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Abstract 

The explosion of ecommerce and a need to automate internet based services has necessitated research into 

automated service composition. This research addresses the optimal selection of services in order to satisfy customer 

requests.  In this paper, we develop a dynamic programming and concept service (CS) matrix based model to solve 

service composition problems under uncertainty (e.g., changes in customer queries and service provider availability) 

and derive an analytical optimal policy. 
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1. Introduction 
The service composition process is used to identify a set of related services that interact to perform tasks for 

customers that otherwise may not be accomplished by a single service. In order to illustrate service composition (or 

service planning), let us look at the following trip planning problem: Olivia wants to travel to Washington, D.C. 

from State College this Saturday. She would like to return from Washington, D.C. next Friday. She has meetings on 

Monday and Tuesday, and if the weather permits, she would like to attend a baseball game on Thursday; otherwise, 

she would like to go to an art show. Later on Thursday, she would like to go to a Mexican restaurant for dinner. She 

needs to accomplish the following tasks in order to generate her plan: (1) buy a round-trip ticket from State College, 

PA to Washington, D.C.; (2) book a hotel in Washington D.C.; (3) rent a car in Washington D.C.; (4) check the 

weather for Thursday; (5) if the weather forecast is good for Thursday afternoon, check the schedule and venue for 

the baseball game; (6) if the weather is bad, buy a ticket for the art show; and  (7) make a dinner reservation in a 

Mexican restaurant for Thursday evening. Each of these tasks can be accomplished by invoking an appropriate web 

service. Figure 1 shows the service composition for this trip planning problem. Each of the tasks in the plan is 

satisfied by different service providers (or services).  

 

We have already seen a veritable explosion in the services sector, which is becoming increasingly important in the 

global economy.  Service providers and customers are not only people, but machines, products and software as well. 

This paper focuses on web services, where online software service providers assist people or other software 

applications. The boom in web services in recent years has led a number of information technology companies to 

work on service computing. For instance, Microsoft is developing a next generation operating system that embeds a 

service publisher, and IBM, HP, Sun and others are cooperating on UDDI (Universal Description, Discovery and 

Integration) − a universal service advertisement center. In the context of a large number of heterogeneous services, 

service composition becomes very important. The objective of service computing research is to either develop novel 

methods or apply tools and concepts from other disciplines to service computing so that distributed business 

processes can be fused together to form compound services in a timely and accurate manner.  

 

In this paper, we develop a concept service (CS) network matrix that can be used in service composition. The 

purpose of the CS network matrix is to forecast the connectivity and workload of services in advance. The CS 

network matrix is useful for detecting hidden information in the network which can be used in service composition 

to reduce the computational time of the planning algorithms. We compute the potential of the CS network, and 

generate a transition matrix for the Markov decision-making process (MDP). An MDP model is explored to find the 

optimal service composition solution under uncertainty. We consider nested compound workflows consisting of 

more than one service in our development process. A nested compound workflow can be a previously used 
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(developed) service composition or a preferred service composition solution obtained from static service 

composition models. We further develop an analytical optimal policy for the MDP of service composition.  

Start planning

Book Flight Ticket Book Hotel Reserve a car

Check Weather

Buy a ticket for baseball 

game
Buy a ticket for music 

concert

Return

Good Bad

Reserve a seat in a 

Mexico restaurant

 

 

Figure 1: An example of a web service composition. 

 

2. Literature on MDP Web Service Composition  
The dynamic programming technique can be used to find the optimal policy structure that maximizes the objective 

function. For this purpose, the actions in each state can be evaluated based on the accumulated rewards (see [1]). 

MDP is used in service composition, because service composition does not have memory (i.e., it does not consider 

what happened in the past). In each state, only the current given input concept set and the required output concept 

set are considered along with workload information. Before introducing the model, we first provide a brief 

introduction to MDP. 

 

The Markov Decision-Making Process (MDP) is broadly used to model real-world decision-making in situations 

where outcomes are random [2]. In this paper, the state of the system is discrete, that is, the goal of the decision 

maker is to choose a policy or sequence of actions that maximizes the utility function at the end of a finite period of 

time. MDP presents a dynamic system which is made of a finite set of states S, a set of actions A, a transition 

probability P, and a reward function R. The transition probability provides the probability P(        ) of transitioning 

to state   after action a is taken in state s. The problem is Markovian in the sense that the probability of the next state 

  depends on the current state s and action a, and not on the previous states. The reward R(s, a) represents the 

immediate reward of taking action   in state s. A policy π provides a map from states to actions, and defines actions 

as specified by the policy. A policy π is associated with a utility function   , such that       represents the 

expected cumulative reward achieved by policy π when starting in state s. That is, the solution to an MDP problem 

is an optimal policy that maximizes the expected cumulative reward over a finite or infinite number of time periods 

(see [3]). 

 

Over the last decade, there has been a considerable amount of research addressing the service composition problem 

(see [4] and [5]). We have compared many important service composition methods in our previous work (see [6] and 

[7]). In this paper, we only introduce MDP-related methods. Gao et al. [8] modeled web service composition as an 

MDP in 2005. In this model, the decision problem is inherently stochastic, and sequential in time. In an MDP, the 

transition probability and reward function depend only on the current state and action taken, independent of history. 

Gao et al. formulated an MDP model considering Quality of Service (QoS). In the utility function of the model, 
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reliability, cost, response time and availability are considered. The decision problem is to compute a policy that 

maximizes the value of the utility function. Doshi et al. [9] also formulated the workflow composition problem as an 

MDP.  

 

MDPs can be solved by backward induction (a recursive iteration algorithm). This algorithm reflects Bellman’s 

Principle of Optimality, first presented in 1957. An optimal policy is one where remaining decisions are optimized 

based on the state resulting from the first decision. The drawback of MDP models is that computational complexity 

grows exponentially based on the number of web services in the domain, so, they do not scale well for large 

problems. Moreover, these models don’t consider the cascade, failure or unavailability of web services.  

 

3. Concept Service (CS) Network Matrix 
Motivated by the dynamic network concepts in [10], [11], [12] and [13], we propose a network-based service 

composition method that utilizes the hidden information in the CS network to reduce the computational time. It also 

considers uncertainty (e.g., changes in customer queries, QoS and service provider availability)  in the networks.  

 

3.1. Construction of Concept Service (CS) Matrix 

There are four basic flow patterns among services: sequential, and parallel, or parallel and loop (see [7]). The flow 

patterns result from shared parameters among web services. A web service has input flows and output flows (see 

Figure 2), and we represent concepts and services as nodes. If a service addresses a concept, we connect the two 

nodes to form a network of concepts and services. In order to simplify the model, we do not consider or parallel at 

the beginning of modeling; instead, we check or parallel at the end, after topological analysis of the network is 

complete.  

 

 

 

Figure 2: Inner structure of web services 

 

The steps for building the concept service network (CS network) include: (1) index the services and concepts; and 

(2) generate the relationships among concepts and services in a matrix to create the concept service (CS) matrix. Let 

the CS matrix be M. We can generate the elements in matrix   using the following criteria: (a) if a concept is one of 

the input concepts that a service needs, use value 1 as the corresponding element in  ; (b) if a concept is one of the 

output concepts of a service, use value 1 as the corresponding element in  ; (c) all other elements are 0. Cui et al. 

describes the computer program used to generate a CS network matrix (also called a CK matrix) [12].  
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Let      be the incidence matrix of concepts derived from semantics; let      be the incidence matrix of concepts 

to services by Web Service Description Language (WSDL); let      be the incidence matrix of services to concepts 

from WSDL; and let      be the incidence matrix of services. We initialize      ,               

         ,  that is             in M initially. Thus,               
        

        
 .  

 

The CS matrix can be normalized column-wise.             
  

     
 

  

     
   

      

         

 , where 

                    are the column vectors in  . After normalizing the columns, the rows can also be 

normalized selectively: If the    norm of any row vector in   is greater than 1, we divide each element of the row 

by the    norm of that row; otherwise, the row is kept the same as before. Let us still denote this normalized CS 

matrix as  . Thus,   has the following properties: 

 

Properties of M: (1)                   
     
     (2)                   

     
   . 

 

Theorem: If CS matrix M has properties (1) and (2), the matrices             also have properties (1) and (2).  

 

Definition: The potential of a concept service (CS) network   is defined by   
              

    
 

    
  

    
 

    
  ,  where 

             
             . 

 

Convergence theorem of CS matrix potential: If   satisfies properties (1) and (2),              converges to 

0 (e.g.,            .  

 

Stopping criteria: 

                                 . So,          
    is an approximation of the potential CS network 

matrix   
              

    
 

    
  

    
 

    
  =         . 

 

We find that the potential of the concept service (CS) network matches the format of the Katz index (Katz, 1953) in 

sociometric analysis.  

 

3.2.Potential of Concept Service (CS) Network and Katz Index 

Here, we define the potential of CS networks, denoted as   
              

    
 

    
  

    
 

    
  . This matrix can give us 

information about the connectedness of the service concept network, the preliminary solution for a query         , 

and the QoS range of the optimal solution. Further, service composition can be customized and optimized in 

different scenarios. However, we have not addressed the stochastic property of service composition and service 

networks. In this section, we will address this issue based on what we have established in the previous sections. 

 

3.2.1. Relationship between Non-QoS    and the Transition Matrix 

For   
              

    
 

    
  

    
 

    
   obtained from the matrix operations in Euclidean space, we can further 

normalize each row and column for the initial CS network matrix.  The properties of normalized    are:  (1) 

   
                

     
   ; (2)    

                
     
     We know that 

              
             . When   is the transition probability matrix, the expression becomes the 

Katz index (Katz, 1953) when the weights for path lengths are all 1 in a sociometric area which is used to describe 

peoples’ activities. Thus,   
              

    
 

    
  

    
 

    
   is the transition matrix among concepts and services.    

  

represents the probability that an element (concept or service) is used or generated by another element.  

 

3.2.2. Relationship between QoS(  ) and Rewards 

We can further augment     with QoS [13]. Let us denote it as           and define new operating rules for 

different QoS attributes (cost, reliability and delivery time). Each element in         records the best reward from 
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the row element to the column element. For example,      
   represents the lowest cost from element   to element   

(i.e., reaching element j from i). Here, the elements can be either services or concepts.  

 

4. CS Network Matrix and MDP-based Service Composition 
In this section, we consider dynamic rewards, which fluctuate based on provider traffic flow (i.e., a reward is a 

function of a compound service's current traffic flow). A compound service is a nested service composition solution, 

which may be the optimal one from either the static analysis of CS networks or from the multi-criteria goal 

programming models [14]. If a set of providers forming the compound service accepts a customer’s query, the 

reward is a function of the compound service's current traffic flow; if the query provider is a peer service on board in 

the current state, the reward is a function of the peer service’s current traffic flow. If neither the compound service 

nor the peer services can meet the request, the process continues, and the system gains no reward. If the query due 

date is reached before the system can find a provider, the query process stops, and a small reward is granted. 

Backward induction is used to find the optimal policy for the MDP model. 

 

4.1. Parameters and Variables 

If there are a total of   homogeneous nodes (peers) in the network, the time horizon is finite, and    , we denote 

the following parameters in the system:                is the flow bandwidth capacity of each node, where    is 

the bandwidth capacity of the compound service,   , i=1, 2,…, m is the bandwidth capacity of the peers, and the 

current flow value for each node is   , i = 0, 1, 2, …, m. We assume that the probability distribution of    is uniform 

      , therefore, the distribution of  
  

  
 is uniform      , as is the distribution of        

  

  
 ) and i = 0, 1, 2, …, m. 

Each of these functions can be constructed by examining the performance histories of these providers.       

     is the proportion of the free flow bandwidth of the node    , i =0, 1,…, T;   0=1− 0 0 is the proportion of the 

current free flow bandwidth of the compound service;   is the query due date;     is a constant related to the price of 

the query; K is a very large positive number, and   is a very small positive number which will be used to construct 

the reward. 

 
4.2. Decision Epochs 

We assume that the time spent on each node for decision making is a step. So there are a total of T decision epochs if 

the query due date is T. If neither the compound service nor any of the peers accept the request in T steps, the 

procedure stops at step T. 

 
4.3. States 

We define the states                        i = 1, 2,…, T where    is the current free flow bandwidth for the 

compound service;     is the current free bandwidth for node                           are the identical 

independent random variables. Later, we will see that    can be estimated from the potential CS network matrix  

               
   .    indicates whether the current peer on board can provide the service or not, and can be 

computed from the potential of CS matrix             is the equivalent query with    available concepts and 

   required output concepts. 

 

4.4. Transition Probability 

The transition function maps (s, a) to a new state   .             is the probability of     being the next state, given 

that a is performed in s. The transition matrix is defined by the normalized potential CS 

matrix                
   .  

 

4.5. Actions 

Actions consist of accepting requests and passing the requests on to neighbors. We consider three actions in total, 

which are:    {compound service accepts, process stops},    {node    accepts, process stops}, and 

   {compound service rejects, node    rejects}. 
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4.6. Rewards 

     
         

      
       

          

       

 ,   when t =1, 2,…, T-1;       
         

      
       

          

       

 , when t = 

T.  

 

When the request is not accepted by the due time T, a small reward k is given; K is a large positive number, m is a 

small positive number,   is the reward factor,   
  is the free flow bandwidth for the compound service, and    is the 

peer flow bandwidth in the current stage. 

 

4.7. Optimality Equation 

The utility function in an MDP state equals the reward of that state plus the expected rewards of the future states. 

The optimal action for each state, then, is the one yielding the highest expected utility. There are three types of 

rewards given in the MDP: a reward from the compound service, a reward from the          or a system reward in 

the final step. Thus, the optimal utility function of the system is:  

 

  
              

                             
                   t =1, 2,…, T; 

so,                   
                             

                  t =1, 2,…, T. 

 

4.8. Optimal Policy 

We can solve this MDP using Bellman’s backward induction to generate the structure of the optimal policy 

 

        

               
             

        
         

      
                  

         

                 
        

                      
        

   

 

Next, let us estimate       
        . The state      can be represented by a new query              where        are 

the concepts available and      are the required output concepts. Let the normalized    be the transition matrix. We 

know that    represents the connectivity of concepts and services. It is reasonable to predict that service providers 

with more connections to other services will have higher workloads. So,    is also an indicator of the workload rate 

for each service provider. Using   to represent the overall matrix, A -    can represent the matrix of free capacity. 

Thus,   

      
             

                                          
     

   
  =   

                       

    +1 , where   .      is the matrix where elements are the product of the two corresponding elements in    

and        ; and                              is the matrix obtained by the product of the two 

corresponding elements in              and          . Since       
         is computable and we derived the 

closed form expression, the optimal policy for the service composition MDP utilizing a CS network matrix is solved.  

 

Further, when K is a very large number, we know that 

 

(1)    
             

        
         holds when    

     That means we choose the compound service 

as a solution to the request if the compound service's current workload is lower than its capacity. In this case, we 

take action   . 

(2)    
                  

         holds when    
   . When the compound service reaches its full 

capacity, the reward based on the current free flow bandwidth of the peer service provider on board is less than a 

threshold       
         , which is the expected return from the successive steps.  

(3)     
        

                       
         holds when    

   . When the compound service 

reaches its full capacity, the reward based on the current free bandwidth of the peer service provider on board is 

smaller than a threshold       
        , which is the expected return from the successive steps. In this case, we take 

action     
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We explain what would happen when the reward    for the compound service is infinitely large:  

(1) If the compound service’s current transaction flow is less than its capacity   , the compound service 

should accept the query and provide the service to the requester. So, we take action   .  

(2) Each peer has a threshold for accepting the query in each step (e.g., we take action    . If the compound 

service’s current transaction flow reaches its capacity   , we start searching among the peers, and 

continue searching until a peer accepts the request and provides the service to the requester. When the 

compound service’s current bandwidth turns out to be lower than its capacity and it accepts the request, 

we still would like the compound service to be the solution. 

(3) If neither the compound service nor the peers accept the query by the due time, we take action   . 

 

5. Experiments 
In this section, we provide two simple case studies to test the analytical optimal policy derived above. The MDP 

service composition problem is coded in MATLAB. Figure 3 shows that the utility is an increasing function in terms 

of the compound service’s free flow bandwidth under the optimal policy. 

 
Figure 3 : Total utility vs. the free capacity and acceptance rate of the compound service. 

 
We consider the following parameters: reward factor p = 10, K = 10000,  k = 1 and time horizon T= 5.  

 

Case 1: In this experiment, we randomly assign the flow values of the compound services and the peer on board in 

each step. We pick the values for the preferred compound service as follows:  the free bandwidth rates of the 

compound service    
    

      
   = {0, 0.01, 0.7, 0.05, 0.3}; and the free bandwidth rates of the individual service 

provider on board in each step             = {0.7, 0.9, 0.9, 0.1, 0.2}. The algorithm will terminate at step 1 with 

action    (the peer accepts the query and provides service to the requester).  This follows optimality policy (2). The 

actions are shown in Figure 4 (a).  

 

Case 2: Free bandwidth rates of the compound service are    
    

      
   = {0, 0, 0, 0, 0.3}; and free bandwidth 

rates of the individual service provider on board in each step are             = {0.0001, 0.0002, 0.00005, 0.00003, 

0.00008}. The algorithm terminates at step 5 with action   . The actions are shown in Figure 4 (b).  

 

Here we only consider one compound service and one individual service at each step. The MDP model and the 

analytical solutions can be easily extended to multiple compound services and multiple individual services on board 

at each step.  
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(a)                                                                              (b) 

Figure 4:  (a) Case 1; (b) Case 2. 

 

6. Conclusions and Future Work 
In this paper, we developed an optimal policy for a real time service composition problem that considers nested 

compound workflows and service provider workloads. The problem is modeled as an MDP and solved using 

backward induction. This model uses a potential CS network matrix to calculate the parameters and thresholds in 

MDP and in the optimal policies.  

 

In the future, more case studies and a large scale simulation would be beneficial to test the analytical results and 

policies developed in this paper. More sophisticated factors may be studied further in real dynamic environments. 

Further computational ideas regarding dynamic and adaptive service systems [15] are also worthy of exploration. 
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