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ABSTRACT 

 

An integrated simulation, learning, and game-theoretic framework is proposed to address the 

dynamics of supply chain competition. The proposed framework is composed of 1) simulation-

based game platform, 2) game solving and analysis module, and 3) multi-agent reinforcement 

learning module. The simulation-based game platform supports multi-paradigm modeling, such 

as agent-based modeling, discrete-event simulation, and system dynamics modeling. The game 

solving and analysis module is designed to include various parts including strategy refinement, 

data sampling, game solving, equilibrium conditions (e.g. existence and uniqueness), solution 

evaluation, as well as comparative statistics under varying parameter values. The learning 

module facilitates the decision making of each supply chain competitor under the stochastic and 

uncertain environments, where different learning strategies can be incorporated with trade-off 

balance between exploration and exploitation, learning rate with different decay patterns, and 

eligibility trace/replacing trace. The proposed integrated framework is illustrated for a supply 

chain system under the newsvendor problem setting in several phases. At phase 1, an extended 

newsvendor competition considering both the product sale price and service level under an 

uncertain demand is studied. Assuming that each retailer has the full knowledge of the other 

retailer’s decision space and profit function, we derived the existence and uniqueness conditions 

of a pure strategy Nash equilibrium with respect to the price and service dominance under 

additive and multiplicative demand forms. Furthermore, we compared the bounds and obtained 

various managerial insights. At phase 2, to extend the number of decision variables and enrich 

the payoff function of the problem considered at phase 1, a formal modeling architecture of 

service-oriented simulation integration platform for shop floor and enterprise level operations is 

firstly discussed. Then, a hybrid simulation-based framework involving systems dynamics and 
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agent-based modeling is presented. To overcome the challenges of resolving such a large-scale 

simulation-based game, a novel procedure is proposed, where the procedural components include 

strategy refinement, data sampling, gaming solving, and performance evaluation. Various 

numerical analyses based on the proposed procedure are presented, such as equilibrium accuracy, 

quality, and asymptotic/marginal stability. At phase 3, multi-agent reinforcement learning 

technique is employed for the competition scenarios under a partial/incomplete information 

setting, where each retailer can only observe the opponent’ behaviors and adapt to them. Under 

such a setting, we studied different learning strategies (e.g. greedy policy and softmax policy) 

and learning rates with different decay patterns (e.g. exponential decay and polynomial decay) 

between the two competitors. Furthermore, the convergence issues (e.g. condition and speed) are 

discussed as well. Finally, the best learning strategies under different problem scenarios are 

devised. 
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CHAPTER 1 INTRODUCTION 

 

Inventory management has been extensively studied for several decades with lots of 

outstanding research milestones achieved. In recent years, inventory related decisions have been 

intensified in the supply chain context through interconnected enterprise boundary, advanced 

information technology, as well as globalization. To maintain the strategic advantage of a 

company, inventory management decisions have to be addressed considering various influencing 

factors from supply chain members, such as 1) adding customer service level, 2) demand pattern, 

3) product price, 4) supply lead time, and 5) quality into the inventory decision making. In 

addition, the competitions among horizontal and vertical members make the decision making 

process much more complicated. 

A major interest of this dissertation research is to study the inventory control and supply 

chain management of products with a short life cycle. Similar problem settings can be 

formulated as the newsvendor problem in a fundamental way, which is originally a single period 

inventory control problem. However, as the decision variables increase (e.g. including product 

price and customer service into consideration) under a sophisticated decision environment (e.g. 

competition involved), such a problem becomes complex and the closed-form solutions usually 

are difficult to be obtained. From the research perspective, it is very important to establish the 

solution conditions as well as competitive statics with respect to varying parameter settings. It 

helps to gain insights about the solution quality as well as further model development. 

Among various decision variables, different ones play different roles under distinct 

supply chain scenarios. Usually, most analytic models restrict the impact factors for the sake of 

analytic tractability. It is noticed that the open literature desires a synthesis platform for 

simultaneously incorporating various factors (e.g. customer service level, demand pattern, 
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product price, supply lead time and quality) and achieving a realistic modeling capability. The 

platform should be flexible to adjust the usage of different impact factors under different 

problem settings. The platform should also be able to extract the significant impact factors and 

key system performance indexes pertaining to different modeling and practical requirements. 

Once such a platform is established, it will allow us to further investigate the analytic properties 

associated with it, and the accuracy and stability of results generated based on it. 

Furthermore, as the product life cycle keeps shortened due to the technology 

advancement and information exchange, these impact factors are subject to dynamic changes 

over time. For example, the price of electronic products keeps reducing while their quality 

improves. In addition, competition and collaboration among multiple stakeholders (considering 

symmetric and asymmetric information) make the decision making situation more sophisticated. 

These changes in the supply chain provide additional challenges to the modeling perspective. 

Markov decision process (Bellman, 1957; Howard, 1960; Puterman, 1994) is a powerful tool for 

tackling such a problem in inventory management research. Although it has been adopted by 

some researchers, the competitive version of Markov decision processes, which is intended to 

solve issues in competition, collaboration and mixed situation among supply chain members, are 

not widely utilized. A model-free approach (Sutton & Barto, 1998) is of particular interest to this 

dissertation, due to its potential benefits such as 1) ability to tackle a large number of states and 

actions in the considered problem, and 2) extensibility to multiple agent cases, and 3) easy 

integration with the simulation and game-theoretic framework.  
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1.1 Problem Statement and Scope 

This dissertation aims to develop an integrated simulation, learning and game-theoretic 

modeling approach for analyzing supply chain operations (i.e. inventory control, price 

determination, collaboration/competition) considering both horizontal and vertical members. The 

developed framework and system have a high potential to be utilized by those stakeholders, 

which usually receive product supplies from the upstream, satisfy the customer demand at the 

downstream, and meanwhile competing their market share and profit among similar types of 

companies. This dissertation research starts by focusing on one stream of important inventory 

management problem – newsvendor problem. The newsvendor problem has various applications 

in perishable or obsolete product inventory management. Such a problem was well recognized 

having the similar significance as the inventory management problem for general commodity 

(Silver, Pyke, & Peterson, 1998).  

The established framework helps to build realistic models of the real world, and identifies 

key impacting factors and performance indicators under various supply chain scenarios. In 

addition, as the potential solution conditions can be established, the solution quality in terms of 

accuracy and stability can be investigated so as to shed managerial insights for the real 

applications. Furthermore, the platform also suggests the abstract system state levels and action 

values for learning, which facilitates decision making under a partial/incomplete information 

setting. 

 

1.2 Research Goals 

To meet the goal of this Ph.D. dissertation, the following detailed objectives are 

identified:  
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 The first objective is to extend the traditional newsvendor problem to the competitive 

newsvendor problem (e.g. through price or inventory), which is a major category of 

extended newsvendor problems. However, most studies were based on the static analysis, 

and how the competition/collaboration evolves over multiple periods has not been fully 

investigated. Another aim is to study the effects of key influencing factors, which can be 

addressed via the proposed integrated framework.  

 Traditional game-theoretic modeling approaches involving a limited number of strategies 

and closed-form payoff functions cannot capture a rich set of behaviors and company’s 

profit. Simulation can be used to enrich the game environments (e.g. attribute type, 

strategy space and payoff) and estimate the various key parameters and variables during 

the game playing. The objective is to develop a simulation-based game platform and 

corresponding game solving and analysis approach, to overcome the drawbacks of 

traditional game-theoretic analysis in the supply chain and inventory management 

context. 

 To mimic the realistic behavior of companies and market, another objective is to employ 

the multi-paradigm simulation modeling approach. To this end, systems dynamics 

modeling technique is applied to represent supply chain activities (e.g. production, 

inventory control, and pricing determination) of competing companies, while agent-based 

simulation is used to mimic customer purchasing behaviors considering advertisement 

and promotion effects in the consumer social network. Note that the simulation models 

can be distributed in different computers, and then integrated via time synchronization 

and data exchanges.  

 The fourth objective includes enhancing the traditional static game based analysis, whose 
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major assumptions are players observe all the information from others and environment 

(complete information assumption), and make decisions at the same time. However, there 

exist scenarios, where 1) certain information (e.g. demand) may not be fully shared 

among different players, 2) different players (e.g. supplier and retailer) in the supply 

chain make decisions in a sequential manner, and 3) the game evolves to a different 

system state after the current round of playing. In this research, the dynamic and 

stochastic games are employed to address these issues. 

 The reinforcement learning and multi-agent reinforcement learning belongs to the model-

free approach for solving Markov decision processes and stochastic game, respectively. 

The objectives here include developing a learning mechanism (e.g. action selection 

policy and multi-agent interactions) to address competitive newsvendor inventory control 

problems over dynamically changing situations, and deploying the learning algorithm 

(together with the integrated simulation and game-theoretic platform) by balancing the 

exploration and exploitation (e.g. learning optimality and speed issue). 

 

1.3 Organization of the Remainder of the Dissertation 

The remainder of the dissertation is organized as follows. Chapter 2 presents an extensive 

literature review of related research topics associated with this dissertation, which include 

extended newsvendor problem, hybrid simulation integration platform, simulation-based game, 

and multi-agent reinforcement learning. Chapter 3 discusses the extended newsvendor 

competition problem considering the product price and company service level simultaneously 

under an uncertain demand (i.e. additive and multiplicative demand forms). The existence and 

uniqueness conditions of a pure strategy Nash equilibrium are discussed together with the 
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mathematical proofs. Furthermore, the comparative statics and numerical experiments are 

presented as well. Chapter 4 discusses the formal modeling technique for integrated simulation 

platform, where the service-oriented architecture is considered for the illustration purposes. 

Various service components around the integration architecture are discussed such as service 

decomposition, identification, interfaces, data model, and choreography. Lastly, the web service 

is discussed in details for implementing the simulation integration platform. Chapter 5 presents 

the integrated simulation-based game platform considering various supply chain and marketing 

activities. In addition, to solve the simulation-based game, procedures involving strategy 

refinement, data sampling, game solving and solution evaluation are discussed. Chapter 6 

addresses the learning issues involved with the competition of multiple retailers. Different 

learning strategies are discussed and extensive experimental results are presented therein. 

Chapter 7 provides the summary of this dissertation and discusses the future research directions.  
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CHAPTER 2 BACKGROUND AND LITERATURE REVIEW 

 

In this chapter, a comprehensive summary of literature related to this dissertation is 

presented. Specifically, the following four topics are discussed: 1) extended competitive 

newsvendor problem, 2) integrated simulation and game-theoretic modeling approach, 3) 

distributed simulation modeling for inventory and supply chain management, and 4) stochastic 

game and multi-agent reinforcement learning. For the extended competitive newsvendor 

problem, three categories are discussed in details including supplier impact, demand structure 

and competitive newsvendor setting. For the integrated simulation and game-theoretic modeling 

approach, the emphases are the simulation-based game and the empirical game analysis. For the 

distributed simulation modeling for inventory and supply chain management, issues related to 

distributed simulation standards and service oriented architecture are addressed. Finally, the 

stochastic game and multi-agent reinforcement learning section focuses on both the theoretic and 

applied aspects of the topics presented therein.  

 

2.1 Background on Newsvendor Problem and its Extensions 

In today’s management of manufacturing and service operations, inventory management 

has been the key motivation for improving the industrial supply chain. The newsvendor model, 

which tackles to deal with the newsvendor problem first introduced in Hadley and Whitin 

(1963), has been proven to be one of most paramount tools in addressing inventory control 

problem (Denardo, 2001). The classical newsvendor problem is a single-period problem (SPP), 

in which the newsvendor faces an unknown and random demand when ordering. His choice is to 

select an order quantity from his supplier to better satisfy the demand, considering both the 

overage cost and the underage cost. The classical newsvendor model is used to decide the 
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optimal order quantity to the upstream supplier, with the objective of maximizing the 

newsvendor expected profit. The newsvendor problem has its applications across a broad areas 

including inventory management of perishable products, video cassette sales, fashion apparels, 

among others.  

Lots of research works have been pursued to extend the classical newsvendor problem 

over past decades, and those extensions still attract tremendous attentions to the research 

community currently. Khouja (1999) summarized various extensions of newsvendor problem 

including different objective functions, pricing/discounting policies of supplier and newsvendor, 

supplier random yields, demand patterns and information states, and multi-product, multi-period, 

multi-echelon models. Recently, Qin, Wang, Vakharia, Chen, and Seref (2011) provided an in-

depth review discussing the newsvendor problem involving the influences of 1) customer 

demand, 2) supplier pricing and stocking decision, and 3) buyer risk profile. One of the 

important future extensions pointed out by these review papers was the competitive newsvendor 

problem, which can be addressed considering factors such as price and inventory. 

The following survey concerns newsvendor problem with the following three major 

extensions: 1) supplier impact, 2) demand structure, 3) competitive newsvendor setting.  

 

2.1.1 Supplier Impact 

A summary of lot sizing (order quantity) problems was provided in Yano and Lee (1995) 

with random yields considering costs and yield uncertainty. The review includes single-stage 

continuous review model, single-stage periodic review model, and complex 

manufacturing/production systems. Dual-sourcing scenarios were considered in Parlar and Wang 

(1994) for both newsvendor and EOQ models under the random yield condition. The paper 
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demonstrated with the numerical example that the two sourcing plan has better supply chain 

performance than the single supplier case. The single-period production-inventory problem 

under the case that both demand and yields are random was explored in Inderfurth (2004), in 

which the solution is developed for uniform distribution (demand and yields). The paper also 

showed that the standard deviation of the order quantity received, which is later referred to in 

Rekik, Sahin, and Dallery (2007) as multiplicative errors, is proportional to the order quantity 

placed by the newsvendor. The work in Rekik et al. (2007) extended the idea in Inderfurth 

(2004) by considering two types of errors: multiplicative errors and additive errors. The paper 

provided a comprehensive review of single period inventory model considering supplier random 

yields. The paper also found that the results from various previous research papers are valid only 

under a particular system configuration with a range of parameters specified. Those different 

configurations under both uniformly and normally distributed random yields were classified in 

Rekik et al. (2007). The multi-product newsvendor problem under budget constraint with the 

extension of random yields was addressed in Abdel-Malek, Montanari, and Meneghetti (2008). 

The work in Keren (2009) discussed newsvendor problem under the random yields considering 

the supply chain integration concepts, in which the objectives of both producer (supplier) and 

retailer (newsvendor) were optimized.   

In addition, the relationship between supplier and retailer (newsvendor) has been studied 

via Stackelberg game approach (leader-follower game), the literature review in this paragraph is 

centered on Stackelberg game under the newsvendor setting via supply chain contract (e.g. price-

only contract, buy-back contract, revenue-sharing contract) between supplier and retailer. The 

revenue-sharing contract between manufacturer and competing retailers was studied in Yao, 

Leung, and Lai (2008a) via the Stackelberg game approach in a newsvendor environment. In 
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their study, they found that revenue-sharing contract outperformed the price-only contract in 

terms of supply chain profit and flexibility, but the profit for each individual supply chain partner 

varied according to demand variability and other system parameters. It was pointed out in Yao, 

Leung, and Lai (2008b) that an administrative cost should be considered in managing the 

revenue-sharing contract between the manufacturer and retailer so that more insights into the 

problem can be obtained. Both papers demonstrated in the experiments that the distribution of 

profits under the revenue sharing contract is in favor of the manufacturer. The newsvendor 

problem with one manufacturer and one retailer considering return-discount contract was 

investigated in Chen (2011), in which the Stackelberg game approach was applied with the 

manufacturer as the leader. The paper demonstrated that the contract facilitates the supply chain 

coordination with the improved supply chain profit and efficiency. The newsvendor problem 

considering two competitive retailers was studied in Serin (2007) using the Stackelberg game 

approach. The paper demonstrated the conditions under which the game leader’s profit does 

improve and does not improve. The work in Song, Ray, and Li (2008) showed some structural 

properties of buyback contracts under the Stackelberg game setting for the price-setting 

newsvendor. The newsvendor problem under customer return influence to the retailer’s ordering 

decision was resolved in Chen and Bell (2011). The paper concentrated on how to contract the 

buyback policy under the Stackelberg game setting, in which the manufacturer was the leader 

and the retailer was the follower. 

 

2.1.2 Demand Structure 

Traditional newsvendor assumes the customer demand is exogenous, which is an 

independent distribution. Various extensions have been studied in literature for the relationship 
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of demand with other factors including 1) market price, 2) marketing effort, and 3) stocking 

quantity. It is well known that by adjusting product selling price, demand can change 

accordingly. Whitin (1955), Mills (1959), Karlin and Carr (1962) are the early efforts for 

addressing the relationship between demand the product selling price. In general, there are two 

demand models considering the relationship between product price and customer demand: the 

additive demand form and the multiplicative demand form, which can be expressed in Equation 

(2.1) and (2.2), respectively. Inside the equation, D is the customer demand, p is the product 

selling price, a, b are the positive constants and ε is the random error (variable). Petruzzi and 

Dada (1999) have shown that the newsvendor problem with price has solution only under the 

hazard rate of demand function satisfies a certain relationship. The paper also provided the 

quantitative relationship between optimal ordering quantity and product price; however, the 

closed form relationship is difficult to be captured without knowing/assuming the exact demand 

distribution. Thus, two streams of research follow by either assuming a certain demand 

distribution such as normal distribution, uniform distribution, or applying a simulation-based 

algorithm such as Sample Average Approximation (SAA), Infinitesimal Perturbation Analysis 

(IPA) (Zhen and Shen, 2005).   

 
( )D p a bp   

 
(2.1) 

 
( ) bD p ap   (2.2) 

In addition, customer demand is influenced by different marketing efforts (e.g. 

advertising, promotion), which incurs cost in newsvendor company. Kraiseburd et al. (2004) 

addressed this issue, in which the cost per unit of marketing efforts was defined, and the trade-

offs between cost expenditure in marketing effort and profit increase were analyzed. Qin et al. 

(2011) identified some key findings: considering the marketing efforts, the optimal stocking 

quantity is positively related with the mean demand (demand variance is assumed unchanged); 
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under a particular condition, the decrease in demand variance can cause increase in the optimal 

stocking quantity. Furthermore, the relationship between demand and newsvendor stocking 

quantity has been well established in literature. It can be referred to as inventory competition in 

general, as the major assumption involved is that the demand change is mainly due to the stock-

out condition. There are two categories of stock depend inventory models in literature: 1) 

demand dependent only on initial stock level, and 2) demand as a function of instantaneous stock 

level. Lastly, the demand with combined effects of price and inventory has drawn some 

attentions recently. Qin et al. (2011) provided a comprehensive summary of demand with its 

associated factors, which can be organized as shown in Table 2.1.  

Table 2.1: Literature summary of demand with its associated factors in newsvendor problem 

Demand and product price 

(additive, multiplicative) 

Whitin (1955), Mills (1959), Karlin and Carr (1962), Lau and 

Lau (1988), Polatoglu (1991), Petruzzi and Dada (1999), Chen, 

Yan, and Yao (2004), Arcelus, Kumar, & Srinivasan  (2005), 

Zhan and Shen (2005) 

Demand and marketing effort Gerchak and Mossman (1992), Kraiseburd et al. (2004) 

Demand and stocking quantity 

(inventory) 

Baker and Urban (1988), Urban and Baker (1997), Cachon 

(2001), Dana and Petruzzi (2001), Mahajan and van Ryzin 

(2001), Urban (2002, 2005), Netessine, Rudi, and Wang (2006), 

Geng and Mallik (2007), Balakrishnan, Pangburn, and 

Stavrulaki  (2008) 

Demand and combined effects 

of price and inventory 

Zhao and Atkins (2008), Zhao (2008) 
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2.1.3 Competitive Newsvendor Problem 

Lippman and McCardle (1997) were among the first to study the competitive newsvendor 

problem considering the demand allocation mechanism. They studied four different demand 

splitting rules, named deterministic splitting, simple random splitting, incremental random 

splitting, and independent random demands. They examined these rules under both the duopoly 

and multi-player competition involving newsvendor-type retailers, where they found that the 

existence and property of equilibriums depend significantly on the demand splitting rule used. 

Petruzzi and Dada (1999) firstly added the pricing consideration into the inventory decision 

through mathematical formulation, which opened up the analysis of price competition among 

newsvendors since then. They mainly studied the additive and multiplicative demand forms, 

through which the conditions for the optimal stocking and pricing decisions were found. Zhan 

and Shen (2005) utilized the iterative algorithm and simulation-based algorithms for resolving 

the newsvendor problem with pricing; however, only the additive demand form was considered 

in their paper. Chen et al. (2004) studied the newsvendor competitions considering product price, 

where the existence and uniqueness of pure strategy Nash equilibrium were proved given the 

general multiplicative demand forms. At last, the paper pointed out that the newsvendor games 

considering both pricing and inventory decisions were to be explored. Zhao and Atkins (2008) 

was the first to investigate the newsvendor competition under both price and inventory decisions. 

They established conditions for the existence and uniqueness of pure-strategy Nash equilibrium. 

In addition, they found that 1) when inventory competition dominates, newsvendor-type retailers 

set higher product price and higher safety stock levels; 2) when the product price competition 

dominates, newsvendor-type retailers set lower product price and lower safety stock levels; 3) 
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when both competition are balanced, competing retailers set lower product price and higher 

safety stock level. Nagarajan and Rajagopalan (2009) considered the multi-period newsvendor 

duopoly competition via stocking decisions. They found the decoupling conditions where the 

two newsvendors make stocking decisions independently. Furthermore, the Nash equilibrium 

found in the single-period was extended into multi-period inventory control, and the results 

showed that the demand substitution effects could be ignored without impacting the equilibrium. 

In addition to considering price competition only, some researches have focused on price-

service competition. Bernstein and Federgruen (2004a) studied the price-service competition in 

three scenarios: (1) price competition given exogenously chosen service level, (2) simultaneous 

price and service level competition, and (3) two-stage competition in which the firms compete in 

terms of price and service level in two stages. They studied those scenarios using three types of 

demand models: attraction models, linear models and Log-separable models. They found that 

Nash equilibrium exists in the first two scenarios for all the demand models. For the third 

scenario (two-stage game), they found that the break-even service level is the unique Nash 

equilibrium and also the dominant solution in the first stage game. Bernstein and Federgruen 

(2005) studied contract design in a one-supplier and multi-retailer supply chain. They first 

studied the noncompeting retailer scenario, for which they found a linear price discount sharing 

scheme can result in a perfect coordination. They further studied competing retailer scenario in 

which one retailer’s demand is dependent on both its own and its rivals’ retail prices, and found 

the conditions for the existence of Nash equilibrium. They concluded that a constant wholesale 

pricing scheme has application constrains while price discount sharing scheme is applicable to a 

broader scope of supply chain configurations. Giri and Maiti (2014) studied service-price 

competition between two retailers that purchase products from the same supplier. They assumed 
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that the supplier’s yield is uncertain and both retailers can purchase products from open market 

at a higher price than the supplier’s wholesale price. They found the equilibrium conditions for 

Stackelberg games with cooperating retailers and competing retailers. The analyses suggest that 

the retailers can achieve higher profit in the cooperation scenario than in the competition 

scenario. Some research also considered loss aversion behaviors instead of assuming all the 

supply chain members are risk-neutral. Xiao and Yang (2008) studied price-service competitions 

between two supply chains and each supply chain consists of one risk-neutral supplier and one 

risk-averse retailer. They found that one retailer’s service investment substantially affects the 

other retailer’s decisions (e.g. retail price and service level). Moreover, one retailer’s risk 

sensitivity and demand uncertainty influence the profit of the supplier in the rival supply chain 

but have little impact on the rival retailer’s order quantity. They suggested that the supplier 

should consider the retailer’s risk preference in setting the optimal wholesale price in order to 

maximize the expected profit. Yang, Xiao and Shen (2009) studied price-service-lot size 

competition in a single-supplier and two-loss-averse retailer supply chain. They proved the 

existence of EOQ equilibrium and investigated the effect of the retailers’ risk sensitivity on the 

supplier’s and retailers’ decisions. They found that the risk sensitivity has negative effects on the 

retailer’s retail price, service level and lot size. Moreover, one retailer’s optimal retail price and 

service level are negatively correlated with its rival’s service investment efficiency. In addition 

to solving operational level problems, price-service competition has also been considered in the 

strategic level planning. Rezapour and Farahani (2014) studied a competitive supply chain 

network design problem via a linear 0-1 fractional programming model. They considered the 

external rival supply chain competition and pursued the optimal supply chain structure and price-
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service level decisions. They emphasized the importance of including operation decisions (e.g. 

price and service level) in achieving optimal supply chain network design.  

The research gaps for the competitive newsvendor problem are described in this 

paragraph. Firstly, it is not well understood whether the results under static analysis for a 

particular competition scenario (e.g. through price) is extendable over multiple periods under 

different competing situations. If yes, it will be interesting to see whether the action policy is 

deterministic or stochastic, stationary or non-stationary; if no, the resisting factors need to be 

found. Secondly, simultaneous competition considering multiple related factors needs to be 

investigated. In general, competition over more than one factor can easily lose mathematical 

tractability, which motivates the usage of other approaches (e.g. learning). Currently, only Zhao 

and Atkins (2008) addressed the newsvendor competition considering two factors (i.e. stocking 

and pricing) simultaneously, but they assumptions include linear cost and certain price related 

demand forms. 

 

2.2 Integrated Simulation and Game-theoretic Modeling Approach 

The game theoretic approach has been applied in literature to address strategic decision 

problem in supply chain and marketing activities, where the studies mainly focused on the 

relationships between stakeholders within the supply chain system. For manufacturing strategy, 

Zhang and Huang (2010) investigated platform commonality and modularity strategies in a 

supply chain consisting of a single manufacturer and multiple cooperative suppliers. They 

derived the optimal ordering and pricing decisions for the two-moves dynamic game according 

to Nash’s bargaining model and developed an iterative algorithm to find the subgame perfect 

equilibrium. They found that a supply chain with cooperative suppliers is more effective by 
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using the lot-for-lot policy and more competitive by accommodating higher product variety. For 

logistics/inventory control strategy, Yu, Liang, and Huang (2006) studied Stackelberg game in a 

Vendor-Managed Inventory (VMI) supply chain consisting one manufacturer as the leader and 

heterogonous retailers as followers. The research proposed a 5-step algorithm to reach the 

Stackelberg equilibrium and demonstrated 1) the significant influence of market-related 

parameters on manufacturer’s and retailers’ profit, 2) higher inventory cost does not necessarily 

lead to lowing retailers’ profit and 3) equilibrium benefits the manufacturer. The pricing and 

marketing strategies have been studied in an integrated manner in some literature works. Parlar 

and Wang (1994) studied the discounting strategy in a game involving one supplier with multiple 

homogeneous customers. They demonstrated that both seller and buyers can improve their own 

profit by using a proper discounting strategy. A similar game was also studied by Wang and Wu 

(2000). The difference was that the customers in this study were heterogeneous, and a price 

policy was proposed, where seller offers price discount based on the percentage increase from a 

buyer’s quantity before discount. The proposed policy was demonstrated to provide benefits for 

venders compared with the one based on buyer’s unit increase in order quantity. Esmaeili, 

Aryanezhad, and Zeephongsekul (2009) proposed seller-buyer supply chain models considering 

pricing and marketing strategic decision variables such as price charged by seller to buyer, lot 

size, buyer’s selling price, and marketing expenditure. Both cooperative and non-cooperative 

relationships between the seller and buyer were modeled assuming Seller-Stackelberg and 

Buyer-Stackelberg, respectively. The experiment results showed both optimal selling price and 

marketing expenditure were smaller in the cooperative game. While these works have provided 

theoretic guidance for addressing strategic decision making problems using a game theoretic 

approach, they face limitations in 1) expanding the decision space and involving multiple 
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interacting decisions, 2) efficiently obtaining accurate payoffs for a large strategy space under 

real case scenarios. 

 

2.2.1 Simulation-based Game 

 Most recently, simulation-based games have been employed to analyze complex 

interactions of players in the areas of supply chain (Collins et al., 2004), combat (Poropudas & 

Virtanen, 2010), financial market (Mockus, 2010), subcontractor selection (Unsal & Taylor, 

2011) and pedestrian behaviors (Asano, Iryo, & Kuwahara, 2010). An advantage of this 

approach is that simulation is capable of modeling the detailed players’ behaviors, their 

interactions as well as the external environment impacts. Hence, results from simulation are 

comprehensive and can be used for further detailed analysis. The next paragraph mainly surveys 

the past research works that have formed a basis for the simulation-based game related to this 

dissertation: systems dynamic modeling on supply chain operations and agent-based simulation 

modeling on marketing activities.  

Concerning the simulation model for integrating the supply chain operations and 

marketing activities, different researchers have developed scenarios with distinct settings 

according to their own conveniences. To unify them under a coherent framework, we refer to the 

systems dynamic models in Sterman (2000) that involve labor utilization, raw material logistics, 

production process, final production inventory control and so on. Furthermore, the consumer 

purchasing motivation and decision can be influenced by three factors (Kotler and Keller, 2007): 

1) personal (price sensitivity and quality sensitivity); 2) social (adoption from word of mouth by 

reference groups and follower tendency and advertisements); and 3) psychological (perception 

and susceptibility to advertisement). Agent-based simulation is a powerful tool, which has been 
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used by various researchers in pedestrian behaviors (Xi & Son, 2012), emergency evacuation 

(Lee, Son, and Jin, 2010), social network analysis (Celik et al., 2011, 2012), and unmanned 

vehicle applications (Khaleghi et al., 2013a, 2013b, 2014). For the consumer marketing, agent-

based simulation can not only explore how and why consumers made the decision of purchasing 

certain products (North et al., 2010), but also evaluate the overall system performance without 

sacrificing enough details on interdependency issues among company marketing behaviors. 

Previous researchers (Jager, Janssen, and Vlek, 1999; Adjali, Dias, & Hurling, 2005; Yoshida et 

al., 2007) have dealt with personal, social and psychological factors involving agent-based 

simulation technique. The consumer behavior modeled in agent-based simulation can be coupled 

with the supply chain model to generate the market share and actual demand over time.       

 

2.2.2 Empirical Game Analysis 

Previous literature works related to the general empirical game analysis are summarized 

below. A seminal research work in empirical game analysis was presented in Wellman (2006), 

who decomposed the empirical game-theoretic analysis into three basic steps: 1) parameterize 

strategy space, which means to generate a set of candidate strategies from all available strategy 

sets that are mostly computationally intensive and costly ineffective, 2) estimating the empirical 

game, which is aimed to construct empirical payoff matrix via simulation for the simplified game 

restricted to the candidate strategies, and 3) analyzing (solving) the empirical game, and 

assessing the solution quality with respect to the original full game. For parameterizing strategy 

space, several baseline approaches are available in Wellman (2006): 1) truthful revelation, 2) 

myopic best response, and 3) game tree search. These methods have been applied in various 

empirical games including multi-player chess game (Kiekintveld, Wellman, & Singh, 2006). For 
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estimating the empirical game, two approaches exist in the literature, including direct estimation 

and regression. The first approach treats the observations as direct evidence for the payoffs of 

each player’s strategy profile, while the idea of second method is to apply regression to fit an 

estimated payoff function over the entire profile space given the available data (Vorobeychik, 

Kiekintveld, & Wellman, 2006). The goal of analyzing the empirical game is to find the pure and 

mixed strategy equilibrium firstly, and then to apply appropriate methods (e.g. statistical bounds) 

to gain insights into the original full game. Degree of game-theoretic stability is always used to 

provide a ε-Nash equilibrium. 

To construct the empirical game, payoff sampling from the game simulator is a key step. 

Sampling uniformly doesn’t yield the optimum solution due to the sampling resource waste on 

the non-promising payoffs. Russell and Wefald (1991) was one of early efforts to suggest 

general principles for evaluating the computation value in sampling, in which expected value of 

computation (EVC) under each information state is defined. EVC assesses the utility 

improvement by taking a particular sampling action with the new information state. However, 

researchers criticized that EVC doesn’t consider the quality of the utility function. The evolution 

based on EVC was proposed by Walsh, Parkes, and Das (2003), in which estimated value of 

information (EVI) and expected confirmation value of information (ECVI) were defined. EVI 

relaxes one key assumption in EVC in terms of sampling sequence; however, the computational 

cost of each step in EVI is non-trivial and its utility estimate is suboptimal. Another alternative 

with a lower computational overhead proposed in Walsh et al. (2003) is ECVI, which captures 

the relationship between sampling size and expected error reduction. The paper demonstrated 

that ECVI converged faster than EVI given the same number of samples, and they both 

outperformed the uniform sampling approach. Under certain condition, ECVI may generate 
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wrong solution as pointed out in Vorobeychik (2008). Other heuristic approaches are available in 

Sureka and Wurman (2005) and Jordan, Vorobeychik, and Wellman (2008). Sureka and Wurman 

(2005) used TABU best response algorithm for sample selection with noise-free simulation-

based game. Jordan et al. (2008) studied min-regret-first search (MRFS) proposed in 

Vorobeychik et al. (2006) and TABU search, and concluded that MRFS tends to perform better. 

Later on, Jordan, Schvartzman, and Wellman (2010) solved a special case of the profile selection 

problem to determine an optimal simulation sequence of strategy sets. The paper also clarified 

the differences between the profile selection problem (Jordan et al., 2008) and strategy 

exploration problem. Then, different exploration policies including random policy (RND), 

improving deviation only policy (DEV), best response policy (BR), softmax policy (ST) were 

discussed, followed by the experiments to compare their performances under different scenarios.   

 

2.3 Distributed Simulation Modeling for Inventory and Supply Chain Management 

2.3.1 Distributed Simulation 

According to the involvement of many complex and dynamic subsystems, simulation is 

often considered as an appropriate tool for the modeling, planning and evaluation of a large 

supply chain (Van der Zee & Van der Vorst, 2005). It is reasonable to analyze a large supply 

chain system by decomposing it into various sub-systems, which interact with each other when 

needed. Distributed simulation technology is suitable for modeling such type of sub-systems and 

their interactions (Misra, Venkateswaran, and Son, 2003). The application of distributed 

simulation technique on supply chain system was motivated by the intellectual property 

protection policy (Strassburger, Schulze, & Fujimoto, 2008). A monolithic supply chain 

simulation model is very often unable to be built, since each company in the supply chain is 
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averse to sharing its confidential data information and process details. Distributed simulation 

technology can facilitate the integration by connecting each member’s model as a black box via 

model interface (Strassburger et al. 2008). Under such scenario, the coordination of the activities 

of different members is supported via pre-agreed information release. Even in cases where 

confidentiality is not an issue, rapid integration of currently existing and dispersed simulation 

models is an advantage offered by distributed simulation technology as opposed to combining all 

models into a monolithic model, whose development might require large amount of time and 

cost. According to Terzi and Cavalieri (2004), by employing distributed simulation technology, 

the most common benefits obtained are reduction of overall simulation execution time in 

comparison with monolithic model, sharing of simulation workload and enhancement of 

tolerance of simulation failures.   

Distributed simulation has been applied to serve as a tool for support, analysis as well as 

decision-making in supply chains. Mertins, Rabe, and Jakel (2005) have utilized HLA for 

distributed supply chain simulations and XML for describing the node and interface 

specifications. Iannone, Miranda, and Riemma (2007) have proposed the SYNCHRO 

architecture for integrating and synchronizing different supply chain simulation models that are 

located geographically at dispersed places. In general, it is suitable for military or industry areas 

having the following characteristics: 1) high variability and stochastic conditions in the 

production or work environment, 2) complex operations and interdependency including large 

amount of handshaking processes, and 3) possibility of structural changes in the supply chain 

(Lendermann et al., 2003).   

The first distributed simulations proposed in Chandy and Misra (1979) could 

communicate through messages with neighbors, and the deadlock avoidance was demonstrated. 
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The concept of distributed discrete-event simulation and basic distributed simulation scheme was 

first proposed in Misra (1986). It was demonstrated in the paper that while discrete-event 

simulation may provide better performance by partitioning the monolithic simulation, as the 

shortcoming a deadlock may also be generated. A recent survey of architectures and standards in 

distributed simulation and future trends can be found in Strassburger et al. (2008). Among all the 

parallel and distributed simulation frameworks, High Level Architecture (HLA), originally 

developed by the US Department of Defense, is currently the most popular one and is defined 

under IEEE standard 1516. In HLA, the interactions between simulations are achieved via Run-

Time Infrastructure (RTI). A federation is defined as the integration of multiple simulation 

models connected via RTI, and each simulation model in it is referred to as a federate. A 

standard Object Model Template (OMT) is used by HLA as described in Lutz, Scrudder, and 

Graffagnini (1998). The times of various federates are synchronized through services provided 

by HLA (Fujimoto, 1998).  The details about each individual simulation model are hidden, and 

only the required information is exchanged via interactions (Kuhl, Weatherly, & Dahmann, 

1999). Other common terminologies involved in HLA include object, attribute, interaction, 

interface specification, and HLA rules, where their definitions can be found in Dahmann, Kuhl, 

and Weatherly (1998). Potential drawbacks of HLA summarized in Strassburger et al. (2008) 

were: no load-balancing mechanism, poor scalability, only syntactic interoperability support, not 

semantic interoperability, complex standard structure and time consuming to adopt and maintain.   

In this research, a state-of-the-art technology called web service was used to integrate 

geographically distributed simulation models, where each model mimics the operations of one 

supply chain member in concern. Web service is defined broadly as a communication approach 

among electronic devices over the web. A more formal definition of web service from the World 
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Wide Web Consortium (W3C) is: a software system designed to support interoperable machine-

to-machine interaction over network. The web service follows the prototype of standard protocol 

stack including HTTP serving as data transport media, SOAP XML for message format, WSDL 

for web service function description and UDDI for publishing the service online. Two major 

functionalities offered by distributed simulation are of particular interests (Riley et al., 2004): 1) 

time synchronization, and 2) interactions. The existing methods for time synchronization can be 

classified into three categories: 1) conservative, 2) optimistic, and 3) hybrid, where a summary of 

them can be found in Fujimoto (2001). Web service technology was demonstrated in Rathore et 

al. (2005) and Lee, Son, and Wysk (2007) to possess both the flexibility for customizing time 

synchronization methods and the simplicity for usage.   

 

2.3.2 Service Oriented Architecture 

Traditional manufacturing planning and control have gradually evolved from process-

oriented and object-oriented to service-oriented architecture (Bell, 2008; Service Oriented 

Architecture, SOA) in recent years. According to a report (SOA-based Service Buying Trends: A 

2006 Survey of U.S. Companies), there are several drivers for adopting service-oriented 

architecture in manufacturing industry, where the top 3 have been identified as 1) competitive 

advantage, 2) internal operational/process efficiency, and 3) dynamic business environment 

support. Service-oriented development of applications (SODA) helps to reduce the total IT 

expenses and increase ROI over the long run, when compared with the traditional client-server 

development approaches (e.g. rapid application development, architected model-driven, 

architected rapid application development). In addition, the saving amount tends to be 

exponential over time as the business service library enriches (Adams & McNamara, 2006). As a 
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result, service-oriented architecture provides a solution to integrate legacy systems for reusing 

them without much re-development over and over again as a new technology becomes available. 

Before applying the service-oriented architecture, various services (e.g. production planning, 

scheduling, and inventory control) and their interfaces should be considered and formulated 

explicitly first. Through such clearly designed services, the shop level operations have to be 

performed not only in a timely and cost-saving manner, but also in a coordinated way 

considering other functionalities. Failures in doing so will result in delay in the delivery of the 

final product and consequently, large penalties and even loss of contracts.  

Researchers have studied the structure, benefits, challenges and other related issues of 

service-oriented architecture. Schmidt, Hutchison, Lambros, and Phippen (2005) presented the 

essential features (e.g. key components, integration model, user roles) of Enterprise Service Bus, 

which manages and supports meth-data through usage patterns. Various usage patterns were 

described in details such as gateway pattern, event distribution pattern, service transformation 

pattern, and matchmaking pattern. Bieberstein, Bose, Walker, and Lynch (2005) explored 

various challenges (e.g. governance, economic, enterprise) to service-oriented architecture based 

IT transformation. Furthermore, a new organizational model called Human Services Bus (HSB), 

was proposed. The paper emphasized on IT systems, organizational structures, cultural 

transformation, and behavioral practices associated with such model structure. Papazoglou and 

van den Heuvel (2007) discussed Enterprise Service Bus with various functions and components 

associated with it. The paper also extended conventional service-oriented architecture for 

additional capability including service orchestration, provisioning, message security and service 

management. Bozkurt, Harman, and Hassoun (2009) conducted a survey related to the testing 

and verification of service-oriented architecture, where various testing perspectives were 
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considered including service-centric system testing, unit testing, fault-based testing, model-based 

testing, interoperability test, integration testing, collaborative testing, QoS testing, and regression 

testing. Guo (2012) studied standard approaches for simulation service composition in the 

service-oriented computing environment. The layered-framework was proposed including the 

infrastructure layer, execution engine layer, simulation service layer, simulation experiment 

layer, and graphical user interface layer. Various issues were discussed around the framework, 

and the wildfire spread simulation was used as an application in the work.  

Service-oriented architecture in production planning and control has been studied by 

several researchers. Karnouskos, Baecker, de Souza, and Spieb (2007) proposed web service 

based enterprise system integration via SOA-ready networked embedded devices. The paper also 

discussed the benefits (e.g. data availability, bidirectional communication) of such technique for 

reducing production costs and enabling manufacturing flexibility. Shen, Hao, Wang, Li, and 

Ghenniwa (2007) proposed an agent-based SOA for dynamic resource scheduling services in a 

collaborative manufacturing environment. Alvares, Souza, Teixeira, and Ferreira (2008) 

discussed web-based manufacturing management and control system, where customer can utilize 

manufacturing services via service-oriented architecture. Furthermore, a methodology was 

proposed to integrate different parts of product engineering via ERP, and the implementation of 

web-based shop floor controller was also discussed. Savio, Karnouskos, Wuwer, and Bangemann 

(2008) demonstrated how service-oriented architecture can provide the flexibility for optimizing 

the production plan dynamically. Jacobi, Hahn, and Raber (2010) presented an integrated 

service-oriented architecture and multi-agent system approach via model-driven method, where 

transformation from SoaML to DSML4MAS was utilized. The paper further demonstrated the 

effectiveness of the proposed approach in terms of increasing flexibility during planning and 
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scheduling in a section of a global respected steel manufacturer. Ollinger, Schlick, and Hodek 

(2011) focused on the methods and potentials for transferring service-oriented architecture from 

IT to automation. The process-oriented production planning was illustrated, and a technical 

demonstrator with the purpose to evaluate service-oriented architecture technology was 

discussed in the paper. Jung (2011) applied service-oriented architecture for service chain-based 

business alliance formation, where social network analysis was employed for studying the social 

relationships between services. However, a systematic modeling framework is needed, which 

will facilitate service orchestration, dynamic resource provisioning, information security, and 

service management. Furthermore, it will provide a coherent platform to support evaluations of 

various decisions (e.g. scheduling, inventory control) that arise in a manufacturing enterprise. 

 

2.4 Stochastic Game and Multi Agent Reinforcement Learning 

2.4.1 Competitive Markov Decision Processes (MDPs) 

This dissertation adopts the competitive version of Markov decision processes, also 

known as stochastic game (Shapley, 1953). The stochastic game can be viewed as extended 

Markov decision processes, where more than one agent is involved in the decision making 

process. The stochastic game can also be viewed as an extended version of matrix game, where 

each play will lead to a different game setting with updated players’ strategy set and payoff 

matrix values. Essentially, at each single state of decision making point, multiple players (instead 

of single decision maker) select their strategies in a game setting, and the resulting system 

circumstance and players’ payoff serve as the next system state and agents’ rewards, 

respectively. This process continues (the same as Markov decision processes) until encountering 
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an end state or requested stop. Different types of interactions (relationship) can be formulated 

among players including coordination, competition, and even a mixed of both.  

Littman (1994) was among the first to discuss the multi agent reinforcement learning 

approach for solving zero-sum stochastic game. He proposed the “minimax” operator for each 

agent, which was incorporated into the traditional Q-learning to get the Minimax Q-learning 

algorithm. Hu and Wellman (1998) proposed Nash Q-learning algorithm to solve the stochastic 

game, and the convergence issues were discussed in the paper as well. The two algorithms 

discussed above aims to learn the equilibriums in the stochastic game. Another important 

category concerns the best response learner, which means every agent learns the best response 

policy with respect to its competitors’ or collaborators’ strategies. Opponent Modeling Q-

learning proposed in Uther and Veloso (1997) and Joint Action Learning proposed in Claus and 

Boutilier (1998) belong to this category.  

 

2.4.2 Competitive vs. Coordinative Multi Agent Reinforcement Learning  

Agent interaction modeling is an important research topic in multi agent reinforcement 

learning fields. This section discusses the competition, coordination, and mixed case of multi 

agent reinforcement learning.  

The opponent modeling Q-learning algorithm (Uther & Veloso, 1997) belongs to the 

fully competitive multi agent reinforcement learning algorithms. The key feature of algorithms 

within this category is that an agent usually selects to optimize its own benefit under certain case 

scenario (e.g. worst, average) considering all its opponents’ behaviors. Take the opponent 

modeling Q-learning algorithm as an example, state-action counters (i.e. ( , )iC s a
, ( )n s ) are 

designed to record the opponent’s behavior and visiting count of all system states. The 
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information is used in Equation (2.3), which is to maximize the averaged Q-value of one agent 

considering all possible actions of its opponents.  

 
' ( , )

( ) max ( , , )
( )i i

i
a i ia

C s a
V s Q s a a

n s


    (2.3)  

The complete collaboration of multi agent reinforcement learning algorithm assumes that 

the behaviors of one agent and the corresponding reward information should be fully known to 

the other agent, which will result in the multi agent reinforcement learning algorithm behaving 

like single agent reinforcement learning. Instead, the focus is on the coordination category of 

multi agent reinforcement learning algorithm, in which the coordination graphs (Guestrin, 

Lagoudakis, and Parr, 2002) can be used to model the joint Q-values among agents. Though 

coordination graph, the system Q-function can be decomposed into various local components 

involving joint actions from coordinating agents. The following Q-function decomposition 

involves three local terms, which correspond to Figure 2.1.  

 1 1 2 2 2 3 3 3 1( , ) ( , ) ( , )Q Q a a Q a a Q a a  
 

 

Figure 2.1: Illustration for the collaboration version of multi agent reinforcement learning 

algorithm 
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Then the variable elimination algorithm can be employed, which works through 

optimizing the local Q-function by eliminating one variable at a time. In the above example, 

assuming the objective is to maximize the system Q-function, the first step will transform the 

original problem into the following: 

 
 

1 2, 1 1 2 3 1 2max ( , ) ( , )a a Q a a f a a
 

where,  
33 1 2 2 2 3 3 3 1( , ) max ( , ) ( , )af a a Q a a Q a a  . In this way, only the action sets of first two 

players will be considered. Then, assuming  
22 1 1 1 2 3 1 2( ) max ( , ) ( , )af a Q a a f a a  , the next task is 

to solve 
11 2 1max ( )af f a . As there are only three agents in this example, the algorithm stops 

here. Note that there exist other types of coordinated multi agent reinforcement learning 

formulation in literature, for the sake of emphasis purpose, the discussions are skipped.  

The fully competition and coordination categories of multi agent reinforcement learning 

algorithms involve symmetric players, who may compete or coordinate depending on the 

situations. The following discussion discusses a mixed case that involves both completion and 

coordination among players through the learning process. One asymmetric multi agent 

reinforcement learning algorithm belongs to this mixed category, where agents can be 

differentiated into two different groups such as leaders and followers. The competition exists as 

both groups of players aim to optimize their own Q-values. The coordination occurs inside each 

group of agents, and between the leaders and followers as well. To solve the matrix game in such 

setting, the Stackelberg equilibrium concept is usually applied in each state of the game. 

According to Kononen (2004), the first step is to find the core of the game, which maximizes the 

game payoff in the coordinated setting of all players. The next step involves determining the 

leaders’ action, and the followers’ response in a sequential manner (Stackelberg game solving 

procedure). Lastly, the process repeats for other states of the game until the solution converges.  
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2.4.3 Multi Agent Reinforcement Learning for Supply Chain Management 

The applications of reinforcement learning and multi agent reinforcement learning in 

supply chain context will be presented in the following paragraphs. Pontrandolfo, Gosavi, 

Okogbaa, and Das (2002) utilized the reinforcement learning algorithm for global supply chain 

management. Specifically, they formulated the problem of coordinating distributed production 

systems as Semi-Markov decision processes, and resolved through the SMART algorithm, which 

was originally proposed in Das, Gosavi, Mahadevan, and Marchalleck (1999). They considered 

the combination of backorders in different production systems as the system states, and the 

action set includes selecting suppliers and transportation modes. Chaharsooghi, Heydari, and 

Zegordi (2008) studied the coordination of supply chain ordering via reinforcement learning 

approach considering the MIT beer game setting. Two major uncertainty sources were 

considered: customer demand and lead time. They found that the reinforcement learning 

approach performs mostly better than the GA-based algorithm. Jiang and Sheng (2009) discussed 

cased-based reinforcement learning approach for inventory control considering the non-

stationary demand situation under the multi-agent supply chain setting. However, among 

different decision making agents, their interactions (e.g. coordination, competition) were not 

explicitly addressed. 

Greenwald, Kephart, and Tesauro (1999) studied several procedures for designing 

pricebot algorithms. They found that derivative following is efficient when there is no 

information about buyer responses or other sellers’ prices. When the expected buyer demand is 

known, game theoretic procedure is suggested for single period game. In iterated games, 

myoptimal strategy is suggested. Compared with above mentioned procedures, Q-learning 
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procedure has the most promising performance but the computation overhead is substantial. 

Dasgupta and Das (2000) improved derivative following procedures by adding a model 

optimizer algorithm that re-estimates the price-profit relationship for a seller more efficiently. 

Avsar and Baykal-Gursoy (2002) studied competitive inventory control of two retailers under 

substitutable demand, where the problem was formulated as a two-person general sum stochastic 

game. They found that the unique Nash equilibrium exists when retailers use stationary base 

stock policies given the linear ordering cost. However, only stationary demand distributions and 

product substitution probabilities were considered. In addition, the cooperation of retailers was 

not discussed in the paper. Tesauro and Kephart (2002) studied single-agent and multi-agent Q-

learning in price-quality, information-filtering and shopbot models, respectively. They found that 

one of the sellers using Q-learning against myopic opponents invariably achieves exact 

convergence to the optimal Q-function and optimal policy against that opponent, for all allowed 

values of a discount parameter. They found in two models the exact or very good approximate 

convergence to simultaneously self-consistent Q-functions and optimal policies. Kutschinski, 

Uthmann and Polani (2003) studied multi-agent reinforcement learning in pricing strategy 

development and found that it converged to optimality compared with other fixed and co-

learning strategies. Ravulapati, Rao, and Das (2004) discussed a multi-agent reinforcement 

learning based approach for addressing a multiple retailer/warehouse inventory planning problem 

based on stochastic game. The decisions are separated into two stages, where inventory were 

replenished before and after demand occurs. The results demonstrated the agents can learn the 

coordinated inventory control policy to reach the overall optimal system profit. However, the 

convergence of the problem was not studied analytically. To solve the dynamic pricing problem, 

Narahari, Raju, Ravikumar, and Shah (2005) discussed four models including inventory based 
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models, data driven models, auction based models and machine learning based models (e.g. 

reinforcement learning), and demonstrated the advantage of reinforcement learning based 

approach in addressing the complexity of the system dynamics. Chinthalapati, Yadati, and 

Karumanchi (2006) demonstrated that Q-learning outperforms derivative following in the no 

information case. In addition, they proposed an actor-critic based learning approach for the 

partial information case. Könönen (2006) studied dynamic pricing problem using two multi-

agent reinforcement learning methods. The first method adopted modified gradient descent in the 

parameter space of the value function approximate. The second method utilized a direct gradient 

of the parameterized policy function. They demonstrated that the two learning methods have 

better convergence properties than single-agent learning method. Ryzhov, Valdez-Vivas, and 

Powell (2010) analyzed the optimal learning in the two-agent newsvendor problem, where a 

requesting agent and an oversight agent learn each other’s behavior to achieve the optimal 

system cost. It was found that a knowledge gradient algorithm performed best among three other 

action selection policies tested in the paper. The paper pointed out that additional methods were 

desired to reduce the algorithm runtime. Collins and Thomas (2012) compared three 

reinforcement learning approaches in a pricing game setting: SARSA, Q-learning and Monte 

Carlo learning. They found that the Q-learning and SARSA both outperform the Monte Carlo 

learning. The reinforcement learning roughly goes through several phases before reaching the 

convergence: following a random policy, following a near optimal policy; following a myopic 

policy; and following the expected solution policy. Recently, Boer (2013) provided a 

comprehensive literature review on dynamic pricing problem and learning approaches. 

This research focuses on developing unique learning mechanism involving different 

action selection policies and learning patterns, in order to address competitive newsvendor 
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problem considering stocking and pricing simultaneously. In addition, to deploy the learning 

algorithm (together with the integrated simulation and game-theoretic platform), the discussion 

on balancing the learning optimality and speed issue will also be provided. 
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CHAPTER 3 THE NEWSVENDOR COMPETITION WITH SALE PRICE AND 

SERVICE LEVEL UNDER DEMAND UNCERTAINTY 

 

In today’s management of e-retailing/service and business operations, providing a better 

service to the customers with different preferences plays vital roles in gaining a competitive 

position in the market. Usually, customers are not driven by only a single factor such as price, 

and various other factors (e.g. product quality, company service level) also play important roles 

in marketing and selling products. In the online retailing industry as an example, in additional to 

the price competition, the dominant competitor Amazon has won a large amount of market share 

based on its product quality assurance and superior delivery service (e.g. one-day/two-day 

shipping) compared with other competitors (e.g. barnesandnoble.com, ebay.com). In the airline 

industry, casual travelers place more preference for a lower price, while business customers 

focus more on the flight quality and service (e.g. flight schedule, on-time rate) in favor of the 

price. Food delivery (e.g. Pizza) usually promises a time arrival guarantee to earn customer 

loyalty given lots of choices by customers (Chinthalapati et al., 2006). Similar analogy occurs in 

other industries such as software retailing, hotel booking, and car rental. Customer service level 

as the percent of time products are available is becoming one of the key performance indexes (in 

additional to sales) for retail executives.  

Furthermore, product life cycle becomes shorter due to technology advancement, and 

product sale volume increases due to various marketing and sale channels. Under this 

circumstance, the traditional newsvendor model becomes paramount when it’s considered 

together with other decision variables mentioned in the previous paragraph (e.g. product price, 

service level). The value of the newsvendor-type product lasts only a short amount of time, 
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during which the products have to be sold or services have to be consumed. If the demand is 

greater than the supply during the selling period, lost sales are incurred and penalty needs to be 

provided to the unfulfilled demands. Over-booking for online retailing or failure to fulfill 

demand on time is penalized with full money-back or free-of-charge service (e.g. delivery) with 

additional benefits. Over-booking in the airline industry is resolved by providing a high stake of 

flight bonus to customers who can accommodate to a different flight schedule. If the demand is 

less than the supply, the end-of-period inventories are salvaged, and the associated costs of these 

products are afforded by the selling company itself. Such models have been studied for decades 

in the fields of production and inventory control. However, when it is combined with the 

simultaneous decision making of product price and service level considering potential 

competitors in the market, the problem has not been well understood and addressed. 

 

3.1 Problem Overview 

This chapter combines the traditional newsvendor problem with the competition scenario 

considering two dominant retailers deciding their product price and service level simultaneously 

under different information knowledge settings. Here, the “service” term is referred to as the fill 

rate (Nahmias, 1997), which represents the availability of product items to satisfy a random and 

unknown demand. Studies that adopted this concept have appeared in various models of 

production and inventory control systems. Essentially, the service term can be related to the 

production/storage capacity, where the ability to change it varies (e.g. airline industry vs. 

production). In general, newsvendor competition under multiple control variables (e.g. inventory, 

price, service level) is a challenging problem. It is important to find the conditions for which the 

competition with particular dominant factor has no solution, one solution and multiple solutions 
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to guide a real practice. However, in both practice and research fields, the issue has not been 

fully explored and understood due to the potential confounding effect of multiple factors and the 

mathematical complexity involved. This research is among the first to address the newsvendor 

problem considering the price-service competition under demand uncertainty.  

Given the full information assumption, each retailer is aware of the other retailer’s 

decision strategy/space, cost and profit structure. Thus, the existence and uniqueness conditions 

of a pure strategy Nash equilibrium are derived with either price or service dominant competition 

utilizing both additive and multiplicative demand forms, which are the mostly widely adopted 

demand uncertainty terms in the supply chain literature. Furthermore, it is shown that uniqueness 

condition is tighter than the existence condition of a pure strategy Nash equilibrium. Managerial 

insights about how the sale price and service level change with respect to the product wholesale 

price, overage salvage cost and underage penalty cost are drawn from the experiments. Table 3.1 

summarizes the nomenclature used throughout Section 3 of this dissertation. 

 

Table 3.1: Nomenclature of newsvendor competition with price and service 

Notation Explanation Notation Explanation 

pi Product sale price from company i o

ic
 

unit overage cost of company i 

w Product wholesale price u

ic
 

unit underage cost of company i 

v Product unit salvage value bi Demand base of company i 

y Product unit shortage loss qi Order quantity of company i 

h(ε) 
Probability density function (pdf) of 

demand error 
H(ε) 

Cumulative density function (cdf) of 

demand error 

di Deterministic demand of company i εi Demand error term of company i 
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Di 

ri 

csi 

αi ,βi 

Stochastic demand of company i 

Newsvendor critical ratio of company i 

Cost service ratio of company i 

Responsiveness of retailer i’s demand 

to the price and service, respectively 

si 

ηi 

πi 

αij ,βij 

 

Service level of company i 

Service cost factor of company i 

Expected profit function of company 

i 

Competition intensity with regards to 

price and service, respectively 

 

The classical newsvendor model (Hadley & Whitin, 1963) is used to decide the optimal 

order quantity from an upstream supplier, with the objective to maximize the newsvendor 

expected profit. The demand is assumed to be an unknown and random. The end-of-period 

inventories will be salvaged, and the stock-out will be considered as lost sales. The profit of a 

newsvendor-type retailer can be described generically as follows 

( )

( )

px wq v q x if q x

pq wq y x q if q x


   
 

     

where 𝑥 represents the market demand. Furthermore, the product unit overage cost and underage 

cost, as well as the critical ratio (the solution to the traditional newsvendor problem) can be 

defined as follows: 

 o

i ic w v 
 

 u

i i ic p w y  
 

u

i
i o u

i i

c
r

c c



 

Before any further analysis, it is useful to define the demand function to be used 

throughout Section 3 of this dissertation. The stochastic demand function consists of a 
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deterministic term and a stochastic error term. The deterministic term is formulated as follows 

considering the product price and target service level of firm i (i=1, 2). 

  ,i i i i ij j i i ij jd b p p s s       p s                   (3.1) 

where 
1 2( , )p pp    and 

1 2( , )s ss   . Note that the similar demand function has also been adopted 

in Banker, Khosla, and Sinha (1998), Tsay and Agrawal (2000), and Bernstein and Federgruen 

(2004b, 2005), among others. 

In the profit structure, all the cost factors have been considered, which include 

opportunity penalty cost, salvage cost, and product purchasing cost. The product perceived cost 

by customers is considered as part of the product opportunity penalty cost. For the deterministic 

demand form, the following assumptions are required (Chen et al., 2004): 

 There are the minimum and maximum admissible values of price and service level. Given 

the maximum admissible value of price and minimum admissible value of service level, 

the demand is approaching to zero; given the minimum admissible value of price and 

maximum admissible value of service level, the demand is approaching to its maximum, 

which depends on the market structure (e.g. customer size, characteristics). 

 The deterministic demand is bounded, continuous, and differentiable with respect to the 

product price and service level. 

 The deterministic demand follows the first order derivative relationships: 
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 Furthermore, the increasing price elasticity can be assumed for the product price. 
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For the demand error form, we do not put restriction on it. However, Chen et al. (2004) 

assumes the increasing generalized failure rate, which captures the most common statistical 

distribution such as normal, exponential, and uniform distributions. In additional to the 

assumptions discussed before, below are some extra assumptions needed in order to make the 

linear demand structure holding true: 

 Such demand form requires the company service level to be factorized into the demand 

structure, which means the market demand will vary accordingly with the unit of 

company service level changes via using the service competition and responsiveness 

factors. 

 The market structure is fixed, which means the customer structure (e.g. size, characters, 

and interactions) is relatively stable. 

 Demand responsiveness to price (service) is greater than the demand competition 

intensity to price (service) (Banker et al. 1998). 

The stochastic error term can be constructed in different forms, where the most widely 

used ones are the additive and multiplicative error terms. Thus, to derive the existence and 

uniqueness conditions of Nash equilibrium, the discussions are separated based on additive 

demand structure and multiplicative demand structure under the full information case. Under the 

partial information case, the learning process does not necessarily to know the exact demand 

structures.  

 

 



58 
 

3.2 Existence of Pure Strategy Nash Equilibrium 

3.2.1 Additive Demand Form 

 Based on the previous discussion, by introducing the stochastic additive demand error 

term
i , the stochastic demand function can be written as the sum of a deterministic term and an 

error term shown as follows:  

    , ,i i iD d  p s p s  (3.2) 

where   0iE   . Then, the expected profit function given the two decision variables (i.e. 

product price and target service level) can be formulated as: 

    , ,i i i i i ip s E p s   

   
0

( ) (, , , ,) ( ) ( )
iq

i i i i i i i ip D w q v q D f D dD      p s p s p s p s
 

   , , ,( ) ( ) ( )
i

i i i i i i i i
q

p q w q y D q f D dD


      p s p s p s
 

After several steps of manipulations and simplifications (details are omitted), it can be found that  

            21
( , ) , , ,

2

o u

i i i i i i i i i i i i i ip s p w E D c E q D c E D q s 
 

     p s p s p s  (3.3) 

In Equation (3.3), the first three terms share the similar structure with the newsvendor 

problem formulation considering the price only, which are the expected profit from fulfilling all 

the demand, the expected overage cost and the expected underage cost. However, there are 

additional service related decision variable inside the first three terms, as well as the service cost 

investment in the last term. For the expected overage quantity in the second term and expected 

underage quantity in the third term in Equation (3.3)), it is easy to verify that the following 

equations hold (Petruzzi & Dada, 1999; Qin et al., 2011): 

    
 ,

0
,

i iq d

i iE q D H d 


  
p s

p s
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 ,

, 1
i i

i i
q d

E D q H d 



     p s

p s
          

On one hand, given the profit function (Equation (3.3)), each newsvendor determines the 

order quantity to maximize its own expected profit. Thus, the optimal order quantity with respect 

to the product price and target service level can be derived for each retailer. It is not difficult to 

show that the second order derivative of the expected profit function with respect to the order 

quantity is less than zero (Equation (3.4)).  

 
     

,
, 1 ,

i i o u

i i i i i i

i

d p s
c H q d c H q d

dq


       p s p s
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,
, , 0
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i i i i i i

i

d p s
c h q d c h q d

dq


     p s p s                    

Thus, the expected profit function is concave in the order quantity. So, the optimal order quantity 

can be found by setting the first order derivative of the expected profit (w.r.t. order quantity) 

equal to zero (i.e.  
 ,

0
i i

i

d p s

dq


 ). Then, the optimal order quantity can be obtained as follows: 

        * 1 1, , ,
u

i
i i i i i io u

i i

c
q p s d H d H r

c c

  
    

 
p s p s  (3.4) 

On the other hand, the target service level (i.e. fill rate) is defined as the lower bound of 

the order fulfillment rate, which is     , ,i i i i iPr q p s D s p s . This is equivalent to the 

following: 

    , ,i i i iPr q p s D p s
 

    , ,i i i i iPr q p s d   p s
 

    , ,i i i i iPr q p s d   p s
 

    , ,i i i i iH q p s d s  p s
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Thus, the ordering quantity satisfies the following inequality: 

      1, ,i i i i iq p s d H s p s                              (3.5) 

Combining Equations (3.4) and (3.5), the following optimal ordering quantity can be obtained: 

       * 1, , ,i i i i i iq p s d H max r s p s          (3.6) 

Finally, plugging the optimal order quantity, the demand function, the expected overage and 

underage costs and quantities into Equation (3.3), the expected profit function can be re-written 

as follows: 

    ,i i i i i i i i ij j i i ij jp s p w b p p s s           

    
  

 
  

1

1

,
2

0 ,

1
( ) 1

2

i i

i i

H max r s

i i i i i
H max r s

w v H d p w y H d s   






           (3.7) 

Given the “full information” assumption, at every decision making point, each firm 

selects its own price and service level vector, and then those decisions are made available to its 

opponent. Accordingly, the optimal order quantity of each firm can be determined (see Equation 

(3.7)) and it is further assumed that the deliver lead time is negligible relative to the length of 

selling season. Thus, provided that each firm is aware of the decisions (i.e. price and service 

level) and profit function of the other competitor, the existence and uniqueness conditions of the 

pure strategy Nash Equilibrium can be derived under such game setting.  

However, the expected profit function (see Equation (3.7)) brings difficulties to calculate 

the existence and uniqueness conditions, due to 1) bivariate decisions (i.e. price and service level) 

involved in the game, and 2) the uncertain relationship between ri and si in the expected overage 

and underage quantity terms. To overcome the first challenge, the quasiconcavity property of a 

function is utilized; to overcome the second challenge, the relationship between ri and si is 

classified into two different cases that are 
i ir s  and 

i ir s , and the corresponding existence and 
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uniqueness conditions are discussed separately (the equaling case 
i ir s  can be classified into 

either one of the two). In the following discussion, the derived bounds are given as theorems 

first, followed by the proofs showing the detailed derivation procedures. 

 

Theorem 1 

The pure-strategy Nash Equilibrium in the considered newsvendor game exists when either of 

the following two conditions is satisfied:  
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 when price dominates 

the competition (i.e. 
i ir s ), or  
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        when 

service dominates the competition (i.e. 
i ir s ). 

 

Proof: 

For the existence of pure strategy Nash Equilibrium, a sufficient condition is to show that 

the expected profit function is jointly quasiconcave (Fudenberg & Tirole, 1991). Furthermore, 

according to Lemma 1 in Zhao and Atkins (2008), to show the jointly quasiconcavity of a 

bivariate function ( ( , )f x y ), it is needed to prove that the function is quasiconcave given the 

linear relationship y mx k    holds for any real values m and k. 

When the price dominates the competition (i.e. 
i ir s ), a linear relationship 

i is mp k    can be defined with a certain combination of any real values m, k, and plug it into 

Equation (3.7). Then the following expected profit function can be obtained containing price as 

the single decision variable for retailer i: 
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The first and second order derivatives of this profit function with respect to price can be derived 

as follows: 
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To show the quasiconcavity of the expected profit function, it is required to show 
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 given any real value m (note that the second order derivative has the value k 

cancelled out), which is equivalent to the following inequality (after simplification): 
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Given the above quadratic function of m, and the coefficient of the quadratic term is less than 

zero (i.e. –ηi <0), the following condition is obtained to ensure the above inequality holds (recall 

that it requires 
2

1 3 2

1

4
0

4

a a a

a


   to ensure 2

1 2 3 0a z a z a   when 
1 0a  ): 

 

   
3

2
2

( )

4(

2
2 0

)

o

i i
i

o u
ii i i

c

c c h r









 


 



63 
 

which can be further simplified to the following: 
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 (3.8) 

Thus, a sufficient condition is obtained for the existence of pure strategy Nash equilibrium when 

price dominates the considered newsvendor competition. 

When the service level dominates the competition (i.e. 
i ir s ), a linear relationship 

i ip ns l    can be defined with a certain combination of any real values n, l, and it can be plug 

into Equation (3.7). Then the following expected profit function can be obtained containing 

service level as the single decision variable for retailer i: 
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Where, the first and second order derivatives of this profit function with respect to service level 

can be derived as follows: 
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Then, to show the quasiconcavity of the expected profit function, 
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is 

needed given any real value n (Note that the second order derivative has the value l cancelled 

out), which is equivalent to the following inequality (after simplification): 
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Given the above quadratic function of n, and the coefficient of the quadratic term is less than 

zero (i.e. –2αi <0), the following condition is obtained to ensure the above inequality holds: 
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which can be further simplified to the following: 

   
     

22

'
( ) (1 )

2

o u

i i i i i i i i

i

i i i

h s c c h s h s s
h s

cs cs

 



        (3.9) 

Thus, a sufficient condition is obtained for the existence of pure strategy Nash equilibrium when 

the service level dominates the considered newsvendor competition. The proof is complete. 

 

3.2.2 Multiplicative Demand Form 

In this section, the similar bounds as Theorem 1 will be derived under the multiplicative 

demand form. To this end, the demand function is reformed first as the multiplication of the 

deterministic term (  ,id p s ) and the stochastic demand error term (
i ) shown as follows: 

    , ,i i iD d p s p s   
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where   1iE   , and the expected profit function given the two decision variables (i.e. product 

price and service level) can be formulated as the same as Equation (3.3). However, the two 

expected overage and underage quantity terms are different, which can be expressed as follows 

(Karlin & Carr, 1962; Qin et al., 2011): 
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Similar to the calculation procedure with case of additive demand form, the first and 

second order derivatives of the expected profit function can be derived with respect to the order 

quantity as follows: 
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Thus, the expected profit function is concave with respect to the order quantity. Then, the 

optimal order quantity can be found by setting the first order derivative of the expected profit 

function (w.r.t. order quantity) equaling to zero. Then, the following equation can be obtained: 
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Similarly, the order quantity has to satisfy the following service constraint: 

      * 1, ,i i i i iq p s d H s p s   

Combining the above two equations, the following equation can be obtained: 

      * 1, , ,i i i i i iq p s d H max r s p s
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Note that similar relationship was established in Bernstein and Federgruen (2004a). Finally, 

plugging the optimal order quantity, the demand function, the expected overage and underage 

costs and quantities into Equation (3), the expected profit function can be re-written as follows: 

    ,i i i i i i i i ij j i i ij jp s p w b p p s s           
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Given the similar assumption and solving procedure with the case of additive demand 

form, a sufficient condition is obtained for the existence of pure strategy Nash equilibrium 

considering the multiplicative demand form. Before the theorem, the following equations (and 

notations) are needed and defined below: 
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Theorem 2 

Given the multiplicative demand form, the pure-strategy Nash equilibrium in the considered 

newsvendor game exists when either of the following two conditions is satisfied: 
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The proof procedure is very similar to the additive demand case, thus the mathematical 

details can be safely omitted. Comparing the results with the additive demand case, it is 

straightforward to find that the probability density function of the critical ratio share the similar 

pattern (the right-hand sides have the similar structure) under the price dominant competition 

scenario. However, additional terms (i.e.  ,id p s , ( )ig r ) exist in the multiplicative demand 

case. The effects of these terms can cancel out, which result in the similar bounds under the two 

demand cases. Under the service dominant competition scenario, the inequality signs are in 

different directions, which result in different bounds for existence condition. However, the right-

hand sides of two conditions share roughly similar patterns with additional terms  ,id p s  and 

( )ig r  involved, which helps inferring one of them after knowing the other. 

 

3.3 Uniqueness of Pure Strategy Nash Equilibrium 

3.3.1 Additive Demand Form 

Following the same assumption needed in deriving the existence condition for the pure 

strategy Nash equilibrium, this section aims to provide the uniqueness conditions for the pure 

strategy Nash equilibrium. Two different cases are provided for analysis with either the price or 

service dominant competition. While various approaches exist for deriving the uniqueness 

conditions for game equilibrium, the contraction mapping theorem is employed in this work due 

to its match with the problem setting and ease of use. Below the derived condition is first given 

by a theorem, followed by its proof. 
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Theorem 3: 

The pure-strategy Nash equilibrium in the considered newsvendor game is unique when the 

following conditions at the corresponding competition case are satisfied: 

 Case of Price Dominant Competition (i.e. i ir s ): 
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 Case of Service Dominant Competition (i.e. i ir s ): 
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Proof: 

Based on the contraction mapping theorem in Friedman (1990), a sufficient condition for 

the uniqueness of pure strategy Nash equilibrium in the current problem is to satisfy the 

following inequalities: 
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 (3.10) 
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 (3.11) 

Given the case of price dominant competition (i.e. i ir s ), the first order derivatives of 

the expected profit function with respect to price and service are as follows:  
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Then, the following second order derivatives of the expected profit function required in 

Equations (3.10) and (3.11) can be calculated:  
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Then, based on the conditions in Equations (3.10) and (3.11), the following inequalities (3.12) 

and (3.13) can be constructed accordingly: 
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Inequality (3.13) can be simplified to: 

 
i i   (3.14) 

To simplify (3.12), the equilibrium existence condition in Theorem 1 can be utilized: 
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Thus, the following can be obtained based on (3.12): 
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This can be further simplified to: 
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Here, it is assumed that 02 i ij i ij      .  

Given the case of service dominant competition (i.e. i ir s ), the first order derivatives of 

the expected profit function with respect to price and service are as follows:  
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Then, different second order derivatives of the expected profit function can be calculated:  

 2

2

,
2

i i i

i

i

p s

p





 


, 

 2 ,i i i

ij

i j

p s

p p







 
 

 2 , 1

( )

i i i i
i

i i

p s s

p s h s




 
 

 
, 

 2 ,i i i

ij

i j

p s

p s





 

 
 

and 

   

 

 
 

2 '

2 2

,
o u

i ii i i

i i

i

c cp s h s
cs

s h s h s





  


, 

 2 ,
0

i i i

i j

p s

s s




 
 



71 
 

 2 , 1

( )

i i i i
i

i i i

p s s

s p h s




 
 

 
, 

 2 ,
0

i i i

i j

p s

s p




 
 

Then, based on the conditions in Equations (3.10) and (3.11), the following inequalities can be 

constructed: 
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Inequality (3.16) can be simplified to: 
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To further simplify the left-hand side in (3.17), the equilibrium existence condition in 

Theorem 1 is utilized: 
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Thus, the following is obtained based on (3.17): 
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After some manipulations, the following inequality is obtained: 
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Finally, combining inequalities (3.14), (3.15), (3.18), (3.19) together gives the conditions needed 

for Theorem 3. The proof is complete. 

Next, the bound for equilibrium existence (right-hand side in (3.8), denoted as p_bound
(e)

) 

and the bound for the equilibrium uniqueness (right-hand side in (3.15), denoted as p_bound
(u)

) 

are compared, under the price dominant competition. Via the ratio form, it gives 
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This implies that under the price dominant competition, the uniqueness condition requires a 

tighter bound than the existence condition of the pure strategy Nash equilibrium.   

Furthermore, similar comparisons for the two bounds under the service dominant 

competition scenario can be made as follows: 

( ) ( )_ _e us bound s bound  
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The inequality also implies that there may exist more equilibrium between the two bounds, 

which is the same with the price dominant competition scenario. 
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3.3.2 Multiplicative Demand Form 

In this section, the uniqueness conditions for the pure strategy Nash equilibrium under 

multiplicative demand form are provided. Due to the similarity compared with the additive 

demand case and the length of this paper, the detailed mathematical proof is omitted for Theorem 

4. 

 

Theorem 4: 

Given the multiplicative demand form, the pure-strategy Nash equilibrium in the considered 

newsvendor game is unique when the following conditions in the corresponding case are 

satisfied: 

 Case of Price Dominant Competition (i.e. i ir s ): 
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 Case of Service Dominant Competition (i.e. i ir s ): 
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3.4 Comparative Statics 

To find the Nash Equilibrium considering the pure strategy, the derivatives of the 

expected profit for each newsvendor with respect to the product price and company service level 

are taken, and further let them equal to zero. That is  
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Under different demand error terms or different cost-service ratios, the corresponding equations 

for pure strategy Nash Equilibrium will be distinct, which results in different equilibrium points. 

Under the case of additive demand error term with negative cost-service ratio (
i ir s ) for 

player i and positive cost-service ratio ( j jr s ) for player j, the corresponding relationship can 

be written as follows: 
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Thus, the following equations can be derived (after eliminating pi and sj)  
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Then plugging the above two equations into 
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, the game with a single 

control variable can be derived for each player, with company i determining the service level and 

company j determining the product price. This transformation provides convenience to address 

the comparative statics in this section. 

To find the relationship between equilibrium(s) and changing parameters, various 

approaches (e.g. implicit function theorem) can be adopted. In this work, the supermodular game 

property (Cachon, 2004) is used to find the relationship between equilibrium(s) and changing 

parameters. Firstly, it is required to show that the transformed game with single control variable 

for each player is a supermodular game. To do so, the following derivatives are calculated: 
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Note that these two second-order derivatives are different from the ones found out in previous 

section, due to the elimination of pi and sj. Thus, to ensure the transformed game payoff is 

supermodular, the following two conditions are needed: 1)
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With these two mild conditions, we can ensure the transformed game is supermodular. 

Thus, to find the relationship of equilibrium(s) and changing parameters, the second-order 
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derivative of the two payoffs with respect to the corresponding parameter can be obtained first, 

and then their signs can be easily determined (i.e. positive or negative)  
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Thus, the equilibrium is decreasing with αi and αj. Other parameters can be derived in a similar 

manner, so the detailed calculation process is omitted. Table 3.2 shows a summary of 

comparative statics of different parameters under both additive and multiplicative demand error 

terms. 

 

Table 3.2: Summary of comparative statics under additive and multiplicative demand forms 

 αi αj αij αji βi βj βij βji ηi ηj 

Additive 

Demand Form 

- - + + + + - - - - 

Multiplicative 

Demand Form 

- - + + + + - - - - 

*    “plus” represents increasing relationship, “minus” represents decreasing relationship.  
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3.5 Numerical Illustrations 

For the illustration purpose, only the newsvendor competition under the additive demand 

form is used in the experiment. Furthermore, only the unique equilibrium case is emphasized as 

the focus is on how the price and service may be impacted by the varying parameter values (i.e. 

comparative statics). Based on the previous formulations, three competition scenarios are 

considered in the experiment: 1) price dominant competition, 2) service dominant competition, 

and 3) competition involving both price and service as dominant factors. When the price factor 

dominates the competition, both retailers will gain or lose profit by adjusting the price factor. 

The retailers are still able to change the service factors in the competition; however, its effect 

will be minor and ignorable. Thus, under this scenario, the price is treated as the only dominant 

factor and the service factor is ignored in the optimal order equation. Similar logic applies to the 

second scenario, where only the service factor is considered in the optimal order equation. Under 

the third scenario, both the price and service factors can influence the product profits. Table 3.3 

summarizes the parameter settings used in the experiments. 

 

Table 3.3: Experimental parameter settings of newsvendor competition with price and service 

 wi, wj v y bi, bj μ σ αi , αj αij, αji βi, βj βij ,βji ηi , ηj 

Scenario 1 5 2 3 800 0 50 100 20 100 20 1000 

Scenario 2 5 2 3 800 0 50 100 20 20 4 40 

Scenario 3 5 2 3 800 0 50 100 20 40 8 160 

*Scenario 1 represents price dominant competition; Scenario 2 represents the service dominant 

competition; Scenario 3 represents the price-service competition. 
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Most of the parameters were set as the same from the table above, except the service 

responsiveness, competition intensity, and service cost factor. Note that the service 

responsiveness and competition intensity parameters in Case 1 are 5 times larger than the ones in 

Case 2, and the service cost factor in Case 1 is 25 times larger than the ones in Case 2 (recall the 

service investment term 21

2
s  for this relationship). The experiments were designed intentionally 

as this way to illustrate the dominant effect of the price and service, separately. For the learning 

setting (i.e. Case 3), the service responsiveness and competition intensity parameters are 2 times 

larger than the ones in Case 2, so as the service cost factor in Case 3 is 4 times larger than the 

ones in Case 2. Such setting enables the price and service level to have similar dominant effects. 

Figure 3.1 illustrates the comparative relationship between the critical ratio and service 

level under the three set of parameters (i.e. Cases 1, 2 and 3) with varying market bases (i.e. from 

600 to 1000). From the figure, it can be observed that as the market base increases, both the 

product price and service level increase. However, the service level increases more significantly 

than the critical ratio (calculated from price) in all three figures. The results demonstrate that as 

the market base changes, the service level is more sensitive than the price. When the service cost 

efficiency is high (i.e. η is low), changing service level is more beneficial (Figure 3.1(b)). For 

Case 3 (Figure 3.1(c)), either the price or service dominant competition scenario can occur 

depending on the value of market base. 



79 
 

 

   (a)             (b) 

 

(c) 

Figure 3.1: Plot of critical ratio and service level under (a) price, (b) service, (c) price-service 

dominant competition with varying market bases 

 

Figure 3.2 demonstrates the demand and profit changing patterns under either price or 

service dominant competition with varying market base parameters. From Figure 3.2(a), it can be 

observed that the demand gradually reduces as the market base increases, and the changing 

patterns are quite similar under either price or service dominant competition. From Figure 3.2(b), 

it is concluded that the profit increases as the market base increases; however, under the price 
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dominant competition, the profit increases more dramatically. Figure 3.3 and Figure 3.4 

demonstrate the relationship of the profit with the price and service level under price and service 

dominant competitions, respectively, where the optimal profit points are depicted inside each 

figure. 

 

 

(a)      (b) 

Figure 3.2: Plots of (a) demand and (b) profit under either price or service dominant competition 

with varying market bases 

 

 

Figure 3.3: Plot of profits with price and service under the price dominant competition  
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Figure 3.4: Plot of profits with price and service under the service dominant competition 

 

Figure 3.5 illustrates the relationship between equilibrium existence bound and 

equilibrium uniqueness bound under different values of market bases. Under the price dominant 

competition scenario (Figure 3.5(a)), the areas above each line are the feasible regions, where the 

uniqueness bound (region above the red line) requires a strict (and narrow) condition compared 

with the existence bound (region above the blue line). Under the service dominant competition, 

the areas below each line are the feasible regions, where uniqueness bound also requires a strict 

condition compared with the existence bound. However, the two lines are almost overlapped 

with little differences. Figure 3.6 showed the similar relationship between equilibrium existence 

bound and equilibrium uniqueness bound under different values of product wholesale prices. The 

changing patterns in Figure 3.5(b) and Figure 3.6(b) tend to be non-linear, which is partially due 

to the quadratic form of the probability density function involved in the right-hand side of 

Equations (3.9) and (3.19). 
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(a)       (b) 

Figure 3.5: Comparison of equilibrium existence and uniqueness bounds under (a) price and (b) 

service dominance competitions with varying market base 

 

 

(a)      (b) 

Figure 3.6: Comparison of equilibrium existence and uniqueness bounds under (a) price and (b) 

service dominance competitions with varying wholesale price 

 

When the product wholesale price from supplier increases, there is a slight increase of 

product sale price to the customer (see Figure 3.7), and the decrease of retailer profit (see Figure 
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3.8). Such effect turns out to be more sensitive to the price dominant competition than the service 

dominant competition. Figure 3.8 demonstrates the profits under different demand variances and 

product wholesale prices with price and service dominant market competitions.  

 

 

 

 

Figure 3.7: Effect of product wholesale price to the sale price under the price and service 

dominant competitions 

 

From the figure, the profits of each company decreases with the increase of demand 

variance. However, the decreasing scale over time under the service dominant competition is 

significantly larger than the price dominant competition. As the wholesale price increases, the 

decreasing scale over time under the service dominant competition is significantly small than the 

price dominant competition. This is because under the service dominant competition, the service 

cost investment efficiency factor is relatively small, which indicates that the retailer can easily 
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adjust the service level to compensate the changes in price (e.g. increase service level to 

compensate the increase of price). Under the price dominant competition, the service investment 

is locked in, and it is very expensive to adjust the service level.  

 

 

 

Figure 3.8: Effect of product wholesale price to the profit under the price and service dominance 

competitions 

 

When the service cost efficiency factor increases (η decreases), the retailer’s profit 

increases. This is similar with the research finding in Yang et al. (2009), where a giant retailer is 

willing to improve their inventory control and tracking technology to increase the service 

investment efficiency that benefits the upstream supplier as well. Furthermore, when the product 

salvage value increases, the product sale price under the price dominant competition and the 

service level under service dominant competition increases (see Figure 3.9(a)), which explains 

that the products with a higher value at the end of selling period tends to be more expensive and 

involve better service guarantee. When the product penalty cost increases at the end of selling 
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period, the product sale price under the price dominant competition increases and the total 

expected profit decreases (see Figure 3.9(b)). However, under the service dominant competition, 

the company service level, product price and total expected profit are relatively insensitive to the 

product underage penalty cost (see Figure 3.9(b)). This explains that a higher price can 

compensate the higher product penalty cost, and the service level is very important for the loyal 

customers (e.g. business travelers in airline industry). 

 

 

 

(a)       (b) 

Figure 3.9: Plots of profits under price and service dominant competition with varying a) salvage 

gains and b) shortage losses 

 

3.6 Summary 

In this chapter, an extended newsvendor competition considering both product sale price 

and service level under demand uncertainty was discussed. Under both additive and 

multiplicative demand forms, the existence and uniqueness conditions for Nash equilibrium 
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under either price or service dominant newsvendor competition were derived, followed by the 

analysis of comparative statics. In the experiments, 3 case scenarios (price dominant 

competition, service dominant competition, and price-service competition) were considered, and 

the managerial insights were further discussed with varying market base, product wholesale 

price, overage and underage costs. The analyses conducted on the experiments are based on the 

symmetric setting of the two retailers. During the game play, each retailer may not select the 

same policy; but as the equilibriums are established, the duopoly retailers will converge to the 

same policy. Under this condition, each retailer has reached the optimal profit (either local or 

global) and has no incentive to deviate from their current action policy. Future research can 

extend the current work with the asymmetric competition parameter settings, which bring 

challenges for addressing the parameter interaction and confounding effects. 
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CHAPTER 4 FORMAL MODELING OF SIMULATION INTEGRATION PLATFORM 

FOR SHOP FLOOR AND ENTERPRISE LEVEL OPERATIONS 

 

The goal of this chapter is to establish the formal models of integrated simulation 

platform for different functionalities involved in the shop floor and enterprise level (supply 

chain) operations. To this end, the background on shop floor control system is firstly discussed. 

Then, an overview of simulation-based hierarchical integration platform is provided. 

Furthermore, significant amount of discussions are given to the service oriented architecture and 

system implementation. Finally, experimental study and results demonstrate the performance of 

web service and the benefits of simulation integration platform. 

 

4.1 Background on Shop Floor Control System 

In this section, the shop floor operations are discussed first, followed by the discussion on 

the enterprise level operations. A shop floor has several workstations, which are composed of 

different types of equipment. Details are provided in Steele, Son, and Wysk (2001) on the 

resource classes of the shop level embracing the equipment class (E), tools class (T), fixture class 

(F), instruction class (I), part class (P), facility class (R), connectivity graph (CG), locations and 

ports (LP), and so on (See Equation (4.1)). Based on the definition in Wysk, Peters, and Smith 

(1995), the equipment class (E) includes the functionality of material processing (MP), material 

handling (MH), material transportation (MT), and buffer storage (BS) (See Equation (4.2)). All 

the equipment belongs to one of these categories. Part class (P) is further dividable to include an 

important class called feature class (FEA) (See Equation (4.3)), which needs to be processed by 

the tool class (T) in the resource model. In this research, process simulator is used to perform this 
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function of using certain tools to process part features and obtain corresponding output criteria 

(e.g. cycle time, machining cost). Based on Son, Wysk, and Jones (2003a), a simulation model 

(SM) includes all the collections of default components (DC), static information (SI), dynamic 

information (DI), interaction with external modules (IEM), animation (AM) as well statistics 

required (SR) (See Equation (4.4)). At the shop floor of the current work, interaction with 

external modules (IEM) and dynamic information (DI) incorporation are related with the current 

work. 

 R E T F I P R CG LP         (4.1) 

 { , , , }E MP MH MT BS  (4.2) 

 FEA P  (4.3) 

 SM DC SI DI IEM AM SR       (4.4) 

 

Simulation-based shop floor control has drawn significant attention over the past two 

decades. The first simulation-based shop floor control framework is proposed in Smith et al. 

(1994). It is demonstrated that through construction of the simulation model with proper fidelity 

and inclusion of real-time interactions with external events such as processing, handling, and 

transportation of materials, and buffer storage, a wide range of shop floor functionalities such as 

design, process planning, real-time scheduling and control can be achieved. More systematic 

frameworks for simulation-based shop floor control system (SSFCS) are presented in Son, Joshi, 

Wysk, and Smith (2002), Son and (2003a), and an automatic simulation model generation 

technique for SSFCS is discussed in Son and Wysk (2001).     

A multi-pass simulation-based planning and scheduling framework for best dispatching 

rule selection is proposed in Wu and Wysk (1989). This system is composed of following two 
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simulations: a fast-mode simulation used for evaluating the performance of each alternative in 

the decision space of the scheduling problem, and a real-time simulation responsible for 

controlling the manufacturing operations at the shop. The chosen best control policy is fed into 

the simulation-based control for execution. An on-line simulation framework for conducting 

real-time planning and scheduling of manufacturing systems is proposed in Rogers and Flanagan 

(1991), and Drake and Smith (1996). This framework can be utilized for product design 

interactions, process planning, scheduling, as well as shop floor control. A hybrid discrete-event 

simulation and system dynamics framework for hierarchical production planning in the supply 

chain is applied in Venkateswaran and Son (2005). This framework is composed of different 

modules such as optimization program, performance monitor, computer-based simulator and 

feedback control loops which are applied to monitor the system performance and update the 

control parameters. Simulation-based planning and control is extended from shop floor to top 

floor, and analogies for resource models, coordination models, physical entities as well as 

simulation models are discussed in Lee et al. (2007).   

A typical supply chain system is embedded with plan, source, make, delivery functions, 

while its component (e.g. supplier, manufacturer, retailor) may include all the detailed activities 

such as design, planning, scheduling and control around these functions. Researchers have 

advanced the knowledge to the advanced planning and scheduling (APS) capabilities involving 

distributed simulation; however, rare theoretic approaches have been established in literature to 

address it in details. Planning and scheduling functions generally is an optimization issue, while 

the discussions on the distributed simulation standard, protocols concern only modeling aspect. 

Based on my experience, the major difficulty is that: different companies in the supply chain 

system adopt simulation software from different vendors, integrated setting with data 
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encapsulation and privacy protection is not an easy task, while optimizing them (e.g. planning, 

scheduling) as a whole system is further challenging. 

 

4.2 Service Oriented Architecture for Integration 

The major achievements of service-oriented architecture are about reuse of IT technology 

and generating ROI (Adams & McNamara, 2006). Because of the rapid advance of IT 

technology in modern world, one of important issues nowadays in the manufacturing control 

system (e.g. shop floor) is the reuse of legacy system developed years ago. System re-

development with the same functionality of the legacy system is not a viable option since it has 

to be done over and over again as time proceeds. Service-oriented architecture provides solution 

to integrate legacy systems for reusing them without much re-development pain involved. 

According to a recent survey (SOA-based Service Buying Trends: A 2006 Survey of U.S. 

Companies), about 67% qualified respondents reported that SOA helps the integration of systems 

with different ages; other reported benefits include more flexible architecture (71%), data 

integration (62%), service integration (59%), and so on.  

In this section, service-oriented architecture is applied to an exemplary manufacturing 

production enterprise using Service oriented architecture Modeling Language (SoaML). Such 

modeling efforts have been discussed in Xu and Son (2014). Firstly, a service composition is 

constructed firstly by breaking down the enterprise level services into shop and equipment levels. 

Then, service capabilities, service interfaces, service data model, and service chorography related 

to order placement and associated operations are discussed. For the service implementation, web 

service technology is used for integrating various real as well as simulated operations. Here, the 

considered simulation models can be used for the planning purpose, when various alternatives 
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are evaluated before making a decision. The same simulation models, however, can also be used 

for the control purpose, when deployed in real time to generate control commands for driving 

real operations in the shop. 

A service composition is used here for breakdown structure from the enterprise levels to 

the shop floor level, and then further extended to cell levels. Each level includes a group of 

services, which can be decomposed into further sub-services. The service-oriented approach can 

be applied following the procedure of service identification, service specification, service 

realization, service composition, and service implementation. Among these procedures, this 

research focuses on 1) service identification, where different levels of services, service 

capabilities and structures are established; 2) service specification, where different service 

interfaces and the service data model are discussed; and 3) service composition, where the 

service choreography of different participants is emphasized.  

At the first step, it is important to explicitly identify the service items at different levels 

of the hierarchy and their relationships. Figure 4.1 demonstrates a hierarchical service 

decomposition structure from the enterprise level to the shop floor level, and furthermore to the 

manufacturing cell level. The service interface layer can be used to represent the interrelationship 

among different service levels. The application layers that include applications of .NET, .J2EE, 

and other legacy systems can be embedded into the service interface layer to fulfill any service 

operations. It is worthy to note that simulations (e.g. discrete-event, systems dynamics, and 

process simulation) can be used to replace certain application programs for generating the same 

outputs in order to fulfill the service request. An exemplary shop level service is production 

management service, which can be further decomposed into services such as production 
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planning, scheduling and quality assurance. To fulfill the scheduling service, a scheduling 

program or a simulation model can be employed.  
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Figure 4.1: Hierarchical service decomposition in an exemplary manufacturing enterprise 

 

4.2.1 Service Identification 

Service identification is the process to decide which capabilities should be exposed as 

services and how one particular capability may use other capabilities to fulfill its service.  Figure 

4.2 describes various capabilities needed for processing an order requested by customers. These 
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service capabilities involve inventory management service, production management service, and 

invoice management. The production management service further uses various other services 

including production planning, scheduling, and quality assurance services.  

 

Figure 4.2: Service capabilities for order placement service 

 

4.2.2 Service Specification 

Figure 4.3(a) shows three exemplary service interfaces related with process planning, 

scheduling and quality assurance. Figure 4.3(b) represents the service data model, which is the 

model to represent information exchanged between service providers and consumers. As shown 

in Figure 4.3(b), the ProductionOrder object consists of various data entities such as ItemList 

entity, ProcessPlan entity, Schedule entity, and QualityAssurance entity. Each data entity 
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includes various instances, and a <<id>> notation is used for uniquely identifying different 

instances of that class.  

 

 

 

(a)       (b) 

Figure 4.3: Service interfaces and service data model for production management 

 

4.2.3 Service Composition 

 

Figure 4.4 defines a multi-party service choreography, which is a behavior diagram for 

identifying what and when the interactions between different service parties (e.g. providers and 

consumers) happen. The subjects of Figure 4.4 are order quotation and order processing, in 

which various scenarios are considered including order placement, production request, and 

invoice management. When simulations are used to fulfill the service request (e.g. price quote), 

various benefits can be achieved including low operational cost and what-if analysis capability.  
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Figure 4.4: Multi-party service choreography 

 

4.3 System Implementation 

4.3.1 Equipment Level Simulator 

Process simulator is used to conduct the manufacturing operations for the part feature 

using proper tools. In this research, the process simulator ESPRIT
®
 by DP Technology has been 

employed to estimate the machine processing time for a process plan given a set of current 

machining conditions at the shop floor. These conditions involve most of the part machining 
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parameters such as machine type, work-piece material, cutting tool, feed rate, cutting velocity, 

depth of cut, and so on. The data of machine parameters/conditions is stored in the database 

tables within the Microsoft SQL Server 2008
®
, and then retrieved by the process simulator for 

estimation purpose. Other functions of process simulation involve system/machining parameter 

update and retrieval, process plan data retrieval. Figure 4.5 shows the schematic diagram of the 

shop floor data collection and its usage by process simulator ESPRIT
®
 for process plan 

evaluation.   

 

Figure 4.5: Functions of process level simulation 

 

In general, there are two issues regarding the data and process management in the process 

simulation. First, since not all the data information is readily available, some of the data is 

processed in a way that the desired metrics can be obtained. One technique to do this is that the 

unknown metrics are extrapolated using certain mathematical equations with the available data. 
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For example, the variation in the surface finish of work-piece resulting from the tool degradation 

is assumed to be a function of tool’s age and the expected tool life. Second, the machining 

parameters (e.g. feed rate, cutting speed) that are changeable from their current values can be 

overridden by the values recommended via the online repository knowledge-base of the process 

simulator ESPRIT
®
. Under the system high variation case (e.g. lots of changes involved and 

required), the process simulator also provides flexibility with respect to the tool and machine 

selections from multiple combinations for a particular machining process.   

 

4.3.2 Shop Level Simulator 

Enterprise_level_
simulation_information

Shop_level_simulation_data S[1,?]

header_
information

Shop_level_
simulation_information

shop_floor_
information

product_process_
information

production_
information

station_schedule_
information

output_
information

Shop_floor_data

Product_process_data S[0:?]

Production_data S[0:?]

Station_schedule_data S[0:?]

Output_data

Header_data

product_
information

Product_data S[1,?]

name

text

Process_plan_
information

name
Process_plan_

name

Process_plan_data S[1,?]

operation_
information

flow_
information

Operation_data S[0,?]Flow_data S[1,?]

tool_
information

operation_
name

operation_
number

Operation_name

Tool_data S[1,?]

Operation_number_data

flow_
time

Next_station_data S[1,?]

Flow_time_data

decription

Product_
name

Next_station_
information

 

Figure 4.6: Information model for shop level simulation 
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Figure 4.6 shows the shop level simulation information required to build the simulation 

model, which is constituted of various level information including product process information, 

production information, station schedule information and so on. The product process information 

is constituted with the process plan and product information, where the process plan information 

contains process flow information and operation information. Furthermore, the process flow 

information includes the information of next station and flow time; the operation information 

includes tool, operation name and index information. Son, Jones, and Wysk (2003b) presented 

the similar information model. 

 

 

Figure 4.7: An exemplary resource model of aircraft wing drilling shop floor 

 

At the shop floor, the resource model involves a hierarchical structure starting from the 

shop floor level, all the way down to the detailed level including machine, tool properties and 

requirements. An exemplary resource model of an aircraft wing drilling shop floor is shown in 
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Figure 4.7. In this figure, four types of equipment (i.e. MP, MH, MT, BS discussed before) are 

described. In the considered wing drilling shop floor, wing hole drilling process is performed by 

using direct drilling tools, which are held by different types of flex track. Three different types of 

flex track are used in this shop: Flex Track, HD Flex Track, and Mini Flex Track; and they all 

inherit the properties from the holding tool class. The flex track tool specification is also 

provided including tool type, weight, dimension, feed, depth of cut, moving speed, and so on. 

For the material handler, robot is mainly responsible for setting up different flex tracks, while 

human is for machine control and error inspection. The material transporters (e.g. conveyor, 

AGV) are responsible for transporting the raw materials into the shop, as well as sending the 

finished parts into the next production station. Xu, Nageshwaraniyer, Son, and Song (2011) 

utilized the design structure matrix and quantitative risk measurement based on similar resource 

model for estimating the aircraft design change propagation effects. 
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(a)       (b) 

Figure 4.8: Process flow diagram of service oriented architecture for shop floor control system: 

(a) Arena simulation as supervisor, and (b) equipment level controller 

 

The shop level simulator integrates with a number of machines and robots coordinated 

via web service. The sequencing of the various machine movements has been managed by the 

Arena
®
 simulation model at the supervisory level, and the equipment controller at the equipment 

level, respectively. At the equipment level, the controller communicates with the unit control 

device (UCD) of equipment via bi-directional serial communication through COM ports. The 

controller sends the name of numerical control (NC) file, robot advanced control language 

(ACL) program or laser-cut file to the equipment UCD for execution. After the completion of 
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task, UCD sends the completion message back to the equipment controller, who then reports the 

task status to Arena
®
 supervisor via web-service. 

The Arena
®
 simulation model serves as supervisor including two main functions. The 

first function is “Initialization”, in which the supervisor reads product ID, product quantity and 

process plan from the SQL Server database. The other function of the supervisor refers to as 

“Task Generation” involves sending task related messages to machine/robot controllers via web 

service. Figure 4.8 describes the process flow diagram of simulation-based shop floor control for 

the Arena
®
 supervisor (a) and the equipment level controller (b), respectively. After a message is 

sent, the supervisor keeps checking the message queue in the web service looking for a possible 

reply from equipment controller (polling process). In the Arena
®
 model, the “Delay” block is 

used to create time interval for the successive message checking events. Once the task 

completion message is received by Arena
®
, the message for next task will be sent for preceding 

the system. Supervisor goes through the same process iteratively until all the tasks are processed. 

The controller software programs also have a polling frequency for checking the messages in 

web service sent by Arena
®

 supervisor. After receiving the corresponding messages from the 

supervisor, the equipment level interactions are then invoked.  

 

4.3.3 Enterprise Level Simulator and Integration 

Figure 4.9 represents the information model for enterprise level simulation, which is 

constituted of order information, inventory information, logistics information, output information 

and shop level simulation information. The information can be broken down into further detailed 

levels; for example, the inventory information includes the inbound and outbound inventory, 

which further contains safety stock information, capacity information, ordering policy 
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information and so on. Son et al. (2003b) presented the similar information model. 
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Figure 4.9: Information model for enterprise level simulation 

 

Figure 4.10 shows an exemplary implementation of shop level simulation integration 

involving one Arena
®
 model, one Simio

®
 model, one AnyLogic

®
 model, three process simulators 

(all in ESPRIT
®
 software), one robot, one milling machine and one drilling machine. They 

communicate via SOAL XML-based message through web service depicted in the middle of the 

figure. The framework has been implemented in the Computer Integrated Manufacturing & 

Simulation (CIMS) lab at the University of Arizona. During the federation execution, message 

interactions between federates inside each production region include: 1) released order 

information; 2) shop floor status; 3) update-to-date inventory condition; 4) BOM requirements; 

5) process plan information; 6) aggregated time attributes (e.g. part cycle time, resource 
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utilization) associated with the manufacturing and sub-assembly; 7) aggregated cost attributes 

(e.g. order cost, warehouse inventory cost) associated with the manufacturing and sub-assembly; 

8) aggregated quality attributes (e.g. part nonconforming rate, resource failure rate) associated 

with the manufacturing and sub-assembly; 9) simulation time advance request; 10) simulation 

initialization and termination request. The similar implementation was demonstrated in Xu and 

Son (2014) as well.  

 

 

Figure 4.10: An exemplary implementation of service oriented simulation integration platform  
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4.4 Experiment Study  

4.4.1 Performance of Web Service 

Different factors that may impact the simulation resource usage (e.g. time, cost) are 

selected to test the performance of the web service. These factors involve: 1) synchronization 

frequency; 2) interaction load. Four different simulation federations were created with different 

simulation packages involved. Table 4.1 summarizes the different simulation federation 

information. Number of process simulators used under each federation configuration is also 

provided in Table 4.1. Note that no equipment (i.e. hardware-in-the-loop simulation) was 

involved, as this experimental study only focused on the planning (not control). All the 

federations were run under the fast mode (not real time mode). Before running each simulation 

federation, all the simulation models were adjusted with the same running speed, so that the 

interaction time among simulation federates can be easily derived via the difference between the 

overall system runtime and the single simulation model runtime. For each simulation federation, 

different data interaction loads and synchronization frequencies were applied for collecting the 

distributed simulation runtime information. The values of these interaction loads and 

synchronization frequencies are summarized in Table 4.2.   

 

Table 4.1: Parameter setting for distributed simulation 

Federation 

configuration 
Combination of federates 

No. of process simulators 

in each federate 

Simulation 

length 

Federation A 2 in total: 2 Arena
®
 models 2 200 hours 

Federation B 
4 in total: 2 Arena

®
, 1 

AnyLogic
®
, 1 Simio

®
 models 

2 200 hours 

Federation C 8 in total: 4 Arena
®
, 2 2 200 hours 
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AnyLogic
®
, 2 Simio

®
 models 

Federation D 
12 in total: 6 Arena

®
, 3 

AnyLogic
®
, 3 Simio

®
 models 

2 200 hours 

 

Table 4.2: Parameter setting of different interaction loads and time synchronization frequencies 

Data interaction loads Time synchronization frequencies 

1 
10 per 32 hours per federate, 

uniform distribution 
1 

Once every 3 hours, no 

randomness involved 
2 

10 per 16 hours per federate, 

uniform distribution 

3 
10 per 8 hours per federate, 

uniform distribution 
2 

Once every 10 hours, no 

randomness involved 
4 

10 per 4 hours per federate, 

uniform distribution 

5 
10 per 2 hours per federate, 

uniform distribution 
3 

Once every 30 hours, no 

randomness involved 

 

From Figure 4.11, it is observed that the simulation interaction time increases as the 

interaction load and synchronization frequency increases. In addition, under the same interaction 

load and synchronization frequency, the federation with more federates consumes more time to 

finish, which conforms to our intuition. Under the same interaction load, federation with more 

federates had an average of 43.84%, 24.48% and 11.31% greater simulation runtime when the 

number of federates increased from 2 to 4, from 4 to 8, and from 8 to 12, respectively. Under the 

same synchronization frequency, the federation with more federates had an average of 48.78%, 

26.47% and 29.11% greater simulation runtime when the number of federates increased from 2 

to 4, from 4 to 8, and from 8 to 12, respectively. Further investigation on the data value infers 
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that the relationship between the federate interaction time and interaction load tends to be 

nonlinear as the number of federates used in the federation increases. The phenomenon isn’t 

apparent for the relationship between the interaction time and federation synchronization 

frequency.  

  

 

Figure 4.11: Federation runtime over varying (a) interaction loads and (b) synchronization 

frequencies 

 

4.4.2 Performance of Simulation Integration Platform 

In this section, the framework is tested by investigating the performance of shop level 

and enterprise level integration. Before digging into the experiment details, the experiment 

implementation and setup are discussed in the following two paragraphs. 

The hierarchical distributed simulation integration platform is run on a homogeneous 

windows-based platform with eight workstations and a Windows Server involved. All the 
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workstations and the server are interconnected by the 100 Mbps Ethernet. The web service has 

been developed using Visual C# in the ASP.NET framework and deployed at the Windows 

Internet Information Services (IIS 6.0). The IIS is hosted on the 32-bit Windows Server
®
 

Standard-SP2 (Intel E5530 Quad Core @2.40GHz; 4GB of RAM). The four of the eight 

workstations (32-bit Windows XP-SP3; Intel P4 1.80 GHz, 512 MB of RAM) are used for the 

simulation based hardware-in-the-loop control of the shop-floor machines. The equipment used 

in the manufacturing test-bed are Intelitek’s ProLight
TM

 1000 Milling Machines, ProLight
TM

 

3000 Turning Machines, SCORBOT-ER V Plus robots, and Universal
®
 Laser Machines. The 

simulation models developed using Arena
®
, Simio

®
, AnyLogic

®
 as well as the process simulator 

ESPRIT
®
 have been deployed on the remaining four workstations (64-bit Windows 7 

Professional-SP1; Intel Q9550 Quad Core @2.83GHz, 8GB of RAM). 

Table 4.3 summarizes the database, sample simulation model, interaction logic 

programming language as well as client proxy for different simulation federates. Databases can 

be connected with the simulation models; interaction logics can be coded in each simulation 

model; client proxy can be attached with each simulation model as well. Client proxy is a 

collection of classes, which are integrated together to build and process SOAP XML-based 

messages on each simulation federate side. With the purpose of hiding details of SOAP and 

HTTP message transport, similar functions can be wrapped inside each simulation proxy file but 

different languages/packages are used as shown in Table 4.3.    

 

Table 4.3: Illustration of different federate components 

Simulation 

package 

Database 

Interaction logic 

programming 

Client proxy 
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Arena
TM 

SQL Server
 

VBA .cls class file 

Simio
TM

 Simio
TM

 Data Tables C# .dll class file 

AnyLogic
TM

 Microsoft Excel Java .jar class file 

 

The reasons why the real shop performance becomes low are mainly due to unexpected 

order (e.g. late delivery), equipment breakdown, and material handling uncertainties (e.g. 

unexpected changes). Thus, the performance of shop floor simulation integration platform under 

different system variations will be tested. For the shop floor setup, two different scenarios are 

used: 1) low system variations; 2) high system variations. The system variations used in this 

experiment refer to three dimensions: 1) order arrival variation; 2) resource usage (i.e. material 

processing) variation; 3) material handling and transportation variation. Order arrival rate is the 

input of discrete-event simulator (e.g. supervisor), which conforms to certain type of statistical 

distribution. Its variation refers to the differences of statistical distribution usage and their 

corresponding parameter values for measuring the arrival process. As the tool property inherits 

from the equipment class, the feature processing operations belong to the material processing 

operations. Resource usage or material processing variation discusses about the time and cost 

differences by using different tools, machines or human resources; this variation is large if the 

observed criteria (e.g. part cycle time, throughout rate) differs significantly by using different 

machines or tools. Material handling variation refers to the differences of observed criteria by the 

impact of using different material handling methods; this variation is large if the observed 

criteria (e.g. part cycle time, system cost, throughout rate) differs significantly by using different 

material handling methods. An exemplary aircraft wing manufacturing, drilling, testing, 

assembly processes involving wing spars and ribs are simulated with the corresponding 
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parameters listed in Table 4.4. 

 

Table 4.4: Parameter setting for shop level experiment 

 Low variations High variations 

Simulation terminating condition 1000 parts 1000 parts 

Number of cells in the shop 2 2 

Order arrival rate Expo(5) Expo(50) 

Number of resources 14 28 

Material handling machines 16 32 

Number of shops in the factory 4 4 

Number of total factory simulators 

(discrete-event) 

3 3 

Number of process simulators in 

the factory 

8 8 

Message interaction frequency Once per 8 hours Once per 8 hours 

 

The statistical distribution of resource processing time and material handling time follows 

the uniform and normal distributions, which depend on the different parts being processed and 

resources being used. As an integrated simulation platform, the enterprise level interactions are 

incorporated into the shop level experiment as well. Out of the ten types of information exchange 

at the enterprise level, three types of information are considered: BOM requirements, process 

plan information, and aggregated quality attributes (e.g. part nonconforming rate, resource 

failure rate). For the convenience to observe variance changes over the simulation run, the entire 
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simulation time length is partitioned into 10 segments with equal time duration. The performance 

criteria is part cycle time in the shop floor, and the box-plots are drawn for each time interval 

using 20 randomly data points selected. Results are shown in Figures 4.12 and 4.13. 

From the preliminary results of box-plots in Figures 4.12 and 4.13, we observed that with 

the effects of shop level simulation integration, the variance of part cycle time reduced much 

more under the case of high system variations than the one under low system variations. Under 

low system variation, simulation integration platform helps to reduce the extreme values of part 

cycle time according to the result comparison under simulation time intervals 5 and 6 as shown 

in Figure 4.12. After inspection, it is mainly due to the fact that the integration facilitates to 

detect the extreme cases of shop floor based on the process plan and quality information update 

from another integrated factory, which suggests the considered shop to stick to one existing 

process plan out of several for quality assurance purpose. Corresponding resource and material 

handling approaches are then applied to avoid the extreme cases occur in Figure 4.12(b). Under 

high system variation, results showed that the component cycle time under shop level simulation 

integration tended to stay between 200 and 350 minutes (see Figure 4.13(b)) compared to the one 

without simulation integration, which has a range between 100 and 500 minutes (see Figure 

4.13(a)). The variance of the latter case is also higher. In addition, under the high system 

variation without simulation integration (Figure 4.13(a)), a decrease on average part cycle time 

from interval 2 to 5 and an increase from interval 5 to 7 are observed; but the effects become 

much smoother with the shop level simulation integration (See Figure 4.13(b)). All these results 

demonstrated that the simulation integration can reduce the variance for the shop level 

operations, which reduce in total around 22% under the low system variation and 56% under the 

high system variation.    



111 
 

 

 

(a)        (b) 

Figure 4.12: Box-plots for part cycle time under low system variations with (a) non-simulation 

integration, and (b) simulation integration 

 

 

(a)        (b) 

Figure 4.13: Box-plots for part cycle time under high system variations with (a) non-simulation 

integration, and (b) simulation integration 
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4.5 Summary 

In this section, a formal modeling of simulation integration platform for shop floor and 

enterprise level operations has been discussed. Particularly, the service oriented architecture and 

the hierarchical simulation integration have been emphasized in details. In the experiments, the 

performances of web service and hierarchical simulation integration platform were provided. The 

constructed simulation integration platform facilitates to establish the simulation-based game 

framework for supply chain competition that will be discussed in the next chapter. 
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CHAPTER 5 THE PROPOSED SIMULATION-BASED GAME FRAMEWORK FOR 

SUPPLY CHAIN AND MARKETING COMPETITIONS 

 

This chapter aims to develop an integrated simulation-based game framework, together 

with the game solving and analysis module. Such framework can be used for various purposes 

such as identifying significant factors under different competition scenarios, optimizing certain 

parameter values, and integrating with other related analytic modules (e.g. learning module). In 

this chapter, the motivation is firstly provided, followed by the discussions of hybrid duopoly 

simulation-based game platform and simulation-based game solving and analysis. In the 

experiment section, various results are presented including equilibrium quality and convergence. 

Most of the discussions in this chapter can be found in Xu, Meng, Zhang, Bhardwaj, and Son 

(2014).  

 

5.1 Background  

Duopoly games have been extensively studied in the modern history of economics, where 

the market is primarily dominated by two major companies and they make fully rational 

decisions to reach the goals (e.g. maximize payoff). While the most widely used approaches to 

solve the duopoly game are based on Cournot model (Cournot, 1838) and Bertrand model 

(Bertrand, 1883), several limitations of those models are that:  

 the payoff function of each company is highly aggregated by closed-form mathematical 

equations; 

 only single or limited decision variables (e.g. production quantity, product price) are 

considered for mathematical tractability; 
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 rare randomness involved in the payoff formulation.   

In real practice, however, competing companies have to make and update decisions 

periodically on various areas such as production, logistics and price across the entire supply 

chain based on dynamically changing market conditions, and these decisions interact with one 

another to achieve a high profit. Hence, a comprehensive modeling technique is desired to mimic 

the realistic processes in multiple areas mentioned above, so as to provide a highly accurate 

payoff as well as to enable analysis of the trade-offs among different strategies.   

In this chapter, a hybrid simulation-based framework is proposed to address duopoly 

game under the scenario of product adoption process considering multiple decision variables and 

detailed payoffs.  In the proposed hybrid simulation framework,  

 system dynamics models are used for simulating the activities of duopoly companies on 

production, logistics, and price determination; 

 agent-based simulation is used for modeling consumer purchasing behaviors at the 

market side.    

Figure 5.1 outlines the major components in an exemplary supply chain and consumer 

market. In the system dynamics model, an integrated production-logistics model considering the 

material transformations and flows from suppliers to final customers is constructed for each 

duopoly company. The price determination process, which is also modeled in the system 

dynamics simulation, represents how each company determines the product price and adjusts it 

over time due to the impacts of production and logistics. To this end, an enhanced consumer 

motivation function is developed based on various factors such as the effect of advertisement, the 

effect of promotion, the influences of customer acquaintance recommendation, and the price 

sensitivity in the consumer social network. The consumer motivation function is then 
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incorporated into the agent-based simulation for mimicking the consumer purchasing behaviors, 

which is tightly coupled with the system dynamics model for the duopoly companies.   

 

 

Figure 5.1: Exemplary demonstration of supply chain and consumer market 

 

Considering the game strategy for duopoly games, emphasis has been put in the 

following strategic areas (Min & Zhou, 2002; Hong, Hsu, Wu, & Yeh, 2008; Song & Jing, 2010) 

including production strategy (e.g. labor, raw material availability), logistics strategy (e.g. lead 

time, inventory coverage control), and marketing strategy (e.g. price determination, advertising, 

promotion). The strategic areas in the literature are coupled with the simulation model, so that 

any strategy changes can be reflected in simulation variables/parameters. In the game theory 

literature, each of the above strategic areas involves different decisions that are referred to as 

strategies. The payoff function of each dominated company is defined in terms of net profit, 

which is the difference between the revenue and various cost items such as production, logistics, 

transportation, and backorder. In the proposed work of this chapter, the objective for each 

duopoly company is assumed to maximize the net profit via the coordination of all the 

considered strategies.   
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In games involving a large number of strategies and data samples, conducting 

experiments including all the strategic decisions is computationally costly. In order to solve and 

analyze the simulation-based game in this work under limited computational resources, a novel 

procedure is proposed, where the procedural components include strategy refinement, data 

sampling, game solving, and performance evaluation. First, design of experiments technique 

used for strategy refinement and estimated conformational value of information (ECVI) 

technique used for data sampling are integrated for exploring the strategy space in the empirical 

game setting. Then, game solving for pure strategy equilibrium is applied to generate game 

equilibrium results, and performance evaluation approach is employed to assess various output 

criteria (e.g. equilibrium quality, stability, strictness and robustness). In the experiment section, a 

case with soft-drink duopoly game is considered to illustrate and demonstrate the framework.   

Figure 5.2 depicts major components of the framework in this chapter:  

 a hybrid simulation testbed of duopoly game with its profile set as inputs and payoff 

matrix as outputs (the upper part of Figure 2);  

 a game solving and analysis procedure including strategy refinement, data sampling, 

game solving and performance evaluation (the lower part of Figure 2).   
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Figure 5.2: Proposed hybrid simulation-based game framework  

 

5.2 Proposed Hybrid Duopoly Simulation-based Game Platform 

In this section, two major functional components constitute the simulation test-bed: 

supply chain and marketing. The supply chain operations are modeled in systems dynamics, and 

marketing activities with its impact to the consumer behavior are modeled in agent-based 

simulation. The supplying process at the upstream is responsible for providing raw materials to 

the manufacturer. Production at the manufacturer begins when both raw material and labor are 

available. Inventories are kept along the supply chain to satisfy the customer orders at the 

downstream, and backorder is considered when the demand can’t be fulfilled. The product price 

is also determined in the systems dynamics model, and it is impacted by the competitive product 

in the market, and production-logistics activities of its own company. Consumer purchasing 

behaviors are represented in the agent-based simulation model, which are highly related to the 
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companies’ market share and profit. All these modeling details are presented in the rest of this 

section. 

 

5.2.1 System Dynamics for Modeling Production-Logistics Activities  

Figures 5.3 and 5.4 are the snapshots for the production and logistics modules in the 

systems dynamic model, respectively, where Equations from (5.1)-(5.21) represent underlying 

mathematical models and Table 5.1 provides nomenclatures for variables and parameters used in 

those equations. The concepts behind the systems dynamics model developed in this chapter are 

based on Sterman (2000), and Venkateswaran and Son (2007), with the enhancements and 

customizations made for our study. The major customizations/enhancements include: 

 Duopoly game setting for our scenario; 

 Interaction with the marketing module in agent-based simulation model; 

 Incorporation of historical values via exponential moving average for adjusted 

production, inventory, labor, and vacancy; 

 Incorporation of variations in demand, production, inventory, labor availability. 

The entire production process has been aggregated into one stock in the systems 

dynamics model (see Equation (5.1)). One assumption made when constructing these equations 

is that we treat the time as discrete variable, while in the systems dynamics model the 

corresponding variables change continuously. The adjusted WIP and production amounts are 

calculated via exponential moving average (smoothing) as shown in Equation (5.2) and Equation 

(5.3). As it is an order-driven inventory control and production system, the desired amount of 

WIP is calculated by multiplying the total of adjusted production amount and customer order rate 
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with the manufacturing cycle time plus the variations (see Equation (5.4)); the desired amount of 

production begin rate is calculated by summing up the adjusted WIP amount, adjusted 

production amount, customer order rate and the variations (see Equation (5.5)).   

 

 

Figure 5.3: Production module in the simulation-based game testbed  

 

In the ideal case, the actual production begin rate is equal to the desired production begin 

rate; however, it is always constrained by two other factors: workforce availability and raw 



120 
 

material availability (see Equation (5.6)). The availability of raw material is determined by the 

upstream supplier, of which the modeling is analogous to the logistics module of the finished 

goods (discussed later in this section). The labor changing process (e.g. vacancy creation and 

fulfillment) will be discussed in the next paragraph. The actual production begin rate equals to 

the minimal one (bottleneck) of the workforce, raw material amount, and desired production 

begin rate. The production cost is tightly related to the product price, which will be discussed 

later in this section. 

One factor that influences the production plan is the labor availability. The labor is 

represented in one stock, and the labor vacancy rate is captured in another stock. The equations 

for calculating these two stock values are shown in Equation (5.7) and Equation (5.8). Hiring 

rate, retiring rate, and layoff rate are explicitly modeled in the systems dynamics model via 

Equation (5.9), Equation (5.10), and Equation (5.11), respectively. These three rates are the 

major variables for deciding the labor availability, and a variable called vacancy begin rate will 

be increased if the systems dynamics model desires more labor. The vacancy begin rate is 

computed by the adjusted amounts of labor and vacancy in total (see Equation (5.12)). And the 

adjusted amounts of labor and vacancy are calculated via exponential moving average 

(smoothing) in Equation (5.13) and Equation (5.14). Finally, the desired amounts of labor and 

vacancy are calculated in Equation (5.15) and Equation (5.16), which are similar to the 

calculations of desired production and inventory. The decision variables considered in the 

production module are vacancy creation time (VacCT), average time for layoff labors (LayoffT), 

labor fulfillment time (LaborFT), and WIP fulfillment time (WIPFT).    
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Figure 5.4: Logistics module in the simulation-based game testbed 

 

The logistics part of the systems dynamics model is constituted with transportation and 

inventory control components. As the transportation lead time is simply used, it is translated into 

inventory fulfillment time for the ease of analysis and the following discussions in this paragraph 

focus only on the inventory part. Similar to the production process, one stock is used to 

aggregate the entire product inventory, and it is calculated in Equation (5.17). A retailer 

maintains an inventory of finished goods, and fills orders as they arrive from customers. The 

desired shipment rate is set to be equal to the customer demand, while the actual shipment rate 
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depends on the inventory level of the supply chain system. The customer order rate is calculated 

in Equation (5.18), in which the market share and effects of advertisement and promotion are 

explicitly considered. The un-fulfilled amount of goods will be accounted into backlog 

inventory, and is calculated for the backorder cost. The order fulfillment ratio is then calculated 

based on the percentage of order being fulfilled, which is used to decide the actual shipment rate 

in Equation (5.19). Equation (5.20) calculates the desired inventory level, which equals to the 

sum of minimal order processing time and safety level of stock, multiplied by the customer order 

rate. The variations are also included in Equation (5.20). The inventory coverage represents the 

time duration that the current inventory level under the current shipment rate can cover the 

customer order, and is a superior measure of both goods holding cost for the supply chain 

members and the capability of buyers to receive reliable and timely deliveries. This variable is 

calculated in Equation (5.21), and also used to decide the inventory effects to the product price. 

The decision variables considered in the logistics module are inventory fulfillment time (InvFT), 

raw material transportation lead time (M_LT), product safety stock coverage (SSCov), and raw 

material inventory coverage (M_InvCov).    
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( )

( )( ) ( )
I

iPSensI

i i iF InvCov MaxInvCov  (5.24) 

 
1 2(( ) 2 )PriceCR Price Price MP MPFT    (5.25) 

 

Table 5.1: Nomenclature for system dynamics model 

Notation Explanation Notation Explanation 

ProdBR Production begin rate SSCov Safety stock coverage 

Labor Labor amount OrderR Order rate 

ALT 
Average labor working 

time per time period 
HireR Labor hiring rate 

ALP 

Average labor 

productivity 

per time period 

RetireR Labor retire rate 

DProdBR 
Desired production begin 

rate 
LayoffR Labor layoff rate 

AWIP 
Adjustment amount for 

work-in-process (WIP) 
VacBR Vacancy begin rate 

DProd Desired production DHireR Desired labor hiring rate 

DWIP 
Desired amount of work-

in-process 
LaborFT Labor fulfillment time 

WIP 
Amount of work-in-

process product 
DVac Desired amount of vacancy 

WIPFT 
Fulfillment time for work-

in-process product 
AVac 

Adjustment amount for 

vacancy 

CycleT Manufacturing cycle time MSR Raw material supplying rate 

ProdCR Production complete rate Vac Labor vacancies 
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AProd 
Adjustment amount for 

production 
VacFT Average time to fill vacancies 

DInv Desired inventory level EmployT Average time of employment 

Inv Actual inventory level MaxLR Maximum layoff rate 

InvFT 
Fulfillment time for 

inventory 
VacCR Vacancy Closure Rate 

OPT Order processing time DLabor Desired labor 

InvCov Inventory coverage ALabor Adjustment number of labor 

ShipR Shipment rate LayoffT Average time for layoff labors 

MS Market share TOR Total order rate 

MaxInvCov 
Capacity of inventory 

coverage 
c

(p) 
Unit production cost 

Price Product price MP Market expected price 

PSens
(C) 

Price sensitivity to cost PSens
(I)

 
Price sensitivity to inventory 

coverage 

PriceCR Price changing rate MPFT 
Fulfillment time of market 

expected price 

σ
(W) 

Variations for desired 

WIP 
λ

(W) 
Exponential smoothing factor 

for adjusted WIP 

σ
(P)

 
Variations for desired 

production begin rate 
λ

(P)
 

Exponential smoothing factor 

for adjusted production 

σ
(O)

 Variations for order rate λ
(L)

 
Exponential smoothing factor 

for adjusted labor 

σ
(I)

 
Variations for desired 

inventory level 
λ

(V)
 

Exponential smoothing factor 

for adjusted vacancy 

* Subscripts i and t are omitted. i is player index, t represents simulation replication time. 
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The product price is determined by Equation (5.22) according to Sterman (2000), in 

which three major parts take effects:  

 effect of production costs on price; 

 effect of inventory coverage on price;  

 impact of retailer/market expected price.   

Figure 5.5(a) depicts the price determination module in the systems dynamics model.  

Inside the price determination mechanism, the effects of duopoly company competition (an 

enhancement to the original model) is incorporated into the calculation of the retailer expected 

price. The effect of production costs on price captures the retailer’s beliefs on the production 

costs relative to the expected product price (see Equation (5.23)). Either the production cost 

information ( ( ) 0CPSens  ) or the retailer’s belief ( ( ) 1CPSens  ) can be ignored depending on the 

values of sensitivity of price to costs. The effect of inventory coverage on price measures how 

the relative inventory coverage of supply chain members affects the product price. The 

sensitivity of price to inventory coverage serves as the exponent of the relative inventory 

coverage (see Equation (5.24)), and its value is negative to reflect the relationship between 

inventory coverage and price (lower inventory coverage results in higher price). These two 

equations (Equation (5.23) and Equation (5.24)) confirm to the original model in Sterman 

(2000). The third part of the price determination is related with the retailer/market expected 

price. For a particular type of product, retailers and the consumer market always maintain the 

belief about the expected price, mainly relying on the past price of similar product. For the 

simplicity concern, the price biddings among retailer, wholesaler and manufacturer are not 

explicitly modeled; however, to reflect the price adjustment process over time, the changing rate 

of market expected price is calculated by the difference of product average price and 
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market/retailer expected price divided by a pre-defined fixed time length (see Equation (5.25)). 

In the price determination process, the experimental control variables considered are price 

sensitivity to production cost ( ( ) [0,1]CPSens  ), price sensitivity to inventory coverage (

( ) [ 1,0]IPSens   ), and manufacturer expected price ( _Mfg Price ).   

 

(a)       (b) 

Figure 5.5: (a) price determination module in systems dynamics model, and (b) consumer 

purchasing behavior in agent-based simulation model 

 

5.2.2 Agent-Based Simulation for Modeling Consumer Purchasing Behavior 

Figure 5.5(b) is the module snapshot of the consumer purchasing behavior in agent-based 

simulation model. Equations from (5.26)-(5.36) represent underlying mathematical relationships 

of the module, and Table 5.2 provides nomenclatures for variables and parameters used in those 

equations. For the marketing expense, it is assumed to have two aspects: advertisement and 

promotion. Equation (5.26) and Equation (5.27) are used to calculate the spending for 

advertisement and promotion over a considered time period (i.e. a period for a certain marketing 

strategy). The amount of marketing budget is decided according to the company’s revenue. The 
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Chief Marketing Officer (CMO) Council report (2010) demonstrates a direct relation between 

marketing budget and revenue for various companies. Based on our case study (i.e. soft drink 

duopoly), the corresponding percentage of marketing investment is selected. An adjustment 

factor is introduced in these two equations to ensure that a realistic scenario (e.g. order of 

magnitude) can be achieved. The market spending rate is then derived (see Equation (5.28)) by 

incorporating the adjustment time for spending market budget into the calculation. The decision 

variables considered in the marketing strategy are marketing budget (MB), advertisement 

intensity (Ad), and promotion depth (Pm). 

Marketing force concept in this work has been adopted from extended Lanchester model 

(Naik, Raman, & Winer, 2005) and is depicted in Equation (5.29). The marketing force depends 

not only on the weight of advertisement intensity, promotion efforts (e.g. frequency and depth), 

but also on their marketing strategy interactions that are discussed in details in the next 

paragraph. The marketing force is the leading power, which influences the consumer’s 

perception (e.g. sensitivity of promotion, susceptibility of advertisement) of a particular product. 

In this chapter, these relationships are captured in Equation (5.30), Equation (5.31), and Equation 

(5.32). As the market force is dynamically updated through the simulation run, the consumer’s 

perception is also updated according to the change of market force. This assumption implies that 

if a company loses most of the market, it would have to sacrifice even more to win back the 

market share.  

Another important feature in the agent-based simulation model is that we explicitly 

incorporate the marketing interaction effects between companies. These marketing interactions 

include the binding constraints on the sum of expenditures on the advertisements and 

promotions, as well as the segregation of locations and communication channels expressed in 
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terms of expenses (Naik et al., 2005). In this work, the mathematical formulation is based on 

these concepts, where the interactions for each pair of activities are explicitly modeled. To take 

the strategic foresight of manager into account, co-state dynamics in Equation (5.33) is adopted, 

and the interaction effects between companies are formulated as the co-state variables. The 

values of co-state variables in the next time point are captured by the differential equation given 

the current interaction effects. Then, the sunk cost is calculated (see Equation (5.34)), which 

incurs due to the strategic interactions between duopoly companies. 

In a consumer market, consumers make the adoption decision based on various factors 

from both the companies and environment, such as unit price, advertisement, promotion, quality, 

and word-of-mouth recommendations. In our simulation model, it is assumed that an agent (i.e. 

consumer) becomes an adopter of a particular product based on the motivation function 

incorporating effects of four factors—price sensitivity, advertisement influence, promotion 

sensitivity, and acquaintance influence. Based on the model in Zhang and Zhang (2007), we 

proposed an improved formula to calculate the consumer motivation to purchase brand i at time 

point t, in which the motivation value is decided by the following three attributes of price, 

advertisement intensity, and agent influence exerted by other agents (consumers). The 

enhancements made in this work are as follows: 

 incorporation of a social network structure to represent interactions among agents; 

 incorporation of advertisement and promotion factors to mimic more realistic decision 

making process. 

In our study, a scale-free social network model called Barabasi-Albert Model (BA model, 

also known as Preferential Attachment Model) (Albert & Barabasi 2002) is built to represent the 

social relationships of customers for the artificial market. The BA model reflects the “rich-get-
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richer” phenomenon in societies and the degree of nodes follows a power-law distribution, in 

which the probability of a new node connecting to an existing node is proportional to the degree 

of it. To incorporate the advertisement and promotion effects from marketing activities into the 

consumer purchasing decision, the price sensitivity, susceptibility to advertisement, promotion-

sensitivity and follower tendency, have been set to associate with price, advertisement, 

promotion, and recommendation influence, respectively. The initial value of susceptibility to 

advertisement, promotion-sensitivity and follower tendency are pre-set at the beginning of 

simulation run. The price sensitivity is an exponential function of the difference between the real 

price of a product and the expected average price of the product (see Equation (5.35)). In this 

equation, s is a price parameter (s>1), and takes the same values for the similar competitive types 

of product, m is a constant and its value is based on an agent's socio-economic attributes (e.g. 

millionaires are less price sensitive than unemployed persons). The consumer purchasing 

motivation function is calculated in Equation (5.36), which decides the product selection of 

consumers. It is assumed that agents will always select a product having a higher motivation 

value, and randomly choose one if the motivation values are equal.   

 

 
i i iAdS K MB Ad    (5.26) 

 
i i iPmS K MB Pm    (5.27) 

 ( )i i iMSR AdS PmS AdjTimeMS   (5.28) 

 
1 2 3i i i i i iMF Ad Pm Ad Pm Inter       (5.29) 

 
i i aSusAd MF I   (5.30) 

 i i pSensPm MF I   (5.31) 
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i i fFt MF I   (5.32) 
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   (5.34) 

 1 2(1 ) ( )i iPrice Pm Price Price

iSensP s m
   

    (5.35) 

 (1 )i i i i i i i i i iM SensP Price Pm SusAd Ad SensPm Pm Ft Inf          (5.36) 

  

Table 5.2: Nomenclature for agent-based model 

Notation Explanation Notation Explanation 

MB Marketing budget ρ Co-state parameter 

Ad Advertisement intensity δ Co-state factor 

Pm Promotion depth C
(s) 

Marketing sunk cost of the 

duopoly companies 

K Adjustment factor Inf Follower tendency influence 

AdS Spending rate on advertisement M 
Customer purchasing 

motivation function 

PmS Promotion spending rate SensP Price sensitivity 

AdjTimeMS 
Adjustment time for marking 

budget spending 
SensPm 

Sensitivity of consumer to 

promotion 

MSR Marketing spending rate SusAd 
Susceptibility of consumer to 

the advertisement 

ωi Weights of market force effects Ft Follower tendency 

Inter Interaction effect between two s,m Price sensitivity parameters 
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duopoly companies 

MF Marketing force Ia, Ip, If 

Initial value of SusAd , SensPm

, and Ft . 

F Total marketing force Mfg_Price Manufacturer expected price 

* Subscripts i and t are omitted. i is player index (i=1,2), t represents simulation time. 

 

5.2.3 Payoff in Simulation-based Duopoly Game  

The total net profit serves as the payoff of simulation-based game, which is calculated in 

Equation (5.37).  

 ( ) ( ) ( ) ( ) ( ) ( ) ( )( )P R I B T M S

i i i i i i i iPayoff TRev C C C C C C C         (5.37)
 

 

Table 5.3: Nomenclature for game payoff components 

Payoff components Descriptions 

TRevi Total revenue for product i 

( )P

iC
 

Total production cost for product i 

( )R

iC
 

Total raw material purchasing cost for product i 

( )I

iC
 

Total inventory cost for product i 

( )B

iC
 

Total backlog cost for product i 

( )T

iC
 

Total transportation cost for product i 

( )M

iC
 

Total marketing spending for product i 

 

The cost items constituting the payoff function based on the simulation outputs are 

depicted in Table 5.3. All different cost items across the production, logistics and marketing 
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activities are considered in the payoff function, and the time length to calculate all the cost items 

is the total simulation replication length. After the simulation run, the outputs are collected to 

calculate the net profit earned for each company. A payoff matrix is then constructed based on 

the outputs and is used to approximate the best response (i.e. equilibrium) of the duopoly game. 

 

5.3 Simulation-based Game Solving and Analysis 

In this section, a detailed simulation-based game solving and analysis procedure proposed 

in this chapter will be discussed. The intent of the proposed procedure is to make the problem 

tractable by restricting the profile strategies that each company is allowed to play without losing 

the generalization from the original game. Large strategy spaces consist of continuous and multi-

dimensional action sets, while the perfect information assumption is hold to reduce the problem 

complexity for analysis. Due to the symmetric property of the game, two agents are assumed to 

have identical behavior possibilities, and be exposed to the same customer market. Before 

discussing the details of the game solving and analysis components and procedure, notations 

regarding a normal form game, simulation-based game and the equilibrium concepts are 

introduced first. 

 

5.3.1 Setup and Motivation of Simulation-based Game Solving and Analysis 

A normal form game can be formally expressed as [ ,{ , ( )},{ ( )}]i i iI s s u s   , where I 

refers to the set of players and I = {1, 2} in our study; si and ∆si denotes the pure and mixed 

strategy for player i ( i I ) respectively; ( )iu s is the payoff function of player i when strategy 

profile s has been selected. An important variable frequently used in analyzing normal form 

game is regret of a profile s S , denoted by r(s), which is calculated in Equation (5.38). 
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 ( ) max max ( , ) ( )
ii s i i i ir s u s s u s 

   (5.38) 

In Equation (5.38), { { }}i i is S s  and s-i represents for a strategy profile other than that 

of player i. Next, definition regarding game solution is given as follows: a Nash Equilibrium of 

the normal-form game is a strategy profile s S  such that for every player i I , Equation (5.39) 

holds.   

 ( ) ( , ),i i i i i iu s u s s s S
     (5.39) 

In this work, Nash equilibrium, equilibrium, and game solution terms are used 

interchangeably. Furthermore, the symmetric game setting is also considered, in which the 

following two conditions need to be satisfied:  

 
i jS S for all players ,i j I ;  

 ( , ) ( , )i i i j j ju s s u s s  for every i js s  and i js s  .   

In addition, the terms of simulation-based game and empirical game are used 

interchangeably because they essentially convey identical meanings. A simulation-based game is 

defined that the player’s payoff is specified via simulation models, and the definition of 

empirical game is focused on estimating the payoff matrix using simulation outputs 

(Vorobeychik, 2008). In the empirical game setting with a large number of strategy profile and 

noisy samples involved, calculating the exact Nash Equilibrium is sometimes intractable. 

Another way of approximating it is applying ε-Nash Equilibrium (ε: tolerance), which is a profile 

s S satisfying Equation (5.40) for every player i I .   

 ( ) ( , ),i i i i i iu s u s s s S 
      (5.40) 
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As the game is constructed in simulation, we differentiate two types of payoff: the true 

payoff existing in a real practice duopoly and the estimated payoff obtained from simulation 

outputs. When constructing an empirical payoff matrix, a simulation model will be run to obtain 

noisy samples for each pure or mixed strategy profile. The noisiness in the sample includes the 

randomness from the simulation experiments as well as the players’ mixed strategies 

(Vorobeychik, 2010). Empirical game is the one, which maintains the same strategy profiles for 

all players while the payoffs of them involve noise. For each specific profile of any player in an 

empirical game, the payoff is an estimate value by taking arithmetic mean of multiple data points 

from the noisy sample as shown in Equation (5.41).   

 ,

1

ˆ ( ) ( )
n

i n ij

j

u s U s n


   (5.41) 

The equation shows an estimate of payoff to player i for profile strategy s based on n 

samples. From now on for the terminologies used in our discussions, readers are suggested to 

refer to Table 5.4.   

Table 5.4: Terminology clarifications in game solving and analysis 

Name Definition Explanation 

Aggregated strategic factor 
The factor including aggregated  

information of other factors 

Production factor, 

Logistics factor,  

Detailed strategic factor 
The factor decomposed  

from aggregated strategic factor 

Order lead time, safety 

stock coverage 

decomposed from 

logistics factor 

Strategic factor levels The different levels (i.e. values)  (H) for high level of 
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that a factor can achieve/attain production factor  

Strategy 
Combination of different levels  

for a group of strategic factors* 
(H, L, L, H)*  

Profile 
Combination of strategies chosen  

by game players  

{(L, L, H, H)1, (H, L, H, 

L)2} is one profile for a 

two-player game 

Solution profile 
Players’ profile obtained when  

game reaches the equilibrium 

Element(s) in the profile 

set 

Solution payoff 
Players’ payoff obtained when  

game reaches the equilibrium 

Element(s) in the payoff 

matrix 

True payoff The ideal payoff for the game player 
( )u s with respect to 

profile s  

Estimated payoff 
The estimated payoff value  

obtained from simulation 

,ˆ ( )i nu s with respect to 

profile s by running n 

simulation samples 

*H: high, L: low; strategic factor: decision variable. 

 

The academic challenge of solving such a game is that the constrained simulation and 

experimental resource cannot afford the enormous number of strategies and samples. According 

to the previous discussion, the duopoly game includes totally 12 strategic factors for each player: 

if every single strategic factor takes only two levels, the total number of profiles in the entire 

profile set under symmetric game setting is (2
12

)
2
/2=8,388,608. Assuming each simulation 

replication takes 1 second and only 10 replications are taken for each individual profile, the total 

time needed to complete the simulation of the entire profile set would be 2.66 years, which is 

unrealistic to perform in practice.   
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The above computational challenge motivates development of the game solving and 

analysis procedure in this chapter. As it is impractical to construct a comprehensive payoff 

matrix and achieve the exact game equilibrium(s) by involving all strategic factors (and their 

levels), targeting on the critical factors that can approximate the true equilibrium becomes the 

major undertaking. As the number of profiles is reduced, the sample size for each profile can be 

increased accordingly. The trade-offs between strategy refinement and data sampling is: given a 

fixed amount of simulation/experimental resources, exploring more profiles decreases the 

number of samples that can be chosen, which may influence the accuracy of estimated game 

payoff by the end; while more samples will restrict the span of profiles to be selected, which may 

rule out the key strategies that will impact the game solution eventually. Other than the strategy 

refinement and data sampling, a game solving engine/algorithm and performance evaluation 

criteria are also needed to complete the game solving and analysis. 

 

5.3.2 Components and Procedure of Simulation-based Game Solving and Analysis 

To resolve the formulated simulation-based game, four components are required: 

 First of all, an approach to explore and refine the strategy space is needed. As discussed 

before, some strategies are more significant to determine the game equilibrium than 

others. The objective here is to explore those critical strategies in a more detailed manner 

so that insights can be gained on how the key strategic factors can impact on the game 

equilibrium.   

 Second, a method to decide the sampling procedure is needed. As known, sampling cost 

and information gain are always the trade-offs during the sampling procedure. Given the 
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sampling resource availability and capability, the sampling procedure should be able to 

achieve the maximum information gain so as to better approximate the true game payoff.   

 Third, a game solving engine is needed, which will allow us to find equilibrium(s) for the 

simulation-based game under different initial game settings (e.g. initial strategy profile, 

problem scenario). The game solution should include pure, mixed or both types of 

equilibriums.   

 Forth, evaluation criteria for assessing the performance of game solving and analysis 

procedure is needed, which will capture the main features of the game solving and 

analysis procedure by dealing with the game equilibrium results. The evaluation criteria 

should also contain the assessments of major equilibrium properties (e.g. weakness, 

strictness, stability, and robustness). 

The algorithm will be formulated first, which depicts how these four components 

mentioned above work together to solve and analyze the simulation-based game. Then detailed 

contents on each component are discussed. Note that each round of the game solving and 

analysis procedure run is called an iteration. The game solving and analysis procedure includes 

the following major steps: 

 

Step 1 Develop an initial game profile set by selecting strategic factor levels, then choose an 

initial sample size for each profile and set g equals to 1. 

Step 2 Run the simulation model based on the selected profile set and sample size, construct the 

empirical payoff matrix according to the simulation outputs. 
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Step 3 (Game Solving) Solve the game for pure strategy equilibrium by improving the unilateral 

deviation set for each player one after the other until no more improvements can be 

obtained.  

Step 4 (Strategy Refinement) Employ design of experiments technique to decide the statistical 

significance of each aggregated strategic factor with respect to the game payoff. Then, if g 

equals to 1, go to Step 4.1; if g equals to 2, go to Step 4.2. 

Step 4.1 Include all the detailed strategic factors, which are decomposed from the current 

significant aggregated strategic factor, into the refined profile set; eliminate the 

insignificant aggregated strategic factor(s) from the refined profile set. If no more 

detailed strategic factors can be included, go to Step 5 and set g equals to 2.   

Step 4.2 Include more strategic factor levels into the refined profile set for the next 

iteration, go to Step 5. If no more levels for each strategic factor need to be 

added, terminate the game solving and analysis process and go to Step 6. 

Step 5 (Data Sampling) Given the significant strategic factors and their levels in the refined 

profile set, decide the sample size for each profile using the enhanced ECVI sampling 

approach. Go to Step 2. 

Step 6 (Performance Evaluation) Based on the game equilibrium results, calculate values for 

all the evaluation criteria inside and between game solving and analysis iterations, and 

summarize the results. 

 

Steps 1 and 2 are mainly for algorithm initialization and payoff generation, respectively. 

An indicator variable g is used in Step 4, which represents the refinements of either strategic 

factors (g=1) or factor levels (g=2). Provided that a reasonable experimental time and cost can 
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be spent on the simulation experiments, the trade-offs between the strategy refinement extent and 

data sampling size always exist. Table 5.5 provides comparison results with varying numbers of 

strategy refinement and sampling size given a fixed affordable experimental time (i.e. 5 days) for 

the simulation run. The lower limit of the experimental cost is bounded by ensuring a minimum 

degree of strategy refinement and sampling size, while the upper limit is related with the total 

affordable experimental cost. As shown in Table 5.5, if each experimental iteration is selected to 

be 5 days, a total of four strategic factors can be selected to ensure a reasonable number of 

samples (i.e. 150) in the experiments. 

 

Table 5.5: Trade-offs between strategy refinement and data sampling 

Total 

strategic 

factors 

Total number of  

strategies 

for each player 

No. of 

profiles to 

be evaluated 

Affordable 

experimental 

time limit 

(days) 

Time per 

simulation 

replication 

(seconds) 

No. of samples 

affordable for each 

profile 

1 2 3 5 20 7200 

2 4 10 5 20 2160 

3 8 36 5 20 600 

4 16 136 5 20 158.82 

5 32 528 5 20 40.90 

6 64 2080 5 20 10.38 

7 128 8256 5 20 2.62 

8 256 32896 5 20 0.66 

9 512 131328 5 20 0.16 

10 1024 524800 5 20 0.04 
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The strategy refinement method essentially seeks to find out in which order and with 

what specific strategic factor levels to include the strategies to the simulation-based game 

analysis. It is slightly different to the strategy exploration problem in Jordan et al. (2008), with 

the modification of the word “refinement” that is tightly related with both the game strategy and 

simulation modeling details. As noted before, each strategic factor (e.g. production) involves 

different detailed aspects (e.g. labor control, raw material procurement). The strategic factors that 

are more significant than others should be considered with priority in the simulation testbed and 

also decomposed into more detailed levels for analysis. The purpose of doing so is to 

approximate the game equilibrium without evaluating all the strategy profiles, which is time-

consuming, cost-inefficient, and even intractable. The strategy refinement process, which starts 

from an aggregated level and then moves to a more detailed level, is set as follows:  

 For the initial experiment, the focus of the profile set (simulation inputs) is only at the 

aggregated strategic factors (e.g. production, logistics), and multiple (e.g. 2) levels of 

these factors are selected for experimental study.   

 Design of experiments technique is then used to identify the critical strategy profiles by 

analyzing the simulation outputs. Figure 5.6 depicts the process, in which the inputs to 

the experimental design is the different levels of strategic factors and the empirical payoff 

matrix generated from simulation outputs, while the outputs of the experimental design 

are the factors that have significant impacts on the game payoff.   

 Then, for those critical strategies, more insights on how different values of strategic 

factors impact the game payoff are investigated via partitioning the factors into detailed 

factors or levels depending on the requirements. Then, we treat each strategic factor or 

level as the input to the simulation for the next experiment iteration.   
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Figure 5.6: Experimental design for strategic factor refinement via simulation 

 

The above mentioned process (i.e. empirical payoff generation via game simulator, 

identification of significant factors via experimental design) is applied iteratively in game 

solving and analysis procedure. During the iterative process, game is solved and the immediate 

results are used to find the corresponding profiles for sampling. It is noted that under different 

simulation scenarios, the outputs of experimental design may be different. In addition, various 

experimental design techniques may be applied as long as they provide better insights into the 

analysis. This work employs a standard two-level full factorial experimental design technique as 

a pilot study for strategy refinement. 

For sampling significant profiles, an approach named estimated confirmational value of 

information (ECVI) in Walsh et al. (2003) has been enhanced in this chapter. The ECVI 

measures the degree to which further samples would reduce the estimated error (denoted by ˆ( )e x

) of the current equilibrium solution (see Equation (5.42) and Equation (5.43)).   
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ˆ ˆ( ( )) ( ) ( )i p i p ie x s u s u s 

 
(5.42) 

 | , , .
ˆ ˆ( | , , ) [ ( ( )) ( ( ))]q p i p i p qECVI q i s p E e x s e x s 

 
(5.43) 

In Equation (5.42) and Equation (5.43), s represents a strategy chosen to conduct 

sampling, p and q refer to the number of data points being sampled and to be sampled, 

respectively. The maximum information gain is achieved by selecting the maximum value of 

ECVI, which also indicates the best choice of samples. This method has been chosen in our study 

as it has been approved to show significant improvement over the uniform sampling method. 

While the criteria for stopping sampling and the tradeoff between the sampling cost and 

information value gain are not discussed in details in Walsh et al. (2003), this work addresses 

them explicitly. The sampling cost mainly depends on the simulation replication length, and the 

information value gain refers to how important more samples can help to make an accurate 

decision. In this chapter, two separate items in ECVI are classified in the game solving and 

analysis procedure:  

 A pre-selected threshold value of affordable sampling size, which is the maximum 

number of samples that can afford to run for each profile based on the experimental 

resource availability.  

 A lower limit of ECVI gain, which is designed by user and aimed to ensure the game 

solution quality.   

Under the two criteria discussed above, we want to find the corresponding sample size 

either satisfying the lower limit of ECVI gain (denoted by
( )L

sECVI ), or reaching the limit of 

sampling capability (denoted by Ns), as shown in Equation (5.44).   
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( )min( , )L

s sp q N ECVI 
 (5.44) 

This enhancement provides flexibility to users, where they can select their own threshold 

values depending on the experiment requirements. In the experimental study, this approach has 

been applied to eliminate the twisted sample values (the extreme low and high values), which 

constitute about 10% of all data samples. 

The logic of the sampling method used here is basically the same with sequential 

sampling method. The sequential sampling differs from the traditional sampling approach in that 

it takes sample one at a time and may end with any number of sample size. Thus, the sample size 

and computational resource can be minimized. For this dissertation, the sampling part in the 

game solving and analysis aims to optimize the computational resource usage. Thus, the 

sampling process will stop when either the lower limit of sampling information gain or the limit 

of sampling capability is reached.  

Integration of strategy refinement and data sampling discussed so far in this section 

contributes to the uniqueness of the proposed game solving and analysis approach. This 

integration allows us to combine the advantages of both, as well as to avoid the potential 

drawbacks of spending additional simulation resources for sampling all profiles. The next step in 

the procedure is to input the selected game strategy profile and sample size into the simulation-

based game testbed. The simulation outputs are then collected to construct the empirical payoff 

matrix. Then, a game solving engine is applied to calculate the pure Nash equilibrium for the 

duopoly players. The game solving engine computes the equilibrium by improving the unilateral 

deviation set in Equation (5.45) for each player one after another, until no more payoff gain can 

be obtained.   
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 ( ) {( , ) : }, 1,2i i i i iD s s s s S i  
 (5.45) 

This is a traditional approach, but still the most effective and efficient way to obtain the 

pure Nash equilibrium. As the empirical payoff matrix always involves variations, an ε-Nash 

equilibrium concept (see Equation (5.40)) is used to ensure that the potential optimum solutions 

are included during each experiment iteration.   

As the game solution involves variations due to different reasons such as limited 

simulation/experimental resources and sampling errors inherent to simulation, proper criteria on 

assessing the game solving and analysis procedure has been developed in this chapter. As 

mentioned earlier, the game solving and analysis procedure stops when no more iteration (e.g. 

strategy refinements) can be established. As each experiment iteration proceeds and the 

simulation gains more fidelity (details), the intent is to find 1) whether the equilibrium stays 

unchanged or evolves to be better (e.g. strictness vs. weakness), 2) how the modeling details can 

impact the game payoff, and 3) how sensitive the equilibrium(s) are to the disturbances. The 

evaluation criteria developed in this work focus on the following aspects:  

 confidence intervals of the game equilibrium(s) for examining the closeness of estimated 

and true payoffs (See Equation (5.46));  

 , ,
ˆ ˆPr( ( ) ( ) ( ) ) 1i n i i nu s u s u s       

 
(5.46) 

 statistical test (i.e. two-sample t-test) for evaluating the differences between solution 

profile and its neighboring profiles;  

 statistical test (i.e. two-sample t-test) for evaluating the differences between solution 

payoffs over iterations; 
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 experimental studies on the stability of the game equilibrium(s): the equilibrium stability 

concepts applied here are originated from Szidarovszky and Bahill (1998), and three 

types of stability are used: asymptotic stability, marginal stability and instability. 

Asymptotic stability with respect to game equilibrium refers to that for a given initial 

game state (i.e. players’ initial profile), the player payoff for the solution profile 

eventually converges to the solution payoff. Marginal stability with respect to game 

equilibrium is the one that for a given initial game state, the player payoff for the solution 

profile converges to a region containing the considered solution payoff and its tolerance. 

Instability with respect to game equilibrium refers to the players’ profile that does not 

belong to the above two categories. 

 

5.4 Experiments 

5.4.1 Experimental Setup in Soft-drink Duopoly Scenario 

Under the current market scanner, the soft drink industry exhibits a classic example of 

duopolies involving integrated supply chain and marketing activities. Cola wars between The 

Coca-Cola Company
®

 and PepsiCo Inc
®
 and related literature works (Morris, 1987) have served 

as a basis for this case study. The two companies together account for about three-quarters of the 

total soft drink market share. In fact, the industry has high operational overlap since different 

suppliers and manufacturers (e.g. producers and bottlers) possess similar impetus of sales and 

profits along the supply chain, and in the market side a similar customer base is shared for the 

duopoly companies. While the soft drink industry as a whole enjoys positive economic profits 

among all of its members, the ultimate goal for the industry should be to create a win-win 

situation for both the manufacturers as well as the customers. 
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As mentioned earlier, both Coca-Cola Company
®

 and PepsiCo Inc
®
 mainly trade on 

supply chain and marketing values, and invest substantial portion of their revenues in those 

areas. Modeling of the major activities in those areas has been discussed in the previous section. 

Different values of the decision parameters for the proposed simulation model depict the various 

scenarios encountered in the soft drinks duopoly. Table 6 shows the strategic factor values used 

in the experiments of this chapter, and the length of simulation replication run is about 3 months 

(100 days). We then estimate a payoff matrix through the constructed normal-form simulation-

based game, with the emphasis on the strategies mentioned in Table 5.6.     

 

Table 5.6: Experiment settings for strategic factors and levels  

Aggregates 

strategic 

factor 

Detailed strategic 

factor 

Strategic factor levels 

Low* High* 

L                ML MH               H 

Manufacturing 

Vacancy creation time 

(days) 
1 5 

Average time for layoff 

labors (days) 
3 7 

Labor fulfillment time 

(days) 
4 12 

WIP fulfillment time 

(days) 
1 3 

Logistics 

Inventory fulfillment 

time (lead time)(days) 
2 6 10 14 

Raw material 

transportation lead time 

(days) 

1 3 5 7 

Product safety stock 

coverage (days) 
2 6 10 14 

Raw material inventory 

coverage (days) 
1 3 5 7 

Pricing 

Price sensitivity to 

production cost   
0.1 0.9 

Price sensitivity to -0.1 -0.9 
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inventory coverage  

Manufacturer expected 

price ($) 1 

5% of revenue 

2 

15% of revenue 

Marketing 

Marketing budget (MB) 

($) 

Promotion depth (% of 

MB, uniform 

distributed) 

(0.1,0.2) (0.2,0.3) (0.3,0.4) (0.4,0.5) 

Advertising intensity (% 

of MB, uniform 

distributed) 

(0.1,0.2) (0.2,0.3) (0.3,0.4) (0.4,0.5) 

*L: low, ML: medium low, MH: medium high, H: high. 

 

Table 5.7 shows the strategic factors and levels involved in each experiment iteration. To 

balance the trade-offs between strategy refinement and data sampling, 16 strategies for each 

player (4 strategic factors) and 70 initial data samples for each profile are selected during each 

experiment iteration (the total number of profile is 16*16=256). As the considered game is 

symmetric, only the upper triangular of the strategy matrix is used for sampling, which is 

equivalent to 136 ([(16*16)-16]/2+16=136) profile sets. After applying the modified ECVI data 

sampling approach, samples with roughly 10 upper and 10 lower extreme values have been 

eliminated for each profile. So the effective sample size in our experiment is 50. As each 

iteration may involve different strategic factors (aggregated or detailed), notation 
( ) ( )( , )k k

m nS S is 

used to represent the profile information for player A selecting strategy m (m=1, 2, … , 16) and 

player B selecting strategy n (n=1, 2, … , 16) during k
th

 iteration.   

 

Table 5.7: Experiment settings for strategic factors during iterations of experiments 

Iteration Strategic factors 
Strategic 

factor levels* 
Iteration Strategic factors 

Strategic 

factor levels* 

1
st
 Manufacturing L/H 2

nd
 Advertising L/H 
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intensity 

1
st
 Logistics L/H 3

rd
 

Raw material 

inventory coverage 
L/ML/MH/H 

Product safety stock 

coverage 

1
st
 Pricing L/H 3

rd
 

Raw material 

transportation lead 

time L/ML/MH/H 

Inventory 

fulfillment time 

1
st
 Marketing L/H 4

th
 

Raw material 

inventory coverage 
L/ML/MH/H 

Product safety stock 

coverage 

2
nd

 

Raw material 

inventory 

coverage L/H 4
th

 Promotion depth L/ML/MH/H 

Product safety 

stock coverage 

2
nd

 

Raw material 

transportation 

lead time L/H 5
th

 

Raw material 

inventory coverage 
L/ML/MH/H 

Inventory 

fulfillment time 

Product safety stock 

coverage 

2
nd

 
Promotion 

depth 
L/H 5

th
 

Advertising 

intensity 
L/ML/MH/H 

*L: low, ML: medium low, MH: medium high, H: high. 

 

5.4.2 Experimental Results 

This section will describe the experimental results and demonstrate the effectiveness of 

the proposed game solving and analysis procedure under the hybrid simulation framework. For 

the limited space, only pure strategy equilibrium(s) are analyzed in this section. 
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Figure.5.7: Evolution of game equilibriums  

 

Figure 5.7 depicts the percentage of game equilibriums computed for all 5 iterations, in 

which the horizontal axis represents the solution percentage and the vertical axis represents the 

payoff tolerance. As it is a duopoly game, it is highly believed that the solution profile has the 

symmetric strategy for the two players (i.e. 
1 2

( ) ( )
( , )

k k
n n

S S  with 1 2n n ). That’s the reason why we 
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only draw the symmetric strategy in Figure 5.7, and notify other potential solution strategies as 

“Others”. Based on Figure 5.7, as the payoff tolerance increases within each iteration, the 

empirical game tends to involve more equilibriums than the case under zero tolerance. As the 

tolerance value is highly related with the sample size of each profile, it is difficult to reduce the 

tolerance by sampling more data (sampling cost is limited). However, the suspected solution 

profile with its neighborhood strategies, which only involves roughly 8 to 12 data points, can be 

extracted out and sampled with more data points. Another observation from Table 5.8, which 

conforms to our intuition, is when the sample size enlarges from 50 to 500, the half width of 

confidence interval for each potential solution payoff reduced. As the iteration proceeds (from 

Iteration 1 through 5), the half width of confidence interval also decrease, which indicates the 

estimated equilibrium is closer to the true equilibrium. However, under the sample size of 500, 

the decreasing trend of the confidence interval values is not as salient as that for the case with the 

sample size 50 or under.  

 

Table 5.8: Comparison of solution profiles and corresponding payoffs  

Iteration ES1 ES2 

Payoff for player 1 Payoff for player 2 

Sample 

size=500 

Sample 

size=50 

Sample 

size=500 

Sample 

size=50 

Mean HW Mean HW Mean HW Mean HW 

1
st
 8 8 23967 449 23333 1257 23922 467 23265 1184 

2
nd

 14 14 24438 450 23952 1129 24452 461 24401 1073 
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3
rd

 4 4 24854 422 25829 924 24845 441 24539 822 

4
th

 16 16 25428 408 23778 915 25505 415 25671 841 

5
th

 16 16 26178 397 26964 729 26305 408 28235 866 

*ESi: Equilibrium for player i 

 

To evaluate the game equilibrium robustness (weakness vs. strictness), a group of 10 

samples close to the estimated Nash equilibrium (its neighborhood that have the similar payoff 

values with it) have been selected in each iteration. Two sample t-tests (hypothesis testing

0 1 2:H   , 1 1 2:H   ) are then performed on each pair of selected data samples, followed by 

the two-tailed P-value calculation. Figure 5.8 organizes the calculated P-values into the box-plot, 

in which a reduced trend of major portion (25%~75%) and the median of data are observed over 

iterations for both player A (left) and B (right). In other words, initially (Iteration 1 or 2) the 

game equilibrium is not significantly different from its neighborhood values; while after several 

iterations, the game equilibrium is almost all significantly different from its neighborhood values 

(Iteration 5). From the results of box-plots, a conclusion can be made: the game equilibrium(s) 

evolves from weak to strict during iterations of the game solving and analysis procedure. 
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(a)       (b) 

Figure 5.8: Box-plots for the P-values of two sample t-test on solution profile with its neighbor 

profiles: (a) player A and (b) player B. 

 

Another statistical test involves the equilibrium comparisons over different iterations. As 

there seems an increasing trend of equilibrium payoff over iterations, this test helps to identify 

how significantly different each pair of equilibrium payoffs is. The one-sided hypothesis testing 

was constructed with 0 1 2:H   , 1 1 2:H   ; and the comparisons were performed between 

iterations. Figure 5.9 shows the comparison results in a bar chart, where the horizontal axis 

numbers (1 through 7) correspond to comparison groups of (1 vs. 2), (2 vs. 3), (3 vs. 4), (4 vs. 5), 

(3 vs. 5), (2 vs. 5), and (1 vs. 5), respectively. The one-tailed P-values of all comparisons are 

listed at the bottom of Figure 5.9. From the figure, it is observed that every iteration improves the 

game equilibrium payoff with different extents, while the equilibrium result of the last iteration 

(5) is significantly larger than those of all the previous iterations.  

 



154 
 

 

Figure 5.9: Comparisons of P-values for solution payoffs between iterations 

 

Lastly, experiment results on game stability issues are provided in Table 5.9. To ensure 

the steady state, each player was deciding its strategies repeatedly for an extremely large amount 

of times (e.g. 2000 times/steps in our study). From Table 5.9, a decreasing trend of instable area 

is observed through iterations 1 to 5 (from 26.17% to 14.84%). Considering the stability set from 

iterations 1 to 5, the asymptotic stability area increases from 2.34% to 69.53%, and the marginal 

stability area decreases from 71.48% to 15.63% (iteration 4 is an abnormal case and needs 

further investigation). A larger stable area brings a greater portion of points that can eventually 

converge to the game equilibrium or its acceptable tolerance region. So, the players or game 

analyst will have an increased confidence to believe that the calculated equilibrium could be 

achieved. 
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Table 5.9: Comparison of profile stabilities under tolerance  

Iteration 

Ratio of AS 

profiles 

Ratio of MS 

profiles 

Ratio of instable 

profiles 

1
st
 2.34% 71.48% 26.17% 

2
nd

 14.84% 57.81% 27.34% 

3
rd

 21.09% 58.20% 20.70% 

4
th

 10.55% 76.56% 12.89% 

5
th

 69.53% 15.63% 14.84% 

*AS: Asymptotic Stable, MS: Marginal Stable 

 

In addition to the game-theoretic analysis, the proposed simulation framework can be 

used to help the company managers gain useful insights through comparative analysis. For 

example, Figure 5.10 summarizes the simulation state comparisons between equilibriums of 

iterations 1 and 5. Note that the horizontal axis in all figures is the simulation run length. It is 

observed that the warm-up period takes roughly 40~50 days, so the simulation replication length 

has been set as 100 days (horizontal axis) to reach the system steady state. In addition, the 

random noises and disturbances are intentionally created to test how both players perform. As 

observed in Figure 10, although the averages of all the outputs are almost identical, the 

simulation steady state of game equilibrium in iteration 5 (right figures in Figure 5.10) in general 

is more stable and involves less variations than the one in iteration 1 (left figures in Figure 5.10) 

given the same amount of noises and disturbances. The weak dominance in iteration 1 is more 

sensitive and may change between the two players over time depending on the disturbances. The 

1500 
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changing trend tends to last long, and the changing amount tends to accumulate high before 

company takes appropriate actions to compensate. Under the strict equilibrium, the dominance is 

shared by the two players and is not quite sensitive to the disturbances. 

 

 

 

 



157 
 

 

Figure.5.10: Comparisons of simulation steady state in game equilibriums of two players 

between iterations 1 and 5 

 

In summary, given the duopoly case study scenario, as the iteration proceeds in our 

experiments, the following experimental results have been found:  

 The estimated solution payoff can reach the true solution payoff closer, which enhances 

the accuracy of equilibrium results. 

 The game solution has moved from a weak to a strict equilibrium, which improves the 

quality of game equilibrium. 

 The estimated payoffs for both players increase, which provides a better win-win 

situation to the game. 

 The asymptotic and marginal stable profiles with respect to the game equilibrium are 

found to increase, which enhances the game stability. 

 

5.5 Summary 

In this chapter, we proposed a novel hybrid simulation model which integrates agent-

based simulation for consumer market activities and system dynamics model for duopoly 
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companies’ supply chain operations. Based on the proposed model, we developed a novel game 

solving and analysis procedure, which involve various components such as strategy refinement, 

data sampling, game solving, and performance evaluation to resolve the simulation-based 

empirical game. Then, experiments are conducted, where soft drink duopoly scenarios are 

considered involving different decision variables and experimental iterations. Experiment results 

have successfully demonstrated 1) effectiveness of proposed simulation framework in terms of 

integrating supply chain operations, marketing activities, and estimating the player strategic 

movement, 2) effectiveness of proposed game solving and analysis procedure in terms of 

achieving reduced estimated errors, improvement, robustness, and stability for game 

equilibriums. 
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CHAPTER 6 THE MULTI-AGENT REINFORCEMENT LEARNING FOR SUPPLY 

CHAIN COMPETITIONS 

 

The goal of this chapter is to resolve the extended problem settings discussed in previous 

sections with multiple time periods under stochastic environment conditions (e.g. market 

base/size changes). To this end, a multi agent reinforcement learning framework is adopted, 

where different types of learning strategies can be drawn considering exploration and 

exploitation, learning rate with different decay patterns, and eligibility/replacing trace. In 

addition, the convergence condition and speed issues are also discussed. Experiment results 

suggest the best learning strategies to use depending upon different problem scenarios. 

 

6.1 Background of Markov Decision Processes and Reinforcement Learning 

According to Bellman (1957), Howard (1960), and Puterman (1994), Markov decision 

processes can be completely defined with a five-tuple set { , , , (~| , ), ( , )}s t tT S A p s a r s a , where T 

represents the time horizon, S represents the state space of considered problem, AS represents the 

action set, (~| , )tp s a represents the transition probability given the current state s, and action a, 

( , )tr s a is the reward function given the current state s and action a (to separate with previous 

sections, these notations will be preceded with word “mdp” upfront, e.x. _ ( , )tmdp r s a ). In 

addition, decision rules are defined as functions mapping from state space to the action set, and 

policy is constituted of a series of decision rules over different state spaces. In general, the 

decision rules can involve two different dimensions: action choice (deterministic vs. 

randomized), and history dependence (markovian vs. history dependent). According to the 

problem time horizon, Markov decision processes can be classified into finite-horizon and 
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infinite-horizon problems. In finite-horizon problem of Markov decision processes, the backward 

induction (e.g. dynamic programming) algorithm can be applied to find the optimality solution. 

Considering infinite-horizon problem of Markov decision processes, three different criteria are 

usually applied to capture the value of a policy: the expected total reward, the expected total 

discounted reward, and the average reward (Puterman, 1994).  

Equations (6.1), (6.2) and (6.3) represent the expected reward under finite horizon 

setting, infinite horizon discounted setting, and average reward setting (where M goes to 

infinity). 

 1
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_ _ _
M

t k t

k

E mdp r mdp s mdp s 
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The optimal deterministic stationary policy exists when either one of the following policies is 

satisfied 1) the state space is discrete, and action space is finite and compact, 2) the state space is 

discrete, and reward and transition probability function are continuous. Under the finite horizon 

setting, dynamic programming (Howard, 1960; Bertsekas, 1995) can guarantee the optimal 

solution to be found by following the procedure described below: 

 Step 1: set t=n, and *_ ( ) _ ( )N N N Nmdp u s mdp r s  

 Step 2: substitute t-1 for t and compute *_ ( )t tmdp u s by 

* *

1_ ( ) max{ _ ( , ) _ ( | , ) _ ( )}t t t t t t t

j S

mdp u s mdp r s a mdp p j s a mdp u j



 
 

 Set 

*

1arg max{ _ ( , ) _ ( | , ) _ ( )}t t t t t

j S

mdp r s a mdp p j s a mdp u j
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 Step 3: if t=1, stop; otherwise, return to step 2. 

 

When the infinite horizon is concerned, the expected total discounted reward can be used 

and the Bellman optimality equation (Equation (6.4)) is needed as follows: 

 1_ ( _ ) _d

d dmdp v I mdp P mdp r     (6.4) 

Theoretically, given a formulation of Markov decision processes with all the parameters known 

(e.g. transition probability matrix, reward vector), the long-run expected value of a policy can be 

derived. There are two approaches of iterations for dynamic programming: policy iteration and 

value iteration. However, no matter which approach is used, model-based solution approaches 

suffer from the curse of dimensionality in general, which will make the computation burden very 

intensive (Sutton & Barto, 1998). Model-free solution techniques can resolve this issue without 

the full knowledge of state spaces and action choices. There are two major groups for the model-

free solution techniques: named Monte Carlo method and Temporal Difference learning method 

(Sutton & Barto, 1998). Figure 6.1 illustrates the procedure of single agent reinforcement 

learning, where an agent iteratively takes action and observes current reward and next state over 

the learning process.  
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Figure 6.1: Illustration of single agent reinforcement learning 

 

Two key concepts related to reinforcement learning are summarized here: state value 

function and Q-value (Bellman 1956; Howard, 1960; Puterman, 1994; Bertsekas, 1995; Sutton & 

Barto, 1998). The state value function, represented in Equation (6.5), is the discounted total 

reward in an infinite horizon setting under the current state s and the action policy π. The Q-

function in Equation (6.6) represents the discounted total reward over infinite horizon under the 

current state s, action selection a, and action policy π. From the two formulas, the state value 

function can be represented via a combination of Q-values multiplied with the probability of 

varying different initial action choices. 

 1

0

( ) ,k

t k t

k

V s E r s s  
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Furthermore, as the competition between two companies is concerned, multi agent 

reinforcement learning (Claus & Boutilier, 1998; Hu & Wellman, 1998; Busoniu, Babuska, & 
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De Schutter, 2008) is employed for resolving the stochastic game. Before considering the 

problem setting and algorithm details, the optimality solution condition (equilibrium condition) 

is provided: (Filar & Vrieze, 1997) a strategy pair * *

1 2( , )   is an equilibrium point if and only if 

the following conditions are satisfied component-wise: 

*
1 1

1 1( ) ( )V s V s
 

 , for all s 

*
2 2

2 2( ) ( )V s V s
 

 , for all s 

As far as the equilibrium existence is concerned, one of the theorems in Chapter 4.6 of 

Filar and Vrieze (1997) states that: every nonzero-sum discounted stochastic game has at least 

one equilibrium point in stationary strategies. Furthermore, a corollary based on the theorem 

provides a sufficient and necessary condition for equilibrium: a strategy pair * *

1 2( , )   is an 

equilibrium point if and only if *

1 is a best response against *

2  and *

2  is a best response against 

*

1 . The detailed proof and reasoning of these theorems are omitted and interested readers are 

directed to Filar and Vrieze (1997) for further details. 

 

6.2 Problem Setting in the Supply Chain Newsvendor Competition Context 

This section first provides the supply chain problem setting, which motivates the use of 

learning techniques. The initial (or base) problem is based on the setting that 1) the supply lead 

time is one decision period, which means the order placed this period will arrive at the start of 

next decision period; 2) the product can only be sold in one period (perishability duration), which 

means at the end of the period all the unsold products need to be disposed; 3) the backorder will 

not be fulfilled in the following periods as the customer will seek products from the other retailer 

or find substitutions to the original product (however, backlog penalty cost will be incurred); 4) 
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the pre-orders before the sale season are not allowed for the customers. Equation (6.7) can be 

used to represent the profit of the baseline problem during a single period; however, given the 

possible problem variations, other cost items can be easily added. For example, the product 

holding cost can be added if the product will last for several periods, the product purchasing cost 

can be added if the upstream supplier is considered, the product replenishment cost per order can 

be added if the transportation is considered.  

 

( )

( )

px wq v q x if q x

pq wq y x q if q x


   
 

     (6.7) 

For the baseline scenario, the base demand (market base) and demand variability are used 

together to represent the system state. As the newsvendor setting is used in the game, leftover 

inventory is always salvaged and unfulfilled orders are penalized at the end of each period. Thus, 

the initial inventory position for each period is zero, and the demand is the main factor to 

determine the system state. The action sets are the combination of the product price and service 

level, whose values vary according to different dominant factors (i.e. price or service) in the 

competition. The game is played for multiple iterations with fixed time duration for each period. 

After each play, the game payoffs (each retailer’s profit) of the current period are calculated and 

recorded, and then the game is transited into a random state that is the initial system state for the 

next period. This process continues until the pre-defined number of learning steps (i.e. total 

number of periods) is reached. In the experiment section, some of the assumptions discussed in 

the previous paragraph will be relaxed to represent different problem scenarios. 

The monotonic increasing or decreasing demand pattern will not impact the final learned 

strategy due to the following reason. During learning, the first amount of learning iterations is 

dedicated to the action exploration. So no matter which demand pattern is adopted, as long as 

there are significant amount of exploration steps, all the state-action pairs will be tried out and 
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the best ones will be selected in the later exploitation stage. Thus, the final learned strategy will 

not be impacted by the particular demand changing pattern; however, the demand changing 

pattern will play a role during the early learning stage (exploration stage) so that the learning 

path will be slightly different. 

 

6.3 Multi-agent Reinforcement Learning for the Newsvendor Competition  

Among lots of learning models available in literature, a reinforcement model is selected 

in this work. As the learning involves two decision makers, the multi-agent reinforcement 

learning will be used. Figure 6.2 demonstrates a general procedure for a two agent reinforcement 

learning, in which the action selections, state and reward updates of two agents are illustrated. 

 

 

Figure 6.2: Illustration of multi agent reinforcement learning with two agents 

 

There are two categories of multi-agent reinforcement learning models based on the 

learners’ characteristics: equilibrium learner and best response learner. The equilibrium learner 
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aims to learn the equilibriums in the stochastic game, while the best response learner targets to 

learn the best response policy with respect to its competitors’ or collaborators’ strategies. This 

work adopts a particular type of multi-agent reinforcement learning model for best response 

learners called Opponent Modeling Q-learning, which was originally proposed in Uther and 

Veloso (1997). The reasons for adopting this model comparing with the models for equilibrium 

learners are that 1) model for best response learners captures the behavior when its opponents 

select non-equilibrium strategies or actions; 2) when the learner’s opponents select the 

equilibrium action(s), the learner will choose the best response of such behavior, which results in 

the game equilibrium. According to Uther and Veloso (1997), the Opponent Modeling Q-

learning algorithm procedure used in this work is depicted below: 

 

1) Initialize  , , 0i iQ s a a  ,  , 0iO s a  , ( , ) 0iC s a  , ( ) 0N s  ;

 ,  ,i is S a a A     

2) Randomly select an initial state s, then repeat the following loop until the predefined 

number of learning steps is reached. 

Loop 

a. Update the following equation for every state 𝑠 

   
( , )

, , ,
( )

i

i
i i i

a

C s a
O s a Q s a a

N s



  

b. Select action 𝑎𝑖 that maximizes  , iO s a ; balance exploitation and exploration 

with corresponding policy. 

c. After choosing action
ia , observe the reward r,  system next state 

's , and the other 

agent’s action 
ia
. 



167 
 

d. Update the follow equations 

       ', , , , max ,: , ,i i i i i iQ s a a Q s a a r O s Q s a a   
    
   

   , , 1i iC s a C s a  
 

    1N s N s 
 

's s  

End Loop 

 

6.3.1 Exploration vs. Exploitation 

Balancing the exploration and exploitation is the key topic in multi agent reinforcement 

learning. A generic way of balancing the trade-offs between exploration and exploitation can be 

expressed below.  

    behavior explore exploitΠ Π 1 Πt t   
 

As seen from the equation, the adjustment parameter θ(t) is dynamically changing over time. 

Thrun (1992) provided a survey about learning exploration. At the early stage of learning, 

significant portion of efforts need to be deployed for exploring different actions and populating 

the Q-value matrix. As the learning progresses, more computational resources are gradually 

assigned for exploiting the already established state-action pairs. Eventually, the exploration 

efforts are minimized and the established action sets will be utilized till the end. There exists 

various policies for balancing exploration and exploitation, and for this work, we will discuss the 

 -greedy policies and softmax policies in the experiments. Table 6.1 summarizes the two 

policies with their formulations. 
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Table 6.1: Action policies for balancing between exploration and exploitation 

Policies Formulations 

 -greedy policy with mixed decay parameter  2

1max ,coun ut count  


 

softmax policy with Boltzmann distribution 

(mixed decay temperature parameter) 

  '

'

( , )/

( , )/
,

Q s a

Q s a

a A

e
s a

e











, where 

 2

0 01max ,count count
   

  

* count represents the total number of learning steps taken by far. 𝜏 is the temperature parameter. 

1 2, (0.5,1)   .  

 

6.3.2 Learning Rate 

Learning rate is another significant factor for guiding the learning process. At the start of 

learning, the learning rate is usually large for exploring the decision space and acquiring new 

information. As the learning process progresses, the learning rate should be gradually diminished 

given the accumulated knowledge of the system. Eventually, the learning converges to the steady 

state with a relatively small value (or zero) of learning rate. There exist different patterns for 

diminishing the learning rate over time. Table 6.2 summarizes the ones that are used in this 

work. 
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Table 6.2: Learning rate patterns 

Learning rates Representations 

Learning rate with exponential decay 1

( , )

,

n s a

s a 
 

Learning rate with polynomial decay 

(linear decay when
1 1  ) 

2

, ( , )s a n s a  
  

* ( , )n s a  represents the number of steps action a has been taken when visiting state s. 

 1 0.5,1  , 
2 (0.5,1]  . 

 

In this work, the combination of above mentioned balancing policies and learning rate 

patterns constitute the player’s behavior strategy. As finding the best response strategy is one of 

the main objectives in this section, experiments are conducted to test every possible strategy of 

player against all strategies of its opponent. This way, the performance of different behavior 

strategies can be compared and the optimal behavior strategy can be selected.  

 

6.3.3 Eligibility Trace and Replacing Trace 

By adding the lead time consideration, the supply chain payoff (i.e. profit) is usually 

delayed. Thus, eligibility trace/replacing trace (Sutton & Barto, 1998) can be applied in this case 

to best capture the delay payoff during learning. The logic of eligibility trace and replacing trace 

are illustrated in Equations (6.8) and (6.9), respectively. The difference between the two traces 

lies in the second condition (when s=st), where the eligibility trace keeps adding up the 

cumulative trace effect and the replacing trace reset the trace number to 1. There is a variation 

for the replacing trace represented in Equation (6.10), where both state and action are considered. 
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When the state is the current state and action is the one considered in the trace notation (i.e. 

et(s,a)), the trace number is set as 1; when the action is not the one considered in the trace 

notation, the trace number is set as 0.  
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6.4 Convergence of Multi Agent Reinforcement Learning 

As discussed before, the multi agent reinforcement learning can be seen as the extended 

version of reinforcement learning with multiple decision makers (agents) involved. According to 

Bowling and Veloso (2002), a multi agent reinforcement learning algorithm for player i is said to 

converge to a stationary policy 𝜋, if given any possible state ( s S ) of the system and action set 

( i ia A ), there exists a time point t and 0  that satisfies the following condition: 

If ( , ) 0P s t  , then ( , ) ( , )i iP a s t s a    

Where ( , )P s t is the probability of system visiting state s at time point t, ( , )iP a s t is the 

probability of player i selecting action ai, when system visiting state s at time point t. In this 

section, the focus is to discuss the convergence conditions and speed for the multi agent 

reinforcement learning algorithm.  
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6.4.1 Convergence Conditions 

In general, the following assumptions are required for multi agent reinforcement learning 

algorithm to converge (Hu & Wellman, 1998; Bowling, 2000).  

 

Assumption 1: 

The strategy set (action selection policy) contains both pure and mixed policies. 

 

Assumption 2:  

Given a number 𝛿 with any possible large value, the following equations hold: 

( )lim ( ) 1k

i
k

P N s 


     

( )lim ( ) 1k

i
k

P N a 


     

Where ( ) ( )k

iN s  is the number of times that player i visits state s in the previous k steps, ( ) ( )k

iN a  

is the number of times that player i selects action a in the previous k steps. The assumption states: 

theoretically, in order to ensure the algorithm converges, every state and action should be visited 

infinite times. 

 

Assumption 3: 

The learning rate at a particular time point t satisfies the following conditions: 1) 0 1t  , and 

2) non-decreasing. In other words, this assumption requires the learning rate to be between 0 and 

1, and the summation of it over time should be unbounded ( lim ttt



 ). 

 

Assumption 4:  
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Equilibrium exists and must satisfy either one of the following two conditions: 

1) The equilibrium is optimal in the global setting, 

2) When the equilibrium attains, a lateral deviation of one player’s strategy results in higher 

payoff of the other player.  

 

6.4.2 Convergence Speed 

Generally, the number of steps needed for convergence can vary from hundreds to 

millions of steps, even when the convergence can be guaranteed. Specifically, the number of 

learning steps needed for convergence depends closely on 1) the problem complexity (e.g. total 

number of states and actions), and 2) the learning parameters (e.g. learning rate, discounting rate, 

trace-decay parameter) and action selection policy (i.e. to balance of exploration and 

exploitation). The larger trace-decay parameter tends to make the algorithm converge slower. It 

is noted that as the number of states and actions increases, the required number of simulation 

steps to convergence will deviate more.  

To balance the trade-off between exploration and exploitation is the key issue in 

reinforcement learning. When the multi agent reinforcement learning is extended to include 

multiple players, other players’ behaviors bring more uncertainties and dynamics into the 

learning environment. As a result, various multi agent reinforcement learning algorithms 

essentially conduct random exploration at their early stages by enumerating every single state-

action pair (Bianchi, Martins, Ribeiro, & Costa, 2014). Over time, the easiest and well-adopted 

policy involves a long trail-and-error process to approximate the Q-value. Thus, to reduce the 

number of steps needed for convergence (i.e. improve the learning speed), several main 

techniques for accelerating the multi agent reinforcement learning are summarized. 
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The first technique appears to be the eligibility traces (discussed in the previous section), 

which was firstly proposed in Sutton (1988). Essentially, an eligibility trace is a temporary mark 

of event occurrence (e.g. state visit, action selection), which is represented as a parameter that is 

eligible for steering changes in the learning process (Sutton & Barto, 1998). Specifically, on each 

step, the eligibility trace increases by 1 for the state visited, and decays for all other states. The 

decay magnitude and speed are controlled by the multiplication of discount rate and trace-decay 

parameter. Under this mechanism, the memory of visited state-action pairs will be carried over 

for several steps, and the corresponding reinforcing events can be filtered out. The eligibility 

traces have been widely adopted by researchers in the machine learning field. 

The second technique involves using a variable learning rate over the multi agent 

reinforcement learning process. Usually, at the start of learning, agents experience lots of new 

reward and state transition information, so the learning rate tends to be larger (i.e. close to 1); 

while as learning progresses, the values of new information diminish, and eventually the learning 

rate should be gradually reduced to 0. Bowling and Veloso (2002) proposed such technique 

firstly, and employed Win or Learn Fast (WoLF) principle for steering the learning process to 

converge. Essentially, the WoLF principle explains as adapting quickly when the learning 

performance is poor, and cautiously when the learning performance is good (Bowling & Veloso, 

2002). Due to other players’ choices, these two situations may switch back and forth over the 

learning. Bowling and Veloso (2002) also showed the convergence results with the particular 

situations defined as poor (losing) or good (winning) performance. Various algorithms (e.g. Nash 

Q-learning, Correlated Q-learning) have adopted such technique for speeding up multi agent 

reinforcement learning.  
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The third technique concerns policy reuse among different learning domains. When a 

new learning task inside one domain is initialized, policies across different domains can be 

reused to speed up the learning process via 1) identifying policies used in the past with similar 

expected patterns in terms of their performances, and 2) applying them to bias the exploration 

process. The Policy Reuse Q-learning was studied in Fernandez and Veloso (2006), and 

Fernandez, Garcia, and Veloso (2010), and for homogeneous and heterogeneous state and action 

spaces, respectively. Matos, Bergamo, da Silva, Cozman, and Costa (2011) discussed a 

simultaneous abstract and concrete reinforcement learning approach, which utilized the policy 

reuse principle discussed herein.  

The fourth technique involves utilizing heuristic function in the action selection, which 

can help speeding up the learning process. Bianchi et al. (2014) defined the policy including the 

heuristic function in multi agent reinforcement learning as the following equation shown: 

( ) arg max min ( , , ) ( , , )
ii

i i i i
aa

s Q s a a H s a a  


 
     

Where ( , , )i iH s a a is the heuristic function, 휀  represents the weight of the heuristic function. 

Different heuristic rules can be chosen for enabling accelerated learning process. Celiberto, 

Ribeiro, Costa, and Bianchi (2008) developed a handcrafted heuristic procedure for robotic 

agents in Robot Cup Simulation, where the experimental results demonstrated the significant 

system performance improvement. Bianchi, Ribeiro, and Costa (2008) proposed a similar 

heuristic algorithm for increasing the learning convergence rate, which was demonstrated to be 

effective and efficient even through very simple heuristics. In general, the variation of the 

heuristic function should be larger than the Q-function, so as to influence the action selection 

process. 
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6.5 Experiments and Results 

6.5.1 Experiment I 

For the learning experiments, the state and action parameter settings are given in Table 

6.3. The state is constituted by two main factors as discussed before: market demand base and 

demand variance. From the table, we can easily find that there are 50 states in total. For the 

action pairs, we assume that the price and service level have a positive correlation (which is 

common in practice), and based on Table 6.3, there are total 900 (30*30) action pairs for the two 

retailers. In addition, the discount factor was set as 0.8  . The initial temperature parameter in 

the softmax policy was set as 
0 1000  . The maximum number of learning steps was set as 

270,000. The decay factors of learning rates were set as 
1 2 0.9   , for the sake of 

comparison between exponential and polynomial decay patterns. The exploration rates were set 

as 
1 0.95   and 

2 0.55   for the first round of experiments.  

 

Table 6.3: Parameter settings for states and actions in learning 

State 

Market demand 

base 

Ranges: (600, 1100), with 

each interval to be 20 

(600, 620), (620,640), … 

(1080,1100) 

Examples: 

(615, 28), (859, 77) 

Note: first value is the 

demand base, second 

value is the demand 

variance 
Demand variance 

Ranges: Low and high levels 

(0, 50) and (50, 100) 

Action Sale price 

Ranges: (6,9), with interval 

0.1 

Examples: 

(6.5, 0.39), (8.5, 0.75) 
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Service level 

Ranges: (0.35, 0.95), with 

interval 0.02 

Note: first value is the 

price, second value is 

the service level 

 

Table 6.4: Strategies and descriptions during the first round of experiments 

Strategy Names Descriptions 

Strategy 1 Greedy policy with exponential decay learning rate 

Strategy 2 Greedy policy with polynomial decay learning rate 

Strategy 3 Softmax policy with exponential decay learning rate 

Strategy 4 Softmax policy with polynomial decay learning rate 

 

In the first round of experiments, the learning performances under the polynomial decay 

learning rate were compared with 1) greedy action policy with exponential decay, 2) greedy 

action policy with polynomial decay, 3) softmax action policy with exponential decay, 4) 

softmax action policy with polynomial decay, which corresponding to Strategy 1, 2, 3, and 4, 

respectively (see Table 6.4). While the symmetric player settings are adopted, Figure 6.3 

represents the learning results with the opponent adopting the above-mentioned 4 different 

strategies under either exponential decay learning rate (Figure 6.3, Cases 1-4) or polynomial 

decay learning rate (Figure 6.3, Case 5-8). Based on Figure 6.3, we found that the softmax action 

policy with polynomial decay performs the worst, and the greedy action policy with polynomial 

decay performs the best. 

Considering the strategy sets 1 and 3, the performance of these two strategies depends on 

the opponent strategy selection. Under Cases 1, 4 and 8, Strategy 1 performs significantly better 
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than Strategy 3. Under Cases 2, 5 and 6, Strategy 3 converges faster than Strategy 1; however, 

Strategy 1 eventually can learn a better value than Strategy 3. Under Cases 3 and 7, the two 

strategies perform almost the same. 

 

 

 

Case 1 
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Case 2 

 

 

 

Case 3 
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Case 4 

 

 

 

Case 5 
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Case 6 

 

 

 

Case 7 
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Case 8 

Figure 6.3: Comparative results of different learning strategies 

 

6.5.2 Experiment II 

 For the second round of experiments, the exact same state and action parameter settings 

are used. However, several parameter values are changed. The initial temperature parameter in 

the softmax policy was changed with 
0 10000  . The maximum number of learning steps was 

changed to 10,000,000 (10 million steps). The exploration rates were changed with 

1 0.999999   and 
2 0.500001  , so that enough number of exploratory steps can be 

performed. Similar setting for the exploration rates can be found in Bab and Brafman (2008). 

 There are two different action selection policies and two different learning patterns 

considered in our opponent modeling Q-learning algorithm. Table 6.5 summarizes the 4 different 
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strategies constituted by these action selection policies and learning patterns. Figure 6.4 

demonstrates the average learned profit under 4 different strategies over the opponent strategies. 

Here from the figure, it is observed that Strategies 3 and 4 have higher values of average learned 

profits over time than Strategies 1 and 2. This is partially because the polynomial decay pattern 

(in learning rate) has a long tail compared with the exponential decay pattern. A further 

inspection into the final learned state-action pairs result in Table 6.6, which summarizes the 

mean square error (MSE) between the final learned state-action pairs and the optimal state-action 

pairs derived analytically. From Table 6.6, it can be seen that Strategy 4 involves the least value 

of MSE. In addition, Figure 6.5 compares the final learned profit values by the four different 

strategies with the optimal profit value derived by analytic solution under a particular state (850, 

75). From the figure, it can be observed that the final learned values of the four different 

strategies gradually increase from Strategy 1 to Strategy 4, with Strategy 4 to be closest to the 

analytical optimal solution. Thus, it can be concluded that Strategy 4 performs the best in our 

strategy pool in terms of learning effectiveness. Next, we will examine the efficiency results of 

these four different learning strategies. 

 

Table 6.5: Strategies and descriptions during the second round of experiments 

Strategy Names Descriptions 

Strategy 1 Greedy policy with exponential decay learning rate 

Strategy 2 Softmax policy with exponential decay learning rate 

Strategy 3 Greedy policy with polynomial decay learning rate 

Strategy 4 Softmax policy with polynomial decay learning rate 
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Figure.6.4: Progression of average profit over the opponent strategies during learning 

 

Table 6.6: Mean square errors of strategies between the final learned and optimal state-action 

pairs 

 Strategy 1 Strategy 2 Strategy 3 Strategy 4 

Sale price 0.3754 0.4014 0.2952 0.1636 

Service level 0.0175 0.0184 0.0139 0.0070 
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Figure 6.5: Comparison between optimal profit by analytic solution and learned profit by four 

different strategies under state (850,75) 
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Figure 6.6: Convergence speed of learning strategies with respect to different strategies used by 

the opponent 

 

 Figure 6.6 demonstrates the convergence speed of different strategies with respect to the 

different strategies played by the opponent. In Figure 6.6, the horizontal axis represents the 

learning iterations, and the vertical axis represents the matching percentage of the current 

selected action sets over the optimal action sets selected by the corresponding strategy at the end 

of learning. From the figure, it can be observed that the action policies under the polynomial 

decay learning rate (purple and green lines) are relatively insensitive compared with the action 

policies under the exponential decay learning rate (red and blue lines) over the four strategies 

played by the opponent (i.e. player 2). Under the greedy action policy played by the opponent, 

the optimal strategy (i.e. Strategy 4) of the player tends to converge slowly; however, under the 

softmax action policy played by the opponent, the convergence speed of the player’s behavior 

strategy varied significantly. For the best strategy (purple line), its converging patterns among 

the four strategies by the other competitor are quite similar: it spent similar amount of 
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computational resources first to explore the decision space, then converged to the optimal 

solutions and keep exploiting them. 

 Considering the real practice, the exploration rate and the learning rate need to be 

matched within an appropriate range in order to synchronize the learning process. If the 

exploration rate decays much faster than the learning rate, the learning could end up to be pre-

mature, and eventually converge to the local optimal solution; if the exploration rate decays 

much slower than the learning rate, then, the newly explored information (i.e. Q value of new 

state-action pairs) will not be fully utilized and contributed into the final learned value.   

  

6.6 Summary 

In this section, a multi agent reinforcement learning algorithm (i.e. opponent modeling Q-

learning) is adopted for resolving the extended newsvendor competition problem considering the 

product price and company service level (inventory). The background information on Markov 

decision processes and reinforcement learning techniques are provided, followed by the 

motivation of learning approach. For the details of opponent modeling Q-learning algorithm, 

different behavior strategies are constructed in terms of 1) action selection policies, and 2) 

learning rate patterns, followed by the convergence discussion. For the experiments, two rounds 

of experiments are conducted with different parameter settings used. The key findings of 

experiments are summarized below: 

1. The performance of a particular learning strategy depends significantly on the learning 

parameter setting, especially the temperature value for the softmax policy and rate for 

balancing exploration vs. exploitation.  

2. As the temperature value and balancing rate increase, the softmax policy tends to perform 



187 
 

better. However, the greedy policy doesn’t necessarily conform to this pattern. 

3. With a significantly high temperature value and balancing rate, the softmax policy 

performs slightly better than the greedy policy under the same learning pattern, the 

learning pattern with the polynomial decay performs better than the one with the 

exponential decay under the same action policy. 

4. The convergence of the learning with exponential decay is relatively fast, but may not 

necessarily converge to the optimal solution; however, the learning with polynomial 

decay converges relatively slow, but it finds better solutions for both players than the one 

with exponential decay. 
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CHAPTER 7 SUMMARY AND FUTURE WORK 

 

7.1 Summary of Research Works 

In this dissertation research, an integrated simulation, learning and game-theoretic 

framework has been proposed to address the inventory and supply chain competition. The 

proposed framework was composed of different modules including 1) simulation-based game 

platform, 2) game solving and analysis module, and 3) multi-agent reinforcement learning 

module.  

The proposed integrated framework was illustrated for a supply chain system under the 

newsvendor problem with various scenarios. Specifically, in Chapter 3, an extended newsvendor 

competition considering both the product price and company service level was studied with the 

assumption that each retailer has the full knowledge of the other retailer’s decision space and 

profit function. Furthermore, the existence and uniqueness conditions of a pure strategy Nash 

equilibrium under additive and multiplicative demand forms were derived. In Chapter 4, to 

extend decision space and enrich the payoff function of the considered problem, a formal 

modeling architecture of service-oriented simulation integration platform was discussed, 

followed by a hybrid simulation-based game framework involving systems dynamics and agent-

based modeling in Chapter 5. Various numerical analyses were presented in these two chapters. 

In Chapter 6, under partial/incomplete information setting, a multi-agent reinforcement learning 

technique was employed, where each retailer cannot observe the full decision space of opponents 

but only their behaviors. Under such setting, different learning strategies between the two 

competitors were investigated, and the best learning strategies under different problem scenarios 

were examined. 
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This research has made significant contributions in the following areas: 1) extended 

newsvendor competition, 2) service oriented simulation integration platform, 3) simulation-based 

game modeling, 4) multi agent reinforcement learning, 5) inventory control, price optimization 

and supply chain management. The details of these contributions are provided below. 

 

7.1.1 Contributions in Extended Newsvendor Competition 

In general, newsvendor competition under multiple control variables is a challenging 

problem. In both practice and research fields, the issue has not been fully explored and 

understood due to the potential confounding effects of multiple factors and corresponding 

mathematical complexity. In this research, the existence and uniqueness conditions for a Nash 

equilibrium were derived under either price or service dominant newsvendor competition with 

both additive and multiplicative demand forms. The managerial insights were discussed with 

varying product wholesale prices and overage and underage costs, which have not been found in 

other works. 

 

7.1.2 Contributions in Service Oriented Simulation Integration Modeling  

The service oriented simulation integration platform contributes as an innovative 

modeling methodology that integrates enterprise, shop and cell level simulations in a coherent 

manner. To illustrate the proposed platform, the service identification, specification and 

composition were explicitly described under the current supply chain problem setting. 

Experiments have been conducted to illustrate and test performance of the web service in dealing 

with varying numbers of simulation federations. In addition, the benefits of employing the 
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service oriented simulation integration platform to reduce operation variations were also 

discussed.  

 

7.1.3 Contributions in Simulation-based Game Modeling 

The major contributions of this part are summarized as follows: 1) a novel simulation-

based empirical game platform was proposed, which overcomes the major drawbacks of closed-

form mathematical equations in terms of modeling comprehensiveness; 2) a novel simulation-

based game solving and analysis procedure was proposed, which covers major topics in the field 

of game theory such as strategy refinement, data sampling, game solving, and performance 

evaluation. In fact, the proposed simulation platform allows for an accurate representation of the 

real world scenario, and it is intended to address such games involving a large strategy space and 

detailed/rich payoff function. Besides, the proposed platform is generic and can be re-used and 

further enhanced based on the user requirements.  The proposed game solving and analysis 

procedure is platform independent and can be applied to resolve other similar simulation-based 

games.   

 

7.1.4 Contributions in Multi Agent Reinforcement Learning 

According to Ravulapati et al. (2004), there were no computational tools available in the 

open literature for solving a general sum stochastic game. To the best of my knowledge, there 

lacks open literature thereafter for addressing this issue. So this dissertation is believed to be one 

of the first works on developing such an integrated computational framework (together with the 

simulation-based game), which can evaluate various different learning strategies while 
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incorporating various decision variables (e.g. stocking, pricing), different impacting factors (e.g. 

random demand and supply lead time), and player interactions (e.g. competition and 

collaboration). Often times, the optimal solution requires significant amount of episodes for 

learning, which may not be efficient in terms of cost and time usage. Under varying learning 

requirements, a best fitting learning strategy can be selected using the proposed approach 

considering the trade-off between learning performance vs. efficiency. 

 

7.1.5 Contributions in Inventory Control, Price Optimization and Supply Chain 

Management  

Finally, this research contributes to the inventory control and supply chain management 

research community by studying non-stationary demand forms, integrated stocking and pricing 

decision making, and multiple retailer completion. The developed system is quite novel, and the 

managerial insights obtained from the study will provide future research opportunities that will 

not be possibly be drawn based on other approaches based only on analytical approaches.  

 

7.2 Future Directions of Research 

While this dissertation has presented an integrated simulation, learning and game-

theoretic framework for addressing the dynamics of supply chain competition, there exist future 

research directions that are worthy to explore. 

Integrating the random supply yield and stochastic demand (e.g. price-dependent 

demand) has not been addressed much. From the retailer’s perspective, the decision of ordering 

quantity is not only related to the product market price, but also linked with the supply yield. 
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More research works are needed to understand better on how the newsvendor ordering decision 

will be coordinated with the random supply and demand under different conditions (e.g. demand 

distribution and supply lead time). 

In terms of simulation-based game, other scenarios can be used to test the scalability of 

the proposed simulation testbed with the game solving and analysis procedure. A mathematical 

proof for the effectiveness and convergence of the proposed game solving and analysis 

procedure will enhance the practicability issue and help to adapt the approach depending on 

distinct conditions. In addition, the approaches (e.g. EVC, EVI, ECVI, TABU best response, 

MRFS) for guiding sampling in the simulation-based game discussed before are all based on a 

finite game setting. The extension of these algorithms to the infinite game setting needs more 

attentions. Vorobeychik (2008) pointed out that the problem in an infinite game setting has 

become so complex that even the payoffs contain no noise. In addition, the robustness and 

sensitivity of the algorithm to the different game settings (e.g. static vs. dynamic game, perfect 

vs. imperfect game) should be better understood.    

Furthermore, the current formulation of multi agent reinforcement learning (i.e. opponent 

modeling Q-learning) is based on fully competitive agents’ activities. To achieve the coordinated 

learning, the decomposition of system Q-function into the joint Q-values between agents should 

be defined. Then the sequence of selecting actions can be set identical with the variable 

elimination algorithm. The action selection policy and Q-value estimation mechanism can be 

designed in a similar manner with the opponent modeling Q-learning algorithm. For the mixed 

case, the game core will be used, which maximizes the game payoff in the coordinated setting. 

After that, the actions are selected in a sequential manner from the leader to the follower. 
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Lastly, supply chain risk can be additionally considered. Various risk categories are 

identified in industry on qualitative risks of a supply chain system such as internal enterprise 

risks (e.g. planning failures and financial uncertainty), distribution risks (e.g. cargo damage or 

theft, IT system failure), supplier risks (e.g. physical and regulatory risks), external, 

environmental, and end-to-end risks (e.g. natural disasters, sabotage, terrorism, crime, war). 

Different quantitative risk analysis approaches have been proposed to address the risk measure in 

the field of inventory management, which includes von Neumann-Morgenstern utility functions 

(i.e. expected utility theory), mean risk analysis (mean-variance analysis), and coherent measures 

of risk (e.g. conditional value-at-risk methods). Such approaches can be added into the 

newsvendor competition, which will provide additional managerial insights.  
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APPENDIX A: Instructions on Connecting Simio Models via Web Service 

 

This appendix will explains how to set up distributed simulation for multiple Simio models.  

Let’s assume you already have one Simio model as shown in the following figure.    

 

 

Procedure of Setting up Two Simio Models for Distributed Simulation 

 

1. Before starting Simio, copy the “Updated_Service.dll” file under the directory: 

C:\Program Files (x86)\Simio\UserExtensions (Note: different computers may have 

different paths for this folder depending on the computer setup; if you can’t find the path 

as indicated, simply locate the place where your Simio software is installed, put the 

“Service.dll” file under the “UserExtensions” folder); 

 

2. Open Simio (or a stand-alone model;  Note this can be any existing simulation model 

existing at Boeing), drag and drop ModelEntity from Project Library, Source and Server 

from Standard Library into the Facility Window as shown in the following Figure; then 
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use Connector from the standard library to connect the “Output@Source_1” to the 

“Input@Server_1”, and then connect the “Output@Server_1” to the “Input@Server_1” 

as shown below: 

 

 

 

3. Go to Process window, click Create Process button, then click User Defined button on 

the lower-left corner of the screen, drag and drop three Service steps between your Begin 

and End point of the process as Figure shown below; and in the Basic Logic property at 

the right corner of the window, set the value of Indicator as 1, 1.1 for Service1, Service2, 

respectively.  (For the reason of setting the value as 1 and 1.1, I provide an explanation at 

the end of this section.) 
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4. Then go back to the Facility window, click on the Source_1 object, set the Entity Type as 

ModelEntity1 (or DefaultEntity) in Arrival Logic, set the Maximum Arrivals in 

Stopping Conditions as 1, the Exited in Add-On Process Triggers as Process1 (or the 

name of Process you have used the Service block and Indicator value equals to 1)   
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5. Then at the Facility window, click on the Server_1 object, set the Processing Time in the 

Process Logic as 1 hour; set the Entered in Add-On Process Triggers as Process2 (or 

the name of Process you have used the Service block and Indicator value equals to 1.1) as 

the screenshot shown below: 

 

 

 

 

6. Open another Simio (or a stand-alone model;  Note this can be any existing simulation 

model),, drag and drop ModelEntity from Project Library, Source and Server from 

Standard Library into the Facility Window as shown in the following Figure; then use 
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Connector from the standard library to connect the “Output@Source_1” to the 

“Input@Server_1”, and then connect the “Output@Server_1” to the “Input@Server_1” 

as shown below: 

 

 

 

7. Go to Process window, click Create Process button, then click User Defined button on 

the lower-left corner of the screen, drag and drop three Service steps between your Begin 

and End point of the process as Figure shown below; and in the Basic Logic property at 

the right corner of the window, set the value of Indicator as 2, 2.1 for Service1, Service2, 

respectively. (For the reason of setting the Indicator value as 2 and 2.1, I provide an 

explanation at the end of this section.) 
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8. Then go back to the Facility window, click on the Source_1 object, set the Entity Type as 

ModelEntity1 (or DefaultEntity) in Arrival Logic, set the Maximum Arrivals in 

Stopping Conditions as 1, the Exited in Add-On Process Triggers as Process1 (or the 

name of Process you have used the Service block and Indicator value equals to 2)   
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9. Then at the Facility window, click on the Server_1 object, set the Processing Time in the 

Process Logic as 1 hour; set the Entered in Add-On Process Triggers as Process2 (or 

the name of Process you have used the Service block and Indicator value equals to 2.1) as 

the screenshot shown below: 

 

 

 

 

10. Set the Run Length as 12 hours, and Speed Factor as 10   
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11. Now the two Simio models have the time synchronization logic inside each of them.   

 

Notes: 

1. In the syntax of X.Y for the Indicator value (e.g. 1, 1.1, 2, 2.1 in the above setting): X 

indicate corresponding federate; Y indicates different functionalities the user want the 

federate to perform (e.g. “Y=0” means initialize, “Y=1” means time synchronization, 

“Y=2” means sending message, “Y=3” means receiving message). The federate who 

joins the service first (the 1
st
 federate) has the responsibility to clean up the service and 

reset all the message information for the current federation, and initialize its own federate 

information.  These codes were written under the condition “if (icount ==1)”; other 

federates (the 2nd, 3rd federate) who join the service later only need to initialize their 

own federate information so as to let the joined federate(s) know they join.   

2. For the interaction part (message exchange), the user needs to specify the message 

destination and message content based on particular requirement.  I provide the function 

name, syntax and parameters needed for message exchange as shown below.  Each time 

when different message destinations or contents need to be specified, user needs to 

update the code in Visual Studio file, generate new class file, and move it under the 

“UserExtensions” folder.  
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                if (icounter == X.2) // Sending message code; ‘X’ needs to be replaced by 
corresponding number 
                { 
                    msg_S = Simio_WebServ.sendMsgTo("Message destination", "Message 
content"); 
 
                    MessageBox.Show("Simio " +msg_S);  
 
                } 
                if (icounter == X.3) // Receiving message code; ‘X’ needs to be replaced 
by corresponding number 
 
                { 
                    msg_R = Simio_WebServ.receiveMsgFor("Federate name of current 
simulation"); 
                    if (msg_R != "") 
                    { 
                        MessageBox.Show("Msg Received as: " + msg_R); // show the 
received message 
                    } 
                } 

 

Procedure of Running Distributed Simulation 

 

1. Open the first Simio model and run it, you will see the “Simio 1 is connected.” message 

box; do not click OK at this time! 

 

 

2. Then open the second Simio model and run it, you will see the “Simio 2 is connected.” 

message box;  
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3. Go back to the first Simio model, click the OK button in the “Simio 1 is connected” 

message box; 

4. Go back to the second Simio model, click the OK button in the “Simio 2 is connected.” 

message box; then you will see the following message box: 
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The two message boxes keep popping up every 1 hour indicating the time 

synchronization step. 

 

 

5. The duration of distributed simulation models are 12 hour; at the end of simulation time, 

each simulation should be stopped manually. 
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APPENDIX B: C# Code for Connecting Multiple Simio Models 

 

The Simio code for accessing the service and managing time synchronization are listed 

below:  

 
using System; 
using System.Collections.Generic; 
using System.Collections; 
using System.Text; 
using System.ComponentModel; 
using System.Data; 
using System.Diagnostics; 
using System.Web; 
using SimioAPI; 
using SimioAPI.Extensions; 
using System.Windows.Forms; 
 
namespace UserDefinedStepAndElement1 
{ 
 
    class DerivedICalendar: SimioAPI.ICalendar 
    { 
        public double Calendarr() 
        { 
            return 1; 
        } 
 
        /*public DerivedICalendar(double tnow) 
        { 
            this.TimeNow = tnow; 
        }*/ 
 
        public void ScheduleEvent(double TTime, Object EEvent, CalendarEventHandler 
MyCallback) 
        { 
            //TTime = 0; 
        } 
        void MyCallback(object myobject) 
        { 
            // Do callback 
        } 
        public double TimeNow  
        { 
            get  
            { 
                return this.TimeNow; 
            } 
        } 
 
 
    }  
    public class UserStepDefinition : IStepDefinition 
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    { 
        #region IStepDefinition Members 
 
        /// <summary> 
        /// Property returning the full name for this type of step. The name should 
contain no spaces.  
        /// </summary> 
        public string Name 
        { 
            get { return "Service"; } 
        } 
 
        /// <summary> 
        /// Property returning a short description of what the step does.   
        /// </summary> 
        public string Description 
        { 
            get { return "Access the service for distributed simulation."; } 
        } 
 
        /// <summary> 
        /// Property returning an icon to display for the step in the UI.  
        /// </summary> 
        public System.Drawing.Image Icon 
        { 
            get { return null; } 
        } 
 
        /// <summary> 
        /// Property returning a unique static GUID for the step.   
        /// </summary> 
        public Guid UniqueID 
        { 
            get { return MY_ID; } 
        } 
        static readonly Guid MY_ID = new Guid("{40503361-5ed2-42eb-a4d1-1ae5c5560195}"); 
 
        /// <summary> 
        /// Property returning the number of exits out of the step. Can return either 1 
or 2.  
        /// </summary> 
        public int NumberOfExits 
        { 
            get { return 1; } 
        } 
 
        /// <summary> 
        /// Method called that defines the property schema for the step. 
        /// </summary> 
        public void DefineSchema(IPropertyDefinitions schema) 
        { 
            // Example of how to add a property definition to the step. 
            IPropertyDefinition pd; 
            pd = schema.AddExpressionProperty("counter", "0.0"); 
            pd.DisplayName = "Indicator"; 
            pd.Description = "Input the indicator value."; 
            pd.Required = true; 
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            // Example of how to add an element property definition to the step. 
           /* pd = schema.AddElementProperty("UserElementName", 
UserElementDefinition.MY_ID); 
            pd.DisplayName = "UserElement Name"; 
            pd.Description = "The name of a UserElement element referenced by this 
step."; 
            pd.Required = true;*/ 
        } 
 
        /// <summary> 
        /// Method called to create a new instance of this step type to place in a 
process.  
        /// Returns an instance of the class implementing the IStep interface. 
        /// </summary> 
        public IStep CreateStep(IPropertyReaders properties) 
        { 
            return new UserStep(properties); 
        } 
 
        #endregion 
    } 
 
 
    class UserStep : IStep 
    { 
        IPropertyReaders _properties; 
 
        public UserStep(IPropertyReaders properties) 
        { 
            _properties = properties; 
 
        } 
 
        #region IStep Members 
 
 
        /// <summary> 
        /// Method called when a process token executes the step. 
        /// </summary> 
        ///  
        public ExitType Execute(IStepExecutionContext context) 
 
 
 
        { 
 
 
           // int i = 0; 
            System.ServiceModel.Channels.Binding binding = new 
System.ServiceModel.BasicHttpBinding(); 
            System.ServiceModel.EndpointAddress address = new 
System.ServiceModel.EndpointAddress(new Uri("The Web Service URL")); 
 
            //i = i + 1; 
            using (UserDefinedStepAndElement1.ServiceReference1.etmServSoapClient 
Simio_WebServ = new 
UserDefinedStepAndElement1.ServiceReference1.etmServSoapClient(binding,address)) 
            { 
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                IPropertyReader myExpressionProp = _properties.GetProperty("counter") as 
IPropertyReader; 
                double icounter = myExpressionProp.GetDoubleValue(context); 
 
 
 
                double CurrentTime; 
                double AdvanceTime; 
                double GrantedTime=0; 
                double delay_time = 100; 
 
                string msg_G; 
                //String msg_S; 
                //String msg_R; 
 
                if (icounter == 1) 
                { 
                    Simio_WebServ.cleanup(); 
                    Simio_WebServ.reset(); 
 
                    string FedName_1 = "101"; 
 
                    Simio_WebServ.initialise(FedName_1); 
                    MessageBox.Show("Simio 1 is connected."); 
 
                } 
 
                if (icounter == 2) 
                { 
                    //Simio_WebServ.cleanup(); 
                    //Simio_WebServ.reset(); 
 
                    string FedName_2 = "102"; 
 
                    Simio_WebServ.initialise(FedName_2); 
                    MessageBox.Show("Simio 2 is connected."); 
 
                } 
 
                if (icounter == 3) 
                { 
                    //Simio_WebServ.cleanup(); 
                    //Simio_WebServ.reset(); 
 
                    string FedName_3 = "103"; 
 
                    Simio_WebServ.initialise(FedName_3); 
                    MessageBox.Show("Simio 3 is connected."); 
 
                } 
 
                if (icounter == 1.1) 
                { 
 
                    CurrentTime = context.Calendar.TimeNow; 
                    AdvanceTime = CurrentTime + delay_time; 
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                    while (CurrentTime >= GrantedTime) 
                    { 
                        GrantedTime = Simio_WebServ.cons_advanceTime("101", 
(float)AdvanceTime); 
 
                    } 
                    msg_G = Convert.ToString(GrantedTime); 
 
                    MessageBox.Show("Time Synchronization Point"); 
                } 
 
                if (icounter == 2.1) 
                { 
 
                    CurrentTime = context.Calendar.TimeNow; 
                    AdvanceTime = CurrentTime + delay_time; 
 
                    while (CurrentTime >= GrantedTime) 
                    { 
                        GrantedTime = Simio_WebServ.cons_advanceTime("102", 
(float)AdvanceTime); 
 
                    } 
                    msg_G = Convert.ToString(GrantedTime); 
 
                    //MessageBox.Show("Next Simulation Synchronization Time is: " + 
msg_G); 
                } 
 
                if (icounter == 3.1) 
                { 
 
                    CurrentTime = context.Calendar.TimeNow; 
                    AdvanceTime = CurrentTime + delay_time; 
 
                    while (CurrentTime >= GrantedTime) 
                    { 
                        GrantedTime = Simio_WebServ.cons_advanceTime("103", 
(float)AdvanceTime); 
 
                    } 
                    msg_G = Convert.ToString(GrantedTime); 
 
 
 
            } 
 
 
             
            return ExitType.FirstExit;   
        } 
 
        #endregion 
    } 
} 
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APPENDIX C: MATLAB code for Opponent Modeling Q-Learning 

 
 

    N=10000000; 
    sN=N/50; 

     

      
    fileName1='work_sheet1.xlsx'; 
    fileName2='work_sheet2.xlsx'; 

  
    xlRange='A1:AX50';   %update here 

     
    numRows = 50; 
    numCols = 50; 
    numSheets = 900; 
    P = zeros(numRows,numCols,numSheets); 
    R = zeros(numRows,numCols,numSheets); 

     
    % newly added code from file exchange 

     
    Excel = actxserver ('Excel.Application'); 
    filePath1='file path'; 
    if ~exist(filePath1,'file') 
        ExcelWorkbook = Excel.Workbooks.Add; 
        ExcelWorkbook.SaveAs(filePath1,1); 
        ExcelWorkbook.Close(false); 
    end 
    invoke(Excel.Workbooks,'Open',filePath1); 

  
    for sheetNum = 1:numSheets 

  
        P(:,:,sheetNum) = xlsread1(fileName1, sheetNum, xlRange); 
        %R(:,:,sheetNum) = xlsread1(fileName2, sheetNum, xlRange); 
        fprintf('Probability worksheet index: %.1f\n', sheetNum); 

         
    end  

  

     
    Excel.ActiveWorkbook.Save; 
    Excel.Quit 
    Excel.delete 
    clear Excel  

  

  
    Excel = actxserver ('Excel.Application'); 

filePath2='file path'; 

 
    if ~exist(filePath2,'file') 
        ExcelWorkbook = Excel.Workbooks.Add; 
        ExcelWorkbook.SaveAs(filePath2,1); 
        ExcelWorkbook.Close(false); 
    end 
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    invoke(Excel.Workbooks,'Open',filePath2); 

     

     
    for sheetNum = 1:numSheets 

  
        %P(:,:,sheetNum) = xlsread1(fileName1, sheetNum, xlRange); 
        R(:,:,sheetNum) = xlsread1(fileName2, sheetNum, xlRange); 
        fprintf('Reward worksheet index: %.1f\n', sheetNum); 

         
    end  
    Excel.ActiveWorkbook.Save; 
    Excel.Quit 
    Excel.delete 
    clear Excel  

     
    fprintf('The data loading process is done! \n'); 

     

     
    warning('off','all'); 

warning;  

 
    S = size(P,1); 
    A = size(P,3);  

     
    A_sep=sqrt(A); 

     
    Excel = actxserver ('Excel.Application'); 
    FilePath3='file path'; 

     
    if ~exist(FilePath3,'file') 
        ExcelWorkbook = Excel.workbooks.Add; 
        ExcelWorkbook.SaveAs(FilePath3); 
        ExcelWorkbook.Close(false); 
    end 
    invoke(Excel.Workbooks,'Open',FilePath3); 

     
    fprintf('The Value_file is opened! \n'); 
    fileName3 = 'Final_Scenario.xlsx'; 

     
    for strategy_index=1:4 
        QQ1 = zeros(S,A_sep,A_sep); % 2nd dimension for player, 3rd dimension 

for opponent 
        QQ2 = zeros(S,A_sep,A_sep); 
        OO1 = zeros(S,A_sep); 
        OO2 = zeros(S,A_sep); 

 
        m1=zeros(S); 
        m2=zeros(S,A_sep); 
        m3=zeros(S,A_sep); 

  
        V_out1=zeros(sN,numCols); 
        V_avg1=zeros(sN,1); 
        lr1=zeros(S,A); 
        V_out2=zeros(sN,numCols); 
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        V_avg2=zeros(sN,1); 
        lr2=zeros(S,A); 
        policy_out1=zeros(sN,numCols); 
        policy_check1=zeros(sN,numCols); 
        policy_percent1=zeros(sN,1); 
        policy_out2=zeros(sN,numCols); 
        policy_check2=zeros(sN,numCols); 
        policy_percent2=zeros(sN,1); 

  
        for s=1:S 
            m1(s)=0.000001; 
        end 

  
        % Initial state choice 
        s = randi([1,S]); 
        tt=0; 
        learn_step1=0; 
        learn_step2=0; 

  
        softm1=zeros(S,A_sep); 
        first_tao=10000; 
        sid1 = mod(strategy_index,2);  % used for exploration and 

exploitation 
        sid2 = ceil(strategy_index/2);  % used for learning rate 

  
        if sid1==0 
            sid1=2; 
        end 
        fprintf('The current strategy index is: %.1f\n ', strategy_index); 
        for n=1:N 
            %% Reinitialisation of trajectories every 5000 transitions 
            if (mod(n,5000)==0);  
                s = randi([1,S]);  
                fprintf('The current number of learning steps is: %.1f\n ', 

tt); 
                tt=tt+5000; 

                 
            end; 

  
            pn1 = rand(1); 

             
            switch sid1 
                case 1   
                    %% greedy policy  
                    max_decay1=max(0.99999^learn_step1,1/learn_step1^0.50001); 
                    if (pn1>=max_decay1)   % Dong Update 
                        [~,a_own] = max(OO1(s,:)); 
                    else 
                        a_own = randi([1,A_sep]); 

                         
                    end; 
                    learn_step1=learn_step1+1; 
                case 2   
                    %% softmax policy 
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tao1=max(first_tao*0.99999^learn_step1,first_tao/(learn_step1^0.50001)); 
                    total1=sum(exp(OO1(s,:)/tao1)); 
                    for action=1:A_sep 
                        softm1(s,action)=exp(OO1(s,action)/tao1)/total1; 
                    end 
                    total_softm1=0; 
                    k1=0; 
                    while (pn1>=total_softm1) 
                        k1=k1+1; 
                        total_softm1=total_softm1+softm1(s,k1); 
                        a_own=k1; 
                        if k1==A_sep 
                            a_own=randi([1,A_sep]); 
                            total_softm1=2; % greater than 1                     
                        end 
                    end 
                    learn_step1=learn_step1+1; 

  
            end 

              
            pn2 = rand(1); 
            max_decay2=max(0.99999^learn_step2,1/learn_step2^0.50001); 
            if (pn2>=max_decay2)    
                [~,a_opp] = max(OO2(s,:)); 
            else 
                a_opp = randi([1,A_sep]); 

                 
            end; 
            learn_step2=learn_step2+1; 

 
            % transform to action A 
            a1 = A_sep*(a_opp-1)+a_own; 
            a2 = A_sep*(a_own-1)+a_opp; 

  

 
            %% Simulating next state s_new and reward associated to 

<s,s_new,a>  

  
            p_s_new = rand(1); 
            p1 = 0;  
            p2 = 0; 
            s_new = 0; 
            while ((p1 < p_s_new) && (p2 < p_s_new) && (s_new < S))  
                s_new = s_new+1; 
                p1 = p1 + P(s,s_new,a1); 
                p2 = p2 + P(s,s_new,a2); 
            end;  
            r1 = R(s,s_new,a1);  
            r2 = R(s,s_new,a2); 

 

  
            %% Updating the value of Q    

 
            delta1 = r1 + discount*max(OO1(s_new,:)) - QQ1(s,a_own,a_opp); 
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            lr1(s,a_own)=lr1(s,a_own)+1; 
            if sid2==1 
                dQ1 = (0.9^lr1(s,a_own))*delta1;  % exponential decay 
            elseif sid2==2 
                dQ1 = (1/(lr1(s,a_own))^0.9)*delta1;  % polynomial decay 
            end; 
            %dQ = (0.5)*delta;   % learning rate prefer to be large (>0.6) 
            QQ1(s,a_own,a_opp) = QQ1(s,a_own,a_opp) + dQ1; 

  
            %% Scenario 1: greedy behavior with exponential decay + learn 

rate with expo decay 
            delta2 = r2 + discount*max(OO2(s_new,:)) - QQ2(s,a_opp,a_own); 
            lr2(s,a_opp)=lr2(s,a_opp)+1; 

             
            dQ2 = (0.9^lr2(s,a_opp))*delta2;  % exponential decay 
            %dQ2 = (1/(lr2(s,a_opp))^0.9)*delta2;  % polynomial decay 
            %dQ = (0.5)*delta;   % learning rate prefer to be large (>0.6) 
            QQ2(s,a_opp,a_own) = QQ2(s,a_opp,a_own) + dQ2; 

  
            m1(s)=m1(s)+1; 
            m2(s,a_opp)=m2(s,a_opp)+1; 
            m3(s,a_own)=m3(s,a_own)+1; 

  

  
            for a_own_x=1:A_sep 
                OO1(s,a_own_x)=0; 
                for a_opp_x=1:A_sep 
                    

OO1(s,a_own_x)=OO1(s,a_own_x)+(m2(s,a_opp_x)/m1(s))*QQ1(s,a_own_x,a_opp_x); 
                end 
            end 

  
            for a_opp_x=1:A_sep 
                OO2(s,a_opp_x)=0; 
                for a_own_x=1:A_sep 
                    

OO2(s,a_opp_x)=OO2(s,a_opp_x)+(m3(s,a_own_x)/m1(s))*QQ2(s,a_opp_x,a_own_x); 
                end 
            end 

             
            % Current state is updated !! 
            s = s_new; 

             
            if (mod(n,50)==0) 
            % Output data after every 50 steps 

 
                [V_entire1, policy_entire1] = max(OO1,[],2); 
                [V_entire2, policy_entire2] = max(OO2,[],2); 

                 
                jump=n/50; 

                 
                for i=1:numCols 
                    V_out1(jump,i)=V_entire1(i); 
                    V_out2(jump,i)=V_entire2(i); 
                    policy_out1(jump,i)=policy_entire1(i); 
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                    policy_out2(jump,i)=policy_entire2(i); 
                end 

  
                V_avg1(jump)=sum(V_out1(jump,:))/numCols; 
                V_avg2(jump)=sum(V_out2(jump,:))/numCols; 

                 
            end 

  
        end; 

         
        [L_value1, policy1] = max(OO1,[],2); 
        [L_value2, policy2] = max(OO2,[],2); 

         

         
        for jj=1:sN 
            for ii=1:numCols 

                 
                if policy_out1(jj,ii)==policy_out1(sN,ii) 

                     
                    policy_check1(jj,ii)=1; 
                else 
                    policy_check1(jj,ii)=0; 
                end 

                 
                if policy_out2(jj,ii)==policy_out2(sN,ii) 

                     
                    policy_check2(jj,ii)=1; 
                else 
                    policy_check2(jj,ii)=0; 
                end 

             
            end 
            policy_percent1(jj)=sum(policy_check1(jj,:))/numCols; 
            policy_percent2(jj)=sum(policy_check2(jj,:))/numCols; 
        end 

         

         
        switch strategy_index 
            case 1   
                xlswrite1(fileName3,V_avg1,1,'A1'); 
                xlswrite1(fileName3,V_avg2,2,'A1'); 
                xlswrite1(fileName3,L_value1,3,'A1'); 
                xlswrite1(fileName3,L_value2,4,'A1'); 
                xlswrite1(fileName3,policy_percent1,5,'A1'); 
                xlswrite1(fileName3,policy_percent2,6,'A1'); 
                xlswrite1(fileName3,policy1,7,'A1'); 
                xlswrite1(fileName3,policy2,8,'A1'); 
            case 2  
                xlswrite1(fileName3,V_avg1,1,'B1'); 
                xlswrite1(fileName3,V_avg2,2,'B1'); 
                xlswrite1(fileName3,L_value1,3,'B1'); 
                xlswrite1(fileName3,L_value2,4,'B1'); 
                xlswrite1(fileName3,policy_percent1,5,'B1'); 
                xlswrite1(fileName3,policy_percent2,6,'B1'); 
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                xlswrite1(fileName3,policy1,7,'B1'); 
                xlswrite1(fileName3,policy2,8,'B1'); 

                 
    end; 

     

 
    invoke(Excel.ActiveWorkbook,'Save'); 
    Excel.Quit 
    Excel.delete 
    clear Excel 

     
    fprintf('The Value file is closed! \n'); 
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