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Abstract: The crystallizing speed of cane suger is leamed and predicted by the model of feedforwand neural network tsing
genetic algonithms. To counter the problemn in the model which needs a lot of calculations but has slow speed of convergence.,
we use Q-leaming with reinforcement to decide on the variation probability of genetic algerittons and to increase the coovergence
speed of leaming. The results of the simulation show the effectiveness of the method.
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1 Introduction

It is difficult to determine the boiling duration in the
crystallizing process of cane sugar, due to the failure of
the concentration-sensor after long-time usage. So far no
effective solution to this problem has been found''! . Mul-
ti-layer feed-forward genetic neural petworks (GNN's),
which have powerful function to identify nonlinear-sys-
tems'>~], can be employed to model the crystallizing
process of cane sugar and to estimate the boiling dura-
ticn. However, it takes a kong time for a GNN to con-
verge when the number of its weights is large. We need
effective measures to improve its convergence. This ob-
ject can be achieved by properly modifying the mutation
probability of the GNN.

Q-leaming, which was proposed by Watkins'®! to
solve Information Non-perfect Markovian Decision prob-
lems, is an effective reinforcement leaming algorithm.

In this paper, we use (-leaming algorithm to adaptively
tune the mutation probability of the GNN. The simula-
tion results show that this reinforcement Jeaming algo-
rithm improves the convergence of the GNN in modeling
the ¢rystallizing process of cane sugar.
2 Reinforcement learning of mutation pr-
obability by Q-learning algorithm
2.1 Q-learning algorithm
Suppose that the state set Z = 1z, | ¢ = 0}, and the
motion set A = {a, | { = 0}. The value of Q depends
on the state z, and the motion a. When motion ¢ i5 se-
lected for state z, at moment ¢, the corresponding value
of Q is denoted as (,(z,a). The Q-leaming algorithm
which Watkins'®! proposed consists of the following
steps:
1) Set t = 0; randomly initialize Q,(z,a).
2) Observe the present state z,..
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3) Denote the probability of a certain motion ¢ € A
being selected for a certain state z as P(e | z,). There
holds

exp[Q,(z,a).f'T]
> expl Oz, 6)/T]

vy
whereTisthetcmpﬂztmifactor, with which Q can be
fuped .

4) Select a motion o, according to the state z, and the
caespoading probability P{a | z,); figure out enforce-
ment signal », (also named as rewand function), and
then renew the value of Q acconding to formula (2):

(1-a)@(z,a)+alr+

Q;.ﬂ(z',ﬂ) = ﬁmgl’ﬂu(znb)], (Zvﬂ) = (Z.,a,),
Q.t(zuan)v (z,a) = (z::ﬂ;)'

Pla|z)= (1)

(2)
where a, and 3 are respectively learning factor and dis-
count factor, which satisfy 0 < «,,f < 1.

5)Lett = t + 1, and then go back to (2).

Watkins'®! has proved that if a certain condition is sat-
isfied for the leaming factor a,, say(Q < a; < 1, and an
infinitely iteration of step 2) can be employed to any ( z,
a), then Q,(z.a) will converge with probability 1 to
Q(z,a) when i - o,

2.2 Deciding on mutation probability by Q-
learning

Suppose the state set to be Z = {sucoess, failure, un-
certainty} , and the motion set to be A = {mutation, re-
serve} . The value of the state is selected from the set Z
according to the value of the index function J(¢). When,
J(t) > J(1-1),z = success; J(t) < J(£-1),z, =
failure; J(2) = J(t 1),z = unvarying. The value of
the reward function , is figured out according to formula
(3):

2, success (J(t) > J(t - 1)),
7, = {1, unvarying (J(2) = J(t- 1)}, (3)
0, failure (J{t) < J(t - 1)).

If P{a | z,) in formula (1) is employed as the muta-
tion probability of the GNN, and the value of Q in for-
raula (1) is figured out according to formula (2), then
r, will enforce the learning by accelerating the conver-
gence of GNN evolution. Since @,(z,a) converges with
probebility 1 to ¢z, a) when 2 — o, there holds that
JCt) = J(s = I) = 0. The Q-lzaming algorithm there-

fore improves the convergence perfonnance of the GNN.
3 Multi-layer feed-forward genetic neu-
ral network model of the crystallizing
process of cane sugar
It is very important to restrict the crystallizing rate to a
certain range because the rate determines the crystallizing
duration and the product quality. As was showed by
Siltin!™}, the crystallizing rate X satisfies

K= %‘[Ac +0.5%—J;—;(Ac +0.25£;)].

{(4)
where &y, k;, and d are respectively the diffusion coeffi-
cient, a constant and the thickness of boundary mem-
brane. Ac is represented as Ae = ¢ - ¢, where ¢ is the
concentration of oversawration, and ¢p is the density of
samuration .

In fact, the nonlinear relationships between K and the
temperature of sugar juicy, K and the purity of sugar
juicy, and X and the density of sugar juicy are much
mor¢ complex than that showed in formula (4). There
are over 300 groups of crystallizing data that were ob-
tained in real canesugar process in [7], and the relation-
ships are implicitly expressed within these data. The
temperature of sugar juicy ranges between 40T and
807C, the density between 70% and 86% , and the puri-
ty 60% and 90% . Acconding to these data, we estab-
lished a multi-layer feed-forward neural network as
shown in Fg.1. The network is composed of three Lay-
ers. It consists of three input nodes. four hidden-layer
nodes and one output node. The inputs to this network
are respectively the temperature x,, the density x, and
the purity x3; the output is crystallizing rate K. Each
node uses sigmoid function as its stimulation function
a{ x) which salisﬁesii.l:r:‘a(x) =0and lima(x) = 1.

r+m

g

W14

Fig. 1 Feed-forward neural network mode| of the

crystallizing process of cane sugar
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We employ a real-coded genetic algorithm'®! to the
weight optimization of this petwork. In a muld-layer
feed-forward peural network, each of the hidden-layer
nodes can be viewed as a special recognizer of input pat-
temns. In order to prevent these recognizers from being
frequently destroyed in crossover, the weights of each of
these recognizers should abut against each other on the
chromosome'®! . Therefore, the weights are assigned on
the chromosome as follows:

Wy {wa | Wa | W [ | e [ W W |10 | Ty} Uy 00 | B4

where w; (i = 1,--,4;j = 1,2,3) is the weight from
the input node ; to the middle node ¢ ; v, is the increment
which is added to the middle node i;w; is the weight
from the middle node i to the cutput node. The weights
of the input and the output are respectively put in the
wo ends of the line to form a full line of chromosome.
In the genetic algorithm used in Fig. 1, the crossover
operation is completed by a scheme called convex com-
bination, in which the individuals of the filial generation
are composed of the fine ones of the father generation
and the sum total is 1”°]. Supposing that the individuals
of the father generation in the crossover operation of the
¢ generation are X} and X%, and that the crossover posi-
tion is in front of the locus to w,, and that the individu-
als of the filial generation are X7*' and X3!, we have
(wd*! = alw)] + (1 - aXwy)i,  (5)
Cg¥ = (1- a)lw)i + auwyd,  (6)
where () (I = 1,2) is the value of the locus to wy in
the chromosome of the individnals X| of the father gener-
ation, and ¢ € [0, 1](a = 0.5 in this paper).
In this GNN, the weights are restricted to the range
( —10.000,10.000), its population size is 100 and fit-

1l

ness ﬁlrwﬁonisc‘l,whae.}':,‘/%z:(Kﬁ—Ki}zis
the training error, K,;, X are respectively the ith mea-
sured value and the ith output value of crystallizing rate,
and 7 is the sample number. Since J > 0,e7f € (0,1].
The convex combination is employed as its crossover op-
erator, and the crossover possibility is 0.4, The best so-
lution in the population is maintained before selection,
while the rest are processed by a roulette wheel with slots
sized according to their fitness values.

P(a |z} in formula (1) is employed as the muta-

tion probability, which accelerates the evolution of the
GNN. We can therefore get the estimated crystaflizing
rate from the cutput of the GNN more quickly. We ad-
just the temperamre and density of the sugar juicy ac-
cording to this estimated rate, and therefore realize an
automatic control of the sugar process without the con-
centration-sensor .
4 Simulation results

Randomly select 176 groups of data from those listed
in [7] o train the GNN. A simple GA of mutation
probability 0.1 and a GA with Q-leamning are separately
employed to optimize the GNN. The calculation results
are showed in Table 1. Then estimate the crystallizing
rate with the ained GNN. The performances of their
estimation are respectively showed in Fig.2 and Fg.3.
As shown in Fig. 2 and Fig. 3, both of the GNN’s
trained respectively by the simple GA and the Q-leaming
GA fit the process well.
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Fig.2 Ptedictive error curve before using Q-learning
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Fig. 3 Predictive error curve before using Q-learning

However, as shown in Table 1, when the GNN is op-
timized by the simple GA, the trained emor usually rests
at around 0.025 ~ 0.03, and seldom goes further than
0.01. That is to say, the simple GA is most likely to
slump into the local extrema. On the other band, it
takes less iteration steps for the Q-learning GA to
achieve the same train error with that of the simple GA.
Moreover, the Q-leaming GA can reach a smaller error.
Therefore, the Q-leaming GA performs better than the
simple one in the GNN optimization.
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Table 1 The convergency comparison of simple GA

and GA with Q-leaming
Lcraton stepp
Trian emror
Simple GA'  Q-leaming GA
0125 - 350 125
0.085 700 525
0.050 4,000 2,000
0.025 7.000 3,500
0.015 10,000 4,000
0.010 — 6,500
5 Conclusion

In view of the model nonlinearity in the crystallizing
process of cape sugar,a genetic neural network model is
established in this paper. This model is optiraized by the
Q-leaming GNN, the mutation probability of which is
adaptively adjusted by Q-leaming algorithm according to
the fimess value. The simulation resvlts show that this
enforcernent leaming algorithm accelerates the evolution
process of the GNN, so that the calculation time is re-
duced and the convergence performance is improved.
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