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Abstract. In this work, a hybrid neural network model (HNNM) is proposed,
which combines the advantages of genetic algorithm, multi-agents and rein-
forcement learning. In order to generate networks with few connections and
high classification performance, HNNM could dynamically prune or add hidden
neurons at different stages of the training process. Experimental results have
shown to be better than those obtained by the most commonly used optimiza-
tion techniques.
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1 Introduction

It is one of the most important issues over many years for researchers how to design
an optimal and adaptive architecture for artificial neural networks (ANNSs), especially
hidden neurons and connections weights. There have been many approaches to adjust
hidden neurons of ANNs, such as constructive or pruning, constructive and pruning,
evolutionary and hybrid algorithms [1,2,3,4,5], etc. But, all of these methods have a
common weakness, i.e. not able to adjust automatically networks architecture.

In order to dynamically adjust hidden neurons, Islam presented an adaptive merg-
ing and growing algorithm (AMGA), which could autonomously merge and add hid-
den neurons of ANNs [6]. However, there are some problems in the algorithm, for
example, significance of each hidden neuron depends on experience, and specified
parameters, such as significance threshold, can not be modified automatically. It is
also difficulty to compute the correlation coefficient between selected neuron and
other neuron, Additionally, BP training algorithm is easy to be trapped into local
minima [7]. Considering the factors in AMGA, a hybrid learning model based on
reinforcement learning (RL) agent is proposed in this work, where the neural net-
works consisting of three layers are trained by NN agent using GA algorithm, while
training parameters will be chosen by RL agent, which include significance of hidden
neurons, epochs, errors, initial weights, and hidden neurons, etc.
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The paper is organized as follows. Section 2 introduces proposed hybrid neural
network learning model, and describes the function of main agents. In section 3,
learning algorithm for NN agent is described in detail. Section 4 offers an insight into
learning algorithm of RL agent. Experimental results are discussed in section 5 and
the conclusions and a look to future work is put forward in the last.

2 Architecture of Hybrid Learning Model

In the model, we design a multi-agent platform, which consists of two containers,
main container and agent container, shown in Fig.1. Two agents, NN agent and RL
agent live in containers which provide a run-time and the services for agents. NN
agent is responsible of pruning or adding hidden neurons and modifying weights of
ANN by GA. RL agent receives the reward of NN agent and adjusts training parame-
ters to NN agent according to the reward values and expert knowledge. Agents coop-
erate with each other to finish a given tasks [8,9,10].
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Fig. 1. The proposed learning model based multi-agent

The main container has the following special responsibilities:

* Managing the container table (CT).
* Managing agent descriptor table GADT and LADT.
* Managing Q-value table (QVT) for RL agents.

The AMS and the DF provide the agent management and white page service, and the
default yellow page service of the platform, respectively.

3 Learning Algorithm for NN Agent

The aim of NN agent is to find a global best solution by GA algorithm. A solution
vector is corresponding to an ANN, which consists of the number of neurons for each
layer, ID of each hidden neuron, and their weights.
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3.1 Algorithm Procedure

The developed algorithm for NN agent consists of the following steps:

Step 1:

Step 2:
Step 3:
Step 4:
Step 5:
Step 6:
Step 7:
Step 8:

Step 9:

Step10:
Stepl1:
Step12:
Step13:

Step14:
Stepl5:

Step16:
Stepl7:

Generate randomly an initial population, which consists of variable length
real-valued chromosomes, and each chromosome is corresponding to an
ANN. Initialize the number of hidden neurons H and all connection weights
at random. Set training epoch W;=0, i = 1, 2,. . .,H, for each hidden neuron h;.
The evolutionary process begins by applying the genetic operators (fitness,
selection, crossover and mutation).

Compute the objective function, that is sum of squared error (SSE) for each
trained ANN and assign a probability for each solution according to SSE.
Store the ANN architecture with the lowest objective value.

Select a pair parent to perform crossover by the way of binary tournament
[11], in order to reproduce the offspring that will be reinserted into the
population replacing the solution with the smallest fitness.

If the best offspring ANN has a lowest SSE, replace the last stored ANN.
Generate randomly a new offspring by mutation operator in order to avoid
being trapped into local minima.

Execute steps 2—7 again until GA converges or maximum number of gen-
erations is reached.

Compare SSE for the current best solution with the previous. If larger than
the previous, then restore the previous network.

Increase epoch: ; =, +7.

Save the current solution and the SSE into Database.

If termination criteria are met, stop the procedure and output the best.

Select the neurons, which significance m; received from RL agent is less
than threshold ng,. If not, go to the Step 16.

Compute the correlation between the selected hidden neurons and other
hidden neurons in the network based on the output of hidden neurons.

If the pairs are found, then merge them and generate a new population, go
to step 2 and retrain the networks.

If the neuron addition criterion is not satisfied, go to the Step 11.

Add one neuron to the hidden layer by splitting an existing neuron. The
splitting produces two neurons from one neuron. Generate a new population
and go to the Step 2 and retrain the networks.

3.2 Objective Function Definition

Objective function is defined by classification error TER, expressed as follows [7]:

TER =20 S () 0

yeP

Where #P is the number of patterns, €(y) is the error for the pattern y, which is 0
when true class of the pattern y is same as the desired class, otherwise, 1.
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3.3 Correlation Coefficient Definition

Correlation measure can be used to measure linear relationship between variables, and
it can also be used to find the correlation between different hidden neurons in the
ANN. The correlation coefficient between h; and h; is defined as [12]:

b COV(hi,hj) )
- \/var(hi)var(hj) @

Where cov is the covariance and var the variance, h; and h; are the output vector of a
selected hidden neuron i and another unselected hidden neuron j, respectively in the
training set. Actually, the coefficient is the cosine between output vectors.

3.4 Neuron Merging Criterion

If the correlation between neuron h, and hy, is greater than the threshold, NN agent
merges the two neurons into a new neuron h,,,. The weights of h,, are assigned as

w,, =w,+w,)/2 (3)

W, =W, tw, €))

where w, and wy; are the connection weights from ith input neuron to h, and hy, re-
spectively, while wj, and w;, are the connection weights to jth output, respectively.
Woi and Wiy, are the ith input and jth output connection weights of hy,, respectively

[6].
3.5 Neuron Addition Criterion

The weights of the new two neurons created by splitting an existing neuron are calcu-
lated as follows:

w=1+a)w 5)

W =—aw (6)
where w represents the weight vector of the existing neuron, and w' and w? are the

weight vectors of the new neurons. ¢ is a small mutation parameter.

3.6 Termination Criterion

The procedure is terminated when one of the criteria is met as follows:

(D The number of successive iterations without any improvement of the objective
function value is equal to the maximum.

@ The validation error increases for T consecutive times.

@ Specified number of generations is reached.
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4 Learning Algorithm for RL Agent

RL agent can complete the task to adjust automatically networks architecture through
cooperation with NN agent. The learning process includes two main stages. First, RL
agent observes the output of NN agent, and the state of solutions from Database, and
explores an action that can yield the maximum reward, based on the former experi-
ence associated with the current observation and accumulated reinforcement (reward).
Next, the agent takes those actions.

At the beginning, RL agent has nothing about the effect that actions may make. It
discovers the actions, such as modifying the significance of hidden neuron according
to an explored optimal policy which may bring the highest reward. After a while, the
agent gradually takes those actions and then observes the results from NN agent. In
fact, the reward can be defined objectively based on the results, or gained subjectively
by directly receiving evaluation from the interactive expert.

State definition. Define the states s as a vector consisting of architecture of networks
and modified hidden neurons.

Action definition. Define the actions a as a vector consisting of modified significance
of hidden neuron, epoch and GA parameters such as population size.

Reward definition. Define the reward r as a vector by:

1

"R )

Where r;is the reward received at neuron i, TER,; is classification error associated with
neuron i, it means that TER; is evaluated according to its influences on training results
when neuron i is merged or added into the ANN.

Reward updating criterion. RL agent uses Q-learning algorithm to learn the optimal
action policy. The action value function Q(s,a) in this case satisfies equation as
follows:

Q(s,2) < Q(s, )+ (r + y(max Q(s',2) - Q(s, 2) 8)

Where 7 is a received reward value, ¢ is a learning rate, and 7} is the discounting

factor. In order to simplify computation, the policy update is performed based on a
method called reinforcement comparison [13], which is updated by

Tk +1) = T(k) + (k) ~ 7(k)) ©)

Where ¢ (0 <& < 1) is a learning rate, and 7;(k) is reference reward of ;(k) in

general. Then update the policy only if the received reward r.(k) > 7 (k)
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5 Experimental Results

5.1 Testing Effectiveness of Algorithm

In this experiment, in order to evaluate the effectiveness of the proposed method, an
empirical study is carried out on Diabetes data sets, which has eight inputs, two out-
puts, and 768 examples. In the training phase for the classifiers, 768 samples will be
randomly divided into two subsets, training set with the 60% of samples and testing
set with the remaining 40%.

All input are transformed within the range from O to 1. Initial population size is set
20, crossover rate is 0.9, and mutation rate is 0.1.

Figure 3 shows results including TER, and the best number of hidden neurons.
TER is less when number of hidden neurons is 5, 10 and 11, respectively.

TER for Diabetes
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Fig. 2. Compute classification error for different hidden neurons. When the number of hidden
neurons is 5, classification error is 21.5%, it is best solution.

5.2 Comparing with Other Algorithms

In order to compare effectively HNNM with other algorithms, we select adaptive
merging and growing algorithm (AMGA), basic constructive algorithm (BCA), basic
constructive—pruning algorithm (BCPA) and Ludermir algorithm[14] as candidates,
also, we will take same experimental methodologies as possible.

Table 1 shows the results of HNNM, AMGA,BCA,BCPA and Ludermir over 50
independent runs for Diabetes data set. It can be seen that HNNM has the smallest
number of hidden neurons and number of epochs, while BCP is largest in term of
number of hidden neurons. With respect to TER, HNNM takes the lowest.
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Table 1. The result of testing Diabetes Data set

Algorithm Number of hidden neurons TER Number of epochs
HNNM 5.05 21.55 420
AMGA 4.14 2197 390

BCA 5.96 26.04 467
BCPA 5.56 26.22 501
Ludermir 4.53 25.87 --

5.3 Discussion

From the experimental results, HNNM takes better performance than other algorithms
in terms of TER. There are three reasons. One is that the neural networks are trained
by GA, which can help to find a global best solution, and avoid procedure being
trapped into a local minimum. Next is that HNNM uses an adaptive strategy like
AMGA, and can dynamically prune or add the hidden neurons, while, other algo-
rithms use a fixed modification strategy. Last is that training parameters is taken by
RL agent. Unlike AMGA, in HNNM, RL agent evaluates significance of hidden neu-
rons according to previous training results, feedback of current training and expert’s
knowledge. It isn’t necessary to compute the significance according to empirical for-
mula. HNNM is easy to be suitable for all classification problems.

6 Conclusion

This paper has present a hybrid neural network learning model based on reinforce-
ment learning agents. In this model, NN agent is responsible of training the neural
networks by using GA algorithm, while RL agent is responsible of determining the
parameters of the neural networks by reinforcement learning algorithm, such as sig-
nificance of hidden neurons, epochs, errors, initial weights, and hidden neurons, etc.
There are two main contributions in this paper. First, due to being trained by GA, it’s
easy that HNNM can find a better global solution. Second, significance of the hidden
neurons that will be merged may not be computed by formula, but determined by RL
agent according to the evaluation at their influences on training results (through
receiving reward and observing state of ANN), so that HNNM has the ability to
generalize the training algorithm of ANN. A series of simulations are provided to
demonstrate these.
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