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Abstract  This paper presents a new distributed Bayesian 
optimization algorithm (BOA) to overcome the efficiency 
problem when solving NP scheduling problems. The pro-
posed approach integrates BOA into the co-evolutionary 
schema, which builds up a concurrent computing environ-
ment. A new search strategy is also introduced for local op-
timization process. It integrates the reinforcement learning 
(RL) mechanism into the BOA search processes, and then 
uses the mixed probability information from BOA 
(post-probability) and RL (pre-probability) to enhance the 
cooperation between different local controllers, which im-
proves the optimization ability of the algorithm. The ex-
periment shows that the new algorithm does better in both 
optimization (2.2 %) and convergence (11.7 %), compared 
with classic BOA. 
 
Keywords statistic optimization, distributed scheduling, 
Bayesian networks, data mining 

1  Introduction 

BOA belongs to the statistic evolutionary algorithm, which 
is a very interesting research topic of optimization methods 
during recent years. Unlike general evolutionary algorithm 
such as GA, BOA has no mutation operations. It explicitly 
models the statistic characters of the optimized solutions, 
and uses the constructed model to guide the further search. 
Thus it can avoid the break of high order building blocks 
and behave more efficiently during optimization search [1, 
2].  

Nowadays, BOA has been widely developed to solve 
different kinds of problems: mixed continuous-discrete op-
timization [3], multi-object optimization [4], etc.. But the 

complexity of constructing the probabilistic model prevents 
it from being widely used in real practice. Some algorithms 
apply simple Bayesian networks to reduce the modeling 
complexity (for example: UMDA [5]). But it also reduces 
the algorithm’s optimization efficiency. 

So, in this paper, a new cooperated BOA with reinforce-
ment learning technique is presented. It uses the co-    
evolution scheme to decompose the global problem into a 
set of sub-problems, and combines the sub statistic decision 
models with reinforcement learning strategy, to enhance the 
algorithm’s optimization performance. Experiment results 
validate the efficiency of the new algorithm. 

2  Bayesian optimization algorithm 

Bayesian optimization algorithm is an evolutionary method 
which uses Bayesian networks to estimate the solutions dis-
tribution. For each evolution generation, the BOA selects 
“good” solutions according to predefined criteria. Then it 
constructs the network from selected solution sets, using 
chosen metrics and constraints (techniques for learning 
Bayesian networks from data set can be found in Ref. [6]).  
 ( )
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n is the total number of chromosomes in ( )jx , N is the 
number of decision variables in one solution chromosome. 

jA represents variable ( )jx ’s variety area, and it can be note 
that 
 ( )j

jj J
x A A

∈
∈ =∏  

Constructing a Bayesian net from such a solution aggre-
gate is to build a directed acyclic graph G (Fig. 1). The 
nodes in graph G represent the variables, and the directed 
link from node A to node B represents the probability rela-
tion between variable A and B. Then A can be said as the 
parent variable of B. The directed link can be noted as 

{ | } { , }/ { }B A B A AP x x P x x P x=  
The construct process of Bayesian network has two steps:  
1) Decide the directed links between variable nodes ac-

cording to minimal description length (MDL) methods [6].  
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Fig. 1  Bayesian network 

2) Decide the probability parameters of the direct links 
( | ) ( | )i i i i i iP X x G P X x D d= = = =     (1) 

Based on the data information of solution aggregate, where 
iD  is the parent node of variable iX . 
Thus, the Bayesian network models the probabilistic 

characters of solution variables, and new solutions are 
produced by sampling from the constructed models. The 
evolution process then repeat until the stop criteria is 
met. 

Although BOA avoids the break of high order building 
blocks, the construct process of a global Bayesian net for all 
the variables is too complicate to get satisfactory results for 
large-scale optimization problems in the real world. So we 
introduced a cooperated Bayesian optimization algorithm 
based on co-evolutionary scheme, which decomposes the 
complicated problems into a set of more simple 
sub-problems, and uses a set of cooperated local decision 
controller to solve them. 

3  Co-BOA based on reinforcement learning 

3.1  Co-evolutionary scheme 

Co-evolution refers to the simultaneous evolution of two or 
more species with coupled fitness. It includes two kinds of 
mutual mechanisms: compete and cooperate. Cooperative 
co-evolutionary algorithms involve a number of independ-
ently evolving species, which together form complex struc-
tures, well-suited to solving complicated problems. The fit-
ness of an individual depends on its ability to collaborate 
with individuals from other species. In this way, the evolu-
tionary pressure stemming from the difficulty of the prob-
lem favors the development of cooperative strategies and 
individuals.  

Co-evolution scheme decomposes the global problem 
into a set of sub-problems, thus making the optimization 
process more simple. And also, it is suitable for problem 
solving under distributed and parallel environments. But for 
statistic evolution algorithm such as BOA, if local con-
trollers independently produce the new chromosomes only 
with their own local models, the global information will 
be lost. So the independent local controllers need to coop-
erate with each other to enhance the global optimization 
performance. 

 
3.2  Reinforcement learning based cooperate strategy for 
local decision controller 

3.2.1  Reinforcement learning based decision algorithm 

RL is one kind of unsupervised machine learning algorithm 
based on asynchronous dynamic planning mechanism. 

Define a discrete state aggregate S, and a discrete deci-
sion action aggregate A. A state transfer function is: 

: ( )T S A P S× →  and a reword function is : .R S A R× →   
The decision controller selects action a A∈  at state 

s S∈ , then the system state transfers to s S′∈ , and the 
decision controller gets the immediate reword ( , )r s a R∈ . 

Q-learning is a very important reinforcement learning 
method, which is proposed by Watkins [7]. It can be de-
scribed as: 

( ) max ( , )
( , ) ( , ) ( , , ) ( )

aV s Q s a
Q s a r s a T s a s V sγ

=

′ ′= + ∑
    (2) 

( , )Q s a  is the long term reward function for action-reward 
pair ( , )s a , and γ  is the discount factor for the delayed 
rewards. Watkins proves its convergence [7]. 

3.2.2  RL- BOA hybrid decision algorithm 

For sequence optimization problem, when using the co- 
evolution scheme, each local decision controller provides 
sub-chromosome aggregates corresponding to certain 
sub-problems. Then, sub-chromosomes coming from dif-
ferent controllers combine with each other to form a global 
chromosome. Then, the global chromosome can be evalu-
ated as a feasible solution for the global problem. 

The RL model can make the controller able to learn the 
optimized strategy from the action-reward history. So, dur-
ing the cooperated decision process, the RL model can help 
the controller to decide the optimized sequence actions.  

Using RL decision model, suppose ( )X j  is the feasible 
action aggregate for a local controller. ( , )j iQ s x  is the long 
term expected reward for taking task ix  as the jth member 
to process.  Then following the RL statistic decision rule, 
the probability for controller takes task ix  as the jth 
member to process is : 

RL

( )

( , )
( , )

( , )
k

j i
j i

j k
x X j

Q s x
P s x

Q s x
∈

=
∑

  (3) 

Here, the RL decision model is converted to statistic de-
cision model. RL ( , )j iP s x  is the decision probability which 
includes the history information. It can also be viewed as 
the prior probability for problem solving. 

Let ( | ) ( | )i i iP x G P x D=  be the probability distribution 
for variable ix  and iD  be the parent variables of ix , 
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A U
i i iD D D= ∪ . Here, A

iD  represents the known variables 
(decision already made) and U

iD represents unknown vari-
ables. Then at state js ,  

BN ( , ) { | } { | }
U
i

A
i j i i i i

D

P x s P x D P x D= = ∑    (4) 

for computing the variable’s probability distribution:  
BN RL( , , ) ( , , ) (1 ) ( , , )j i j i j iP s x rP s x r P s x= + −      (5) 

0 1r< <  is the proportion factor. 
Here, BN ( , )i jP x s  can be viewed as the post-probability 

of problem solving. It describes certain action’s fitness level 
according to its performance. RL ( , )j iP s x  represents the 
problem’s prior probability summarized from the history 
and it includes the environment information js . So, using 
the RL-BOA hybrid decision model will help to combine 
the prior and post probability for the optimization of prob-
lem’s solution.  

Within this hybrid model, let trainX  be the training case 
aggregate, then the RL model’s update function will be: 

( , ) (1 ) ( , ) ( ( , ) max ( , )),i
k

j i j i j i j ix
Q s x Q s x r s x Q s xα α γ

′
′ ′= − + +

where trainix X∈ , and r is the reward function. 
Using the above update rule will make the RL model get 

the optimized decision strategy feasible to the problem. It 
will also help the decision controller to adapt to the dy-
namic environment. 

The steps of the hybrid RL-BOA algorithm can then be 
described as: 

For each local decision controller: 
1) Randomly generate initial population and construct 

BN model using MDL methods. 
2) When the new chromosome is prduce, execute Step 3 

with probability p, and execute Step 4 with probability 1−p.  
3) Use BN model to generate new chromosome. 
4) Use RL-BN hybrid model to generate new chromo-

some. 
5) If the number of new chromosome is enough to form 

the new chromosome population, execute Step 2, else exe-
cute Step 6.  

6) For each controller, combine the local chromosome 
with the representative chromosome of other controllers to 
form the global solution for the problem, and evaluate its 
fitness. Then select the best l chromosomes to form local 
representative chromosome. 

7) Update the RL model using the new chromosome and 
its fitness. 

8) If the termination criteria are not met, go to Eq. (2). 

4  Simulation and experiments  

Consider a manufacturing system with 4 assembly lines in a 
2-product planning and scheduling system. The number of 
workstations in each flow-shop style line is variable. The 
manufacturing route of product type 1 is (4->2->1), and that 

of product type 2 is(1,2,->3), as shown in Fig. 2. Process 
time in each workstation is randomly generated with uni-
form distribution (Table 1 and Table 2). 

 
Fig. 2  Manufacturing process 

Table 1  Task process time 

Machine k Task I 

1 2 3 4 

1 [8, 28] [12, 38] [13, 40] -- 

2 [5, 23] [6, 18] -- [4, 15]

Table 2  Task DeadDate 

Task I DeadDate 

1 [60, 180]

2 [40, 130] 
 
Let the task ratio be 1:1, and a test problem is generated 

(parameters are shown in Table 3). The optimization results 
are shown in Fig. 3. It can be seen that the optimized output 
of algorithm Co-BOA is 249.4, and the evolution generated 
is 132. The optimized output of algorithm BOA is 266.8, 
and the evolution generated is 154. 

Table 3  Illustration example 

Machine process time  Task 

1         2          3         4 

DeadDate

1 16 31.5 18.4 -- 122.5 

2 13.6 29.0 27.1 -- 97.2 

3 22.5 24.8 28.2 -- 155.4 

4 17.9 20.9 19.4 -- 89.0 

5 23.5 18.2 28.5 -- 138.7 

6 22.8 17.5 -- 7.6 109.4 

7 7.6 9.5 -- 13.9 54.8 

8 6.6 15.8 -- 4.7 76.8 

9 13.8 7.9 -- 8.6 77.9 

10 8.5 15.6 -- 6.6 126.4 

 
Table 4 shows a set of test experiments where the task ra-

tio 1η  varies from 0.1 to 0.9. 1O  is the optimized results 
and 1g  is the evolution generation when 1O  is first 
reached. The results show the BOA approach always per-
forms better than GA in solving different task ratio problems. 
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With reinforcement learning model, Co-BOA can get opti-
mization strategy adaptation to various environments. It can 
enhance the local decision controller’s cooperation and op-
timization ability. Therefore Co-BOA has more optimiza-
tion efficiency than general BOA with co-evolution scheme. 

 
Fig. 3  Experiment results 

Table 4  Optimization results 

GA BOA Co-BOA 1η  

1O  1g  1O  1g  1O  1g  

0.1 250.5 431 241.4 137 238.1 125 

0.3 262.2 382 259.1 144 254.9 128 

0.5 270.5 390 264.5 152 260.4 141 

0.7 298.2 420 288.1 174 277.4 135 

0.9 327.4 385 301.1 165 293.4 143 

5  Conclusions 

In this paper, a new distributed BOA is presented to over-
come the efficiency problem when solving NP scheduling 
problems. The proposed approach integrates BOA into the 
co-evolutionary schema, which builds up a concurrent 

computing environment. A new search strategy is intro-
duced for local optimization process. It integrates the RL 
mechanism into BOA search processes, and then uses the 
mixed probability information from BOA (post-probability) 
and RL (pre-probability) to enhance the cooperation be-
tween different local controllers, which improves the opti-
mization ability of the algorithm. The experiment shows 
that the new algorithm does better in both optimization  
(2.2 %) and convergence (11.7 %), compared with classic 
BOA. 
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