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Figure 1 The sketch map of navigation model from place cells to action cells
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Figure 2 The sketch map of synaptic from place cells to action cells
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Set the neurons to the resting state and let ¢; = 0; Set target location S, randomly; Setthe

training times and the maximum time 7, for each training

i

The agent began to explore the environment from a random start location S, i¢

!

?IDetermine the place cell firing use formula (1)I4

1

Calculation of action cells membrane

potential by formula (2)

il

Firing rate of action cells is calculated by formula (3)

!

The eligibility trace is calculated by formula (11a)

i

The average firing rate of action cells is calculated
by formula (13)

t=nT,n is positive integer

T & >random F
Move randomly The direction is determined by formula (12)
S§=S,,+9.6
Reset action cells to resting state
F F
S, exceeds the
boundary or hits the
obstacle
T
T
Returnto S, ;, R=~1; A; = a(=1); e;(1) R=1;A;= a(+1); e,t)

Exceed the
training times

B 3 SRM-RL E%RiEE
Figure 3 The flowsheet of SRM-RL algorithm
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®1 MEXESHRE

Table 1 The parameters of simulation experiment

Parameter At o Tm o B N
Value 1 ms 12 cm 10 ms 0.02 0.95 100
Weights Weights
10 10} ® 10
9 9l / 9
8 8 ‘ 8
7 7 /\
~ 7
6 6 \ AN 6
5 5 5
4
4 4
3
2 3 3
1 2PN~ 2
0 1= p 1
0 2 4 6 8 10 2 4 6 8 10

B 4 (MERFE) &HEASAnE
Figure 4 (Color online) The navigation map of the agent. Navigation map after (a) 10 times training, (b) 20 times
training, and (c) 50 times training
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Figure 5 (Color online) (a) Firing rate of action cell and (b) the corresponding momentary value of the eligibility
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1. Calculate state action values: O(r,(0),a) = ri,=Zw; 1,

2. Environmental detection by greedy exploration strategy to balance
exploration and exploitation. Determine the neurons firing during the
decision time T in a theta cycle.

3. Action space generalization: r2 (r)= exp(-A¢;/20°,,)

4. Update eligibility trace: e;,,,=fe;,+ 1, (Dr,

5. Calculate reward prediction error:

3(1) = R(@®) +70(r,(1),a"(6)-Q(r,(t-1),a(t-1))

6. Update synaptic strengths: Aw, =1-5(®)-€;,

6 Q(\) BiLRiEE
Figure 6 Q()) algorithm flow chart
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Figure 7 The change of escape latency with the increase of the number of experiments
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Figure 8 The change of escape latency with the alteration of the numbers of trials and the action cells
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Figure 9 The navigation map after change (a) the scaling properties and (b) the goal location of the network
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Figure 10 Navigation map with obstacle environment
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Biological plausible goal-directed navigation model based on
direct reinforcement learning algorithm
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Abstract For the problem of the goal-directed navigation in continuous state and action space, a spiking neural
network model from hippocampal place cells to the putative action cells in prefrontal cortex is proposed based
on the firing characteristics of place cells and the information cycles in the hippocampus. The continuous state
and action space are respectively characterized by a population of place cells and action cells, and the direct rein-
forcement learning algorithm combined with the spike response model has been used to goal-directed autonomous
navigation. The simulation results in Morris watermaze task show that the algorithm used in the model can solve
the problem of the goal-directed navigation in continuous state and action space, and obtain a better performance
when compared to the classic methods based on temporal difference at the same given problem. When the number
of the actions cell had been changed, the convergence of model remains the same. The model can still achieve the
goal location, when the scale of the watermaze and the goal location had been changed.

Keywords direct reinforcement learning algorithm, place cells, action cells, spiking neural network, goal-
directed navigation
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