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Robot navigation gets a lot of attention today, and
more and more scholars are trying to find new ways to
make robot’s navigation more intelligent. Maze prob-
lem is a typical case of robot autonomous navigation,
which is also what we study in this paper. In maze
problem, finding the exit quickly is one of the impor-
tant indexes to measure the quality of the algorithm.
Reducing unnecessary exploration can solve this prob-
lem well. With this in mind, we design an autonomous
navigation algorithm for maze robot based on curios-
ity and Q-learning. The curiosity is designed based
on the Sigmoid function, and it influences the prob-
ability of the action selection in reinforcement learn-
ing way. In addition, a memory module is designed to
store nodes and Q-values in sequence. The informa-
tion that recorded is used for the curiosity on the one
hand, and makes global reinforcement on the other
hand. We simulate the feasibility and advantages of
the algorithm respectively, and results show that the
robot can reduce repeated exploration of the environ-
ment in the process of autonomous navigation, and it
has a faster convergence rate compared with the Q-
learning algorithm without curiosity.

Keywords: curiosity, autonomous navigation, maze
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1. Introduction

With the continuous improvement of intelligent robots,
mobile robots have gradually became a hot research field.
As a classic case, many scholars have studied maze-
solving robots. Dang and Song et al. proposed an effi-
cient IEEE standard robot maze solving algorithm in [1].
It had the advantages of short search time and fast maze
solution. So it could be used in robot pathfinding. Sug-
iarto et al. described the application of fuzzy logic in [2]
to solve the problem of autonomous mobile robots track-
ing paths in a maze. Rahul Kumar et al. equipped the
robot with an ultrasonic transceiver in [3], which can mea-
sure the distance between the robot and the wall. In ad-
dition, infrared sensors and mechanical arms were added

to realize wall detection, obstacle detection and obstacle
crossing functions. Mohammad solved the shortest path
of the maze based on image processing algorithms, and
then directed the maze robot to reach the specified desti-
nation[4]. But the disadvantage of this method was that
you need to know the full map of the maze in advance.
For the most part, robots don’t know what’s going on in
the maze. So they need exploration mechanisms to com-
pensate for the sparse extrinsic rewards to better solve the
maze problem[5–8].

Curiosity is one of the most important internal motiva-
tions of human beings, and the main function of curios-
ity is to promote learning[9–11]. Understanding the cu-
riosity from the perspective of neurophysiology can bet-
ter understand its mechanism. In the “four-armed bandit”
mission[12], Daw and others found that during the explo-
ration process, the front solar cortex and parietal sulphur
were more active, and were the typical reward areas. In
other words, curiosity is related to the reward system. In
addition, in the learning process, random selection usu-
ally provides lower immediate returns, but can provide
information to improve future choices, thereby maximiz-
ing overall performance. However, random exploration
without purpose is obviously very inefficient. Wittmann
et al. modified the bandit test to measure the propensity
to discover new and unfamiliar options[12]. The modified
test asked subjects to choose four different images in each
experiment, some of which were familiar; some were very
novel. The subjects were more likely to choose the novel
images in the experiment.

In this paper, we propose an autonomous navigation
method for maze robots based on Q-learning and curios-
ity. Combining the above-mentioned connection between
curiosity and reward system, we design the curiosity
based on the Sigmoid function, and obtain the probability
of action selection by using the normalization method. A
memory module is designed, in which Q-values and nodes
information are stored in sequence. With this, the curios-
ity values of the nodes can be updated. In order to verify
the effectiveness of the method, simulations are carried
out. The results show that the proposed method can ef-
fectively realize the robot autonomously reach the desti-
nation. The structure of this paper is as follows: Section 2
describes our Autonomous navigation algorithm in detail;
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Fig. 1. Curiosity exploration mechanism.

Section 3 is simulation verification: 1) Autonomous nav-
igation simulation, 2) Comparative simulation; Section 4
is a conclusion.

2. Autonomous navigation algorithm

The algorithm we propose consists of five elements:
< S,A,Q,M,C >. The meaning of each element is ex-

plained as below:
1) S is the node set, S = {Sk|k = 1,2,3 · · ·n}, where

Sk represents a node that the robot needs to select action.
Therefore, in the maze task, nodes are set up at corners
and crossroads. At the same time, places where roads are
blocked are also set up as nodes.

2) A is the action set. We assume that the robot moves
at a constant speed. One thing the robot does is to select
actions at nodes.

A = {a j| j = 1,2,3,4}, where a j represents optional ac-
tion. We assume that the robot has four optional actions as
seen in Table 1. Moreover, because the motion is fixed,

Table 1. Optional actions

Actions Meanings
a1 Turn to north
a2 Turn to east
a3 Turn to south
a4 Turn to west

the orientation of the agent is not (for example, when an
agent turns right, it may turn north or west).

3) Q is a Q-Leaning [13] decision learning algorithm
based on curiosity. Q-learning is a reinforcement learning
algorithm, and its autonomous learning strategy is widely
used.

The following is the algorithm formula:

Q(s,a) = (1−α)Q(s,a)+α[r+maxQ(s′,a′)] (1)

where :
Q(s,a) : component of Q table (state, action)
s : state s′ : next state

a : action a′ : next action
r: reward α : learning rate
A node is a state. We stipulate that the agent moves

from one node to the next as a state transition. We give
rules of reward and punishment. A reward will be given
if there are any optional actions in the front, left, or right
direction at the next node. If at the next node, the agent
can only choose the backward direction, no reward will
be given. The reward rules are as follows:

r = 0: If at the next node, in addition to the return ac-
tion, no other optional actions.

r = 30: If at the next node, in addition to the return
action, only another optional action.

r = 70: If at the next node, in addition to the return
action, there are two other optional actions.

r = 100: If at the next node, in addition to the return
action, there are three other optional actions.

r = 300: If at the next node, the agent can arrive at the
destination.

Q-learning is a great option for exploring environ-
ments, but optimal approaches are computationally in-
tractable[14]. That means, the choice of agent action is
the key problem[15]. As mentioned above, driven by cu-
riosity, people prefer to choose novel things. Designing
memory modules is a good choice[16]. To better iden-
tify novel scenes, we design a curiosity algorithm with a
memory module.

4)M is the memory module to save the Q-values and
nodes.

M = {Q1(Sk,a j),Q2(Sk,a j) · · · |k= 1,2,3 · · · , j = 1,2,3,4}(2)

The recording order of Qm(Sk,a j)is the sequence in
which the agent encounters nodes.

Qm(Sk,a j) represents the number of nodes that have
been encountered. For example, Q1(Sk,a j) represents the
Q-value of the first node encountered, and Q3(Sk,a j) rep-
resents the Q-value of the third node encountered. But
sometimes, the agent may encounter the same node many
times in the learning process, but the memory module
only records the latest action under the node, and rear-
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ranges the latest action to the near end of the sequence,
and then deletes the node information recorded in the
sequence before. In addition, only nodes with optional
actions behind the agent will not be recorded in the se-
quence. When the agent traverses the front, left, and right
directions of a node, it still returns to the node, and only
the back direction can be selected at this time, the node
information will also be deleted from the sequence.

When the agent arrives at the destination, then the ex-
ploration ends, we will get a set of sequences composed of
Qm(Sk,a j). The elements relate to the effective nodes and
actions of this study. We intensify these nodes and the ac-
tions selected at that node in descending order. Each node
in the sequence and the corresponding action does not re-
ceive the same reinforcement, but decreases in order. That
is, the closer the node is to the destination, the greater the
reinforcement is, and on the contrary, the farther the node
is from the destination, the smaller the reinforcement will
be.

The reward feedback formula is designed as follow:

Qm−1(Sk,a j)= (1−α)Qm−1(Sk,a j)+αQm(Sk,a j)(3)

Fig. 2. Principle of the memory module.

Fig. 2 is the principle of the memory module. The
dark green rectangle is the information of different nodes,
and the yellow color rectangle is the information from the
same node. As long as the node is the same one as before,
it is considered a duplicate record, although the informa-
tion is different. At this point, the previously recorded
information of the node will be deleted.

5) C is the curiosity module. Models of curiosity are
mostly based on psychology or neurology[17]. Accord-
ingly, we design the curiosity formula as follows:

Ck j = (
1

0.5× (1+ e−N)
−1)×100 . . . . . (4)

Pj =
Ck j

∑
4
j=1Ck j

. . . . . . . . . . . . . (5)

Ck j represents the curiosity value of action a j of node Sk.
N : Number of optional actions for Sk−1 except return

Fig. 3. Autonomous navigation algorithm learning process.
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actions. Pj is the probability to choose action a j at one
node.

When the agent arrives at a certain node for the first
time, the algorithm will assign an initial value for the op-
tional actions of the node. If the optional action is in the
front, the initial value is Ck f = 100. Similarly, the op-
tional action on the right or left side of the agent also gives
the initial value of curiosity of 100, that is, Ckl = 100;
Ckr = 100. For the actions behind the agent, an initial
value of 30 is assigned, Ckb = 30.

If at one node, the robot can only go behind, then Ck f ,
Ckr, Ckl will all be 0. For example, if action a2 cannot be
performed when a node is first been reached, then the ini-
tial value Ck2 = 0 for this node. Conversely, when the cu-
riosity value of an action is zero, the action is not counted
as an optional action. Of course, with the advancement of
the algorithm learning, the actions whose curiosity value
becomes zero will also no longer be included in the op-
tional actions. In particular, when an agent goes back
from the node to the previous node, the curiosity value
of the action selected at the previous node will be recalcu-
lated according to the curiosity formula because its next
state has changed.

The agent always preferentially selects the action with
the highest curiosity value unless the complete Q table of
a node has been obtained, and when there are multiple
same maximum values, it will randomly selects one of
them.

Fig. 3 shows the algorithm learning process. In the
early stage of learning, the agent does not have any ex-
perience that can be used for reference, so the optional
actions are randomly selected. As the learning increases,
the agent uses curiosity to explore new directions until the
algorithm converges to the optimal value.

3. The simulations

We use V-Rep[18] for simulations, and Python for pro-
gramming. The maze robot used in the experiment is
modified on the original basis. As shown in Fig. 4, it

Fig. 4. The maze robot.

has three distance sensors, located on the left and right
side as well as in front of the agent. The detection range
of the distance sensor is 0.7 meters. V-rep can retrieves
the orientation (Euler angles) of an object. This value
can be obtained through the API interface of V-rep and
Python. Therefore, the Euler value of the previous sensor
can be known and the direction the maze robot faces can
be determined. The maze robot can walk in a straight line
for two reasons. One is that when the maze robot makes
an action, it defaults to walk in the current direction; The

second is that the front of the maze robot has an infrared
distance sensor, which can ensure that it will not bump
into the wall during walking.

Fig. 5. The maze map.

We design a maze in V-Rep with a path width of 60cm
as shown in Fig. 5. Nodes are set at each place where
an action is required. The maze starts at the node 1. The
destination is numbered the node 21.

(a) The first learning

(b) The second learning (c) The third learning

Fig. 6. Different learnings.

We conduct an simulation involving three learning. In
order to prevent distant or useless experiences from af-
fecting the training, the maximum Q-value is set at 200.
As shown in Fig. 6 (a), this is the first learning of this
simulation. In the first learning, because there is no node
information, so when the maze robot encounters nodes 10,
and 12, it randomly selects actions from the two optional
actions a1 and a2. In Fig. 6 (a), the choice as we can see
are all a2. The same situation happens at the node 15. At
the node 19, the choice of the maze robot is a3. Then it
go back to the node 15 through the node 18 and the node
16. However, compared with the previous return to nodes
10, and 12, the maze robot does not return from the direc-
tion in which the action was made, but from the direction
of another optional action of the node. Obviously, if the
maze robot chooses the action a3 at the node 15, it will
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Fig. 7. Learning results of different actions.

lead to repeated exploration, which is not what we want
to see, and at the same time, it deviates from the idea of
curiosity. From our simulation, we can see that the maze
robot does not perform the action a3, but chose the action
a2. In this process, the curiosity algorithm with memory
module really plays a role. Then the maze robot passes
the node 19, the node 20 and reaches the exit of the maze.

Fig. 6 (b) shows the second learning. When the maze
robot reaches the node 11, it chooses action a2, because
the maze robot has already explored action a1 in the previ-
ous learning. So the curiosity value of action a2 is greater
than the curiosity value of action a1. Similarly, when the
maze robot reaches node 13, it chooses action a4 with a
higher curiosity value. Then, when the node 4 is reached,
a1 is randomly selected between the optional actions a1
and a3. Next, when the maze robot encounters the node 6,
the sensor detects that there is no optional action, so the
action with the largest curiosity value is selected, which
can be seen is action a4.

Meanwhile, the action a1 selected at the node 4 updates
the Q and curiosity values based on (1) and (4). After
passing through the node 5 and the node 6, the maze robot
returns to the node 4. According to the curiosity algo-
rithm, the maze robot selects the action with the largest
curiosity value, namely the action a3. The exploration
process after selecting a3 is the same as above. Similarly,
the action a3 at the node 4 will be updated and the maze
robot returns to the node 4. Here, the maze robot has ex-
plored all options for moving forward at the node 4, and
the curiosity value is reduced. The curiosity value of ac-
tion a2 is at its maximum at this point. Thus, the maze
robot exits the node 4 by selecting the action a2 and re-
turns to the node 13. Then the maze robot selects the
optional action a1 with the highest Q-value at the node

13 to continue exploring. Fig. 6 (c) is the final learning
result. After exploring all the optional actions, the maze
robot selects the optional action with the largest Q-value
at each node to complete the maze.

After three studies, we get the Q table. We divided
them into graphs according to the actions, as shown in
Fig. 7. As we can see from Fig. 7, actions a1 and a2
are the most learned actions. It can also be seen from
the maze map that it is the most efficient for the maze
robot to move from the bottom left to the top right. With
the increase of learning times, the actions on the effec-
tive path are strengthened. Due to the curiosity algorithm,
each learning distance of the maze robot is also reduced.

(a) Maze robot starts at the node 7 (b) Maze robot starts at the node 23

Fig. 8. Maze robot starts at different nodes.

Fig. 8 (a) shows the learning result with maze robot
starting from the node 7. We can see the maze robot can
find the exit very well. Similarly, when the maze robot
starts from the node 23, it can also reach its destination.

To verify the performance of the algorithm, we design
a comparative simulation with the Q-learning algorithm
only, results are in Fig. 9 and Fig. 10. It can be seen that
Q-learning algorithm with curiosity is better in both num-
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ber of learning and the time required to converge to the
optimal value, which proves that the algorithm proposed
in this paper can converge to the optimal solution faster.

Fig. 9. Comparison between the Q-learning algorithm with and
without curiosity.

Fig. 10. Time that required to converge to the optimal value.

4. Conclusions

In this paper, we designed the curiosity function ac-
cording to the neurological basis, and designed the au-
tonomous navigation algorithm of the maze robot com-
bined with Q-learning. We also did two kinds of simula-
tion to prove the feasibility of the algorithm and its per-
formance. In the autonomous navigation simulation, the
optimal path is found successfully, and the agent could
use the learned strategy to achieve the shortest path from
any position of the maze to the exit, which is the proof of
the feasibility of the algorithm. In another simulation, we
did comparison of our method with the Q-learning algo-
rithm without curiosity, and proved the our method’s good
performance. However, there are also some shortcomings
of this curiosity driven algorithm. One is that , the nodes
are needed to be given in advance at this stage. On the
other hand, the ability to solve loop problems is not good.
These problems are what we plan to solve in the future.
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