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Goal oriented navigation based on place cells of rat’s
brain hippocampus and Q-learning

FANG Lue , HE Hongjun
(The Twenty-First Research Institute of China Electronics Technology Group Corporation, Shanghai 200030, China)

Abstract ; Physiological experiments show that a cell with specific discharge characteristics in the hippocampus of
rat’s brain plays a key role in rat’s spatial navigation and environmental cognition, and the specific neurons are
called place cells. In this paper, a feed-forward neural network model based on place cells and motor neurons is
constructed, and Q-learning algorithm is used to realize the goal-oriented navigation task of the rat. The

experimental results show that the feed-forward neural network model can quickly achieve the goal-oriented

navigation task of the rat.
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Fig.2 Feed-forward neural network model
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rat’s brain
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Fig.5 Feed-forward network model of the input layer ( place cells) and motor neurons
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Fig. 6 Trajectories of the rat’s paths from the first 20 runs
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Fig. 7 Trajectories of the rat’s paths from the last 20 runs
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Fig. 8 The number of steps needed to reach the target position for the rat
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Table 1 Corelation between the number of iterations of
the good-oriented navigation based on Q learning and

the number of steps needed to reach the target position

LA K BE IS [ bRz B BT E A A
1 122
2 110
3 200
4 200
5 74
6 200
7 200
8 176
9 18
10 20
11 22
12 18
13 18
14 22
15 20
16 22
17 20
18 20
19 20

20 20
21 20
22 20
23 22
24 20
25 20
26 22
27 18
28 18
29 22
30 18
31 22
32 22
33 18
34 20
35 22
36 22
37 22
38 22
39 22
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