
represents the quality of the state after executing action at .
rt represents the quality of the state before executing action
at . By comparing rt+1 with rt , we can accurately evaluate the executed action at . α, and β are positive step-size
parameters. Obviously, learning the relative reward instead
of the absolute reward is a better and more accurate way to
evaluate the selected action.
P (st , at ) ← P (st , at ) + βδtp

(8)

V (st ) ← V (st ) + αδtv

(9)

The main contribution of the PFC-BG model is that it
can quickly learn the correct policy only using a few states.
It focuses on the change of reward rather than the state.
Even the UAV is situated in the same state after executing
an action, the difference between rt+1 and rt can represent
the quality of the executed action in this state.

Experimental Validations on UAV Decision Making
This section verifies the performance of the PFC-BG model
on UAV decision making tasks. All of the experiments are
acted on a UAV, named DJI MATRIX 100. A 2.4 GHz wireless digital video camera (1/4 CCD) is used to acquire visual
inputs. Here, we test three decision making experiments:
UAV flying through window and door, UAV avoiding static
obstacle.
The process of the UAV decision making experiments is
shown in Fig. 3. Firstly, the UAV recognizes the current state
according to the visual input. If the current state is the goal
state, the UAV will fly forward to achieve the goal. If not,
the UAV will choose an action to execute. After executing an
action, the environment returns a reward for evaluating this

Fig. 3 The process of the three UAV decision making tasks

action. The UAV updates its policy by updating the value
function and policy function. This process will be cycled
until the UAV reaching the goal state.
The UAV Flying Through Window Task
State Recognition The aim of states division is to set some
distinguishable states in advance which contain all the conditions that the UAV might observe. For the UAV flying
through window task, the states are divided into 14 groups,
as shown in Fig. 4. Here, the state division is based on the
relative position between the UAV and the window.
Firstly, we use 20×20 pixels to convolute the image into
a small and clear image. Then, we extract window’s edges
by hough transform. Finally, we distinguish s2 , s3 , s4 , s5 ,
s6 , s7 , s8 , s9 by judging the window’s opening direction. We
distinguish s1 , s10 , s11 , s12 by the window’s relative position.
State s0 is the goal state in the middle of the UAV’s vision.
State s13 represents the situation that the window does not
appear in the field of UAV’s vision.
Action Selection In this experiment, actions are divided
into four directions: ←, ↑, →, ↓, which means UAV flying
towards left, up, right and down. According to the current
state, the UAV chooses an action based on the ε-greedy
method [40]. The ε-greedy method is an action selection
method in reinforcement learning which performs a balance between exploration and exploitation. The parameter ε
represents the probability of randomly selecting one action
among all actions (probability of exploration)[40]. Here, we
set ε = 0, which means selecting the action with highest action value (only exploitation). At state st , the UAV
chooses the action with maximum probability of P (a, st ).
at = max P (a, st )
a

(10)

Continuous Reward Function All the 14 states are classified into 4 categories in order to design the continuous
reward functions respectively. The first category C1 contains s13 . The second category C2 contains s2 , s3 , s4 , s5 , s6 ,
s7 , s8 , s9 . The third category C3 contains s1 , s10 , s11 , s12 .
The last category C4 contains the goal state s0 . Every category has its own basic reward Rb and evaluation function
Evaw (t). Here, we give Rb (C1 ) = −1000, Rb (C2 ) =
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Fig. 4 The states in UAV flying
through window task

−600, Rb (C3 ) = −300, Rb (C4 ) = 1000. At time t, the
reward can be calculated as follows:
Evaw (t)
(11)
rt = Rb (st ) + α
Iw + Ih
where Rb (st ) is the basic reward of the current state. In the
same state, rt ≥ Rb , α is the scale factor, Evaw (t) is the
evaluation of current moment. Iw is the width of image, and
Ih is the height of image.
By classifying the states to less categories, the computational complexity is highly decreased. For the states
belonging to C1 , the Evaw (t) is based on the size of the
window that UAV can observe. For the states belonging to
C2 , the Evaw (t) is based on the distance between borders
of the window and the borders of UAV’s visual inputs. So
the Evaw (t) is calculated by Eq. 12.
⎧
st ∈ C2
winw + winh
⎪
⎪
⎨
− (|Gu − Gd | + |Gl − Gr |) st ∈ C3
(12)
Evaw (t) =
0
C1
⎪
⎪
⎩
1000
C4
where winw is the width of the window in the image,
and winh is the height of the window in the image.
Gu , Gd , Gl , Gr represent four distances (up, down, left,
right) between the window borders and the borders of the
visual inputs respectively.
Update Function Updating the value function and policy
function is the most crucial step in the whole learning process. After the UAV takes an action in specific state, it will
get a reward. The value function and the policy function are
updated based on Eqs. 6–9.
The UAV Flying Through Door Task
In this experiment, the states are divided into seven groups,
as shown in Fig. 5. The state division is based on the relative
position between UAV and door, and the state space contains
Fig. 5 The states in UAV flying
through door task

all the conditions that the UAV might observe. Here, we distinguish s2 and s4 by judging the door’s opening direction.
We distinguish s8 , s11 , s12 by the door’s relative position.
State s0 is the goal state in the middle of UAV’s vision. State
s13 represents the situation that the door does not appear in
the field of UAV’s vision. The actions for the UAV flying
through door task are ← and →. Only in state s8 can the
UAV move up and down for the sake of safety. The method
of state recognition and action selection are the same as in
“The UAV Flying Through Window Task” section.
We divide the seven states into four categories, and we
design continuous reward function for every category. The
first category C1 contains s13 . The second category C2 contains s2 , s4 , s8 . The third category C3 contains s11 , s12 .
The last category C4 contains the goal state s0 . The reward
function in UAV flying through door experiment is:
rt = Rb (st ) + α

Evad (t)
Iw + Ih

(13)

where Rb (st ) is the basic reward of current state, which is
the same as the Rb of UAV flying through window task. α is
the scale factor, Iw is the width of image, and Ih is the height
of the image. For the states belonging to C2 , the Evad (t)
is based on the size of the door that the UAV can observe.
For the states belonging to C3 , the Evad (t) is based on the
distance between the borders of the door and the borders of
the UAV’s visual inputs. So the Evad (t) is calculated by
Eq. 14.
⎧
doorw + doorh st ∈ C2
⎪
⎪
⎨
− (|Gl − Gr |) st ∈ C3
(14)
Evad (t) =
0
C1
⎪
⎪
⎩
1000
C4
where doorw is the width of the door in the image, and
doorh is the height of the door in the image. Gl , Gr represent the left and right distances between borders of the door
and image’s left and right borders respectively.
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Fig. 6 The original visual input
with a window (a), the
preprocessed image after the
erosion and dilation process (b),
and the extracted edges of the
window (c).

The UAV Obstacle Avoidance Task
Obstacle detection method is based on the binocular vision.
We ignore the detailed obstacle detection process. For avoiding
obstacle, there are two states: obstacle situated in the left and
the right part of UAV’s vision. The actions for UAV obstacle
avoidance are ← and →. The action selection is the same as
in “The UAV Flying Through Window Task” section. The
reward function in obstacle avoidance experiment is:
rt = max (Gl , Gr )

(15)

where Gl , Gr represent the left and right distances between
obstacle and image’s left and right borders respectively.
We should note that the equations in this section are
application dependent. Hence, they need to be adapted
according to different applications.

Experimental Results and Analysis
The UAV Flying Through Window Task
Green window is used for UAV flying through window
experiment, as shown in Fig. 6a. After extracting the green
area, we preprocess the image by binaryzation, erosion, and
expansion, and then the output image is depicted in Fig. 6b.
Fig. 7 The image sequence
during the process of the UAV
flying through window task

Then we convolute the image and acquire the edges of the
window, as shown in Fig. 6c.
A key sequence of images during the decision making
process is shown in Fig. 7. It is obvious that the UAV modulates its movement toward the window’s center. When UAV
encounters a state for the first time, it probably chooses a
wrong action. And 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 wrong action, it will remember to avoid this
action too.
The UAV Flying Through Door Task
For reducing noise and extracting the door’s edge information,
we convert the color image from RGB space to HSV space.
The original door is shown as Fig. 8a. Then we extract the
maximum contours and the edges, as shown in Fig. 8b.
The key image sequences of UAV flying through door
are shown as Fig. 9. Firstly, UAV is situated at the left of
the door. It randomly chooses the right action. Based on the
reward, it can evaluate this right action at current state. If it
achieves a positive reward, then the probability of choosing
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Fig. 8 The original door from
visual inputs (a) and the image
after processing (b)

Fig. 9 The image sequence of
the UAV flying through door
task (after preprocessing)

Fig. 10 The original visual
input (a), and the detected
obstacle area marked as yellow
rectangle (b). The blue rectangle
contains the potential obstacle

Fig. 11 The sequence of images during the obstacle avoidance process
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Fig. 12 The image sequences of Q-learning (a) and Actor-Critic (b)
algorithms across time during the process of UAV flying through
window. The blue arrows represent the chosen actions with negative

reward. As shown in the figure, neither Q-learning nor Actor-Critic
algorithms could choose the correct actions even with at least six trials

right action will increase. If it achieves a negative reward,
then the probability of choosing right action will reduce.
In this experiment, the UAV achieves a positive reward and
continues moving right. Generally, the UAV can learn the
correct action within two trials.

Comparative Evaluation

The UAV Obstacle Avoidance Task
Obstacle detection is based on binocular vision technology.
Figure 10a shows the original image, and Fig. 10b shows
the detected obstacle area marked as yellow rectangle.
The key sequence of images during the obstacle avoidance process is shown in Fig. 11. Firstly, the obstacle is
situated at the center of the UAV’s vision. After moving a
step, the obstacle is situated in the left of UAV’s vision.
UAV learns this correct action and continues moving right
to avoid the obstacle.

Fig. 13 The image sequences of PFC-BG model across time during
the process of UAV flying through window. The blue arrows represent
the chosen actions with negative reward, and red ones represent the

This subsection we compare our model with traditional
Actor-Critic [39] and Q-learning algorithms [41]. The
detailed Actor-Critic algorithm has been introduced in
“Continuous Dopamine Signals in Basal Ganglia” section.
The Q-learning algorithm only updates a state-action pair
function which is formulated as Eq. 16.


Q (s, a) = Q (s, a) + α r + γ max Q s  , a  − Q (s, a)
a

(16)
where s, a, and r are current state, action and reward,
respectively. s  , a  are the state and action in the next
moment. α is the positive step-size, and ϒ is the scale factor.

actions with positive reward. PFC-BG model can quickly move to the
goal state with red checkmark
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The key image sequences of Q-learning and Actor-Critic
algorithms during the process of the UAV flying through
window task are shown in Fig. 12. As shown in the figure,
the UAV could not learn the correct action by using the Qlearning and the Actor-Critic algorithms. Both algorithms
face the same problem: they need to transmit to a new state
after executing an action. As can be seen from the image
sequences in Fig. 12, there is no distinguishable change of
images after the UAV’s moving for a step. Because current state is not the goal state, the UAV receives a negative
reward and then chooses another action. However, because
the UAV is situated in the same state after moving a step
toward four directions, it will circulate these actions and fail
to learn the correct action.
The PFC-BG model combines continuous reward function with context relative reward to solve the problem in
Q-learning and Actor-Critic algorithms. After using continuous reward function for each state, UAV can obtain
different reward information at different moment. However,
reward will be positive only if the UAV is situated in the
goal state. UAV will get in a dilemma where it receives
negative reward after trying every action in the non-goal
state. Contextual reward contributes to solve this problem
by using relative reward to evaluate the executed action. If
the relative reward is positive, then the tendency to select
this action will be strengthened. The image sequence produced from the PFC-BG model during the process of UAV
flying through window is shown in Fig. 13. Compared to
Q-learning and Actor-Critic algorithms, the PFC-BG model
enables the UAV to quickly learn the correct action in each
state, and toward the goal state.

Conclusion
This paper proposes a brain-inspired computational model
for reinforcement learning-based decision making, with an
emphasis on the prefrontal cortex top-down biasing on basal
ganglia. In human brain, basal ganglia plays an important
role in decision making. However, only with basal ganglia
will be too slow to learn the correct policy in real time in
complex tasks. Prefrontal cortex is with a role for accelerating the decision making process by maintaining and
processing contextual information. The proposed PFC-BG
model refines the Actor-Critic algorithm from discrete stateaction-reward triplets to continuous reward. The continuous
reward information is maintained in working memory, and
this information has a biasing effect in the next trial. In
this way, the correct policy can be learned more quickly.
We validate the proposed model on a series of UAV decision making tasks, including flying through window, flying
through door, and obstacle avoidance. For different decision making tasks, the average number of trials are different.
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Supported by concrete experiments, the PFC-BG model has
better performance on these tasks compared to traditional
Q-learning and Actor-Critic algorithms.
The decision making process is very complex, and this
paper only focus on the interactions among PFC and BG
related regions. In the near future, we will consider to build
a more comprehensive brain-inspired model for reinforcement learning based decision making, covering more interactions among various related brain regions. In addition, the
refined model will also be planned to challenge even more
complex decision making tasks, such as multi-task decision
making.
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