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Abstract. This paper presents a recommendation system with a coordinator agent that is adaptive to its environment. Recommendation systems that suggest items to users are gaining popularity in the field of electronic commerce. Various methods such as collaborative, content-based, and demographic recommendation have been used to analyze and predict the preference of users. According to the characteristic of the application domain, the performance of each method varies. In the proposed system, we introduce a coordinator agent that adaptively changes the weights of each recommendation method to provide combined recommendation appropriate for the given environment. 
1 Introduction
The rapid growth of the electronic commerce has led to the development of personalized recommendation systems. A recommendation system analyzes the personal preference of each user and identifies a set of items that will be of interest to a specific user. Recommendation systems are already being used in many web sites to recommend various items including books, movies, music, news articles, etc. By adopting a recommendation system, one might expect to increase sales by providing the right information to the right user. 

There have been various approaches for recommendation systems. Collaborative recommendation systems analyze similarities between users based on their preference data, such as purchase history, and predict a user’s preference on certain item based on the similar user’s preference on that item [4][8][12]. Because the collaborative method does not require any information on the contents of items, it is more appropriate to recommend items like music or movies, for which the contents are difficult to analyze. Various modifications have also been proposed to improve the performance [5][7]. Content-based recommendation systems analyze the textual information about preferred items, and recommend new items by finding items with similar information [1][11]. Since the content-based method is appropriate when there is rich content information, it has been applied to recommend news articles or web pages. There are also systems that use content-based method and collaborative method together [2][3]. Demographic recommendation systems are similar to collaborative recommendation systems, but they analyze similarities between users based on their demographic data, such as age, gender, or profession [9]. The distances between users are computed by using that information, and a user’s preference on certain item is predicted by using the neighbor’s preferences.  
All these recommendation methods have their own advantages and disadvantages, and their performance varies according to the characteristic of the application domain to which they are applied. Choosing the most appropriate method is difficult task. Furthermore, the performance of each method may change as the data are accumulated. For example, when there is not enough rating information, the demographic recommendation may outperform other methods, but as more data are accumulated, the collaborative recommendation may show the best performance. 

In this paper, we present a recommendation system with a coordinator agent that is adaptive to its environment. The system consists of three different recommendation agents and a coordinator agent. The coordinator agent merges the recommended items lists from the three agents and combines them to the final recommendation list. Then the coordinator agent gets feedback on the recommended items and adjusts the weights of the three agents. If one agent’s recommended items get better feedback, it increases the weights of that agent. As a result, the system becomes adaptive to the application domain since the item recommended by more appropriate agent gets higher prediction value next time.

2 The Recommendation System with Coordinator Agent

Our recommendation system consists of a content-based agent, a demographic agent, a collaborative agent, and a coordinator agent. Figure 1 shows the overall structure of the proposed recommendation system.
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Fig. 1. The structure of the recommendation system with a coordinator agent

The content-based agent makes recommendation by using the textual information describing items. Given a user’s preferred item, it analyzes the item description and build a profile consists of keywords extracted from the description. When a recommendation request is given for a user, it extracts the profile of the user and computes similarities between the profile and the descriptions of other items. The profile and the item description are represented as keyword vectors, and cosine similarity between those vectors becomes the prediction value of the item. The demographic agent utilizes the demographic information of each user that is represented as a feature vector. The agent first finds neighbors of the user by computing the distance between feature vectors. Then the prediction value of each item is computed as a weighted average of the ratings of the neighbors. The collaborative agent makes recommendation by using the preference information of similar users. It first computes similarities between users by using Pearson correlation between the ratings of the users. The Pearson correlation represents how the preferences of users are related by comparing each user’s relative ratings. Once the correlation is computed, the prediction of preference of a user for an item is computed as the weighted average of the ratings of the highly correlated users. 

To automatically adapt to the domain characteristic, the coordinator agent is introduced. The coordinator agent gathers the recommendation lists from each agent, and computes the weighted average of each item’s score, then selects top N items for final recommendation. The key idea for the coordinator agent is that the weights for each agent change adaptively according to the characteristic of the application on which the recommendation system runs. Each recommended item is temporarily stored with tags indicating which agent it comes from. The coordinator agent keeps track of the feedback from users, such as click or purchase, on the recommended items, and stores them as hit counts. As more items are recommended and get feedback, the hit count is accumulated for each agent, and the coordinator continuously adjusts the weights by using the accumulated hit count. If the hit count of agent a is Ha, then the weight Wa for agent a is adjusted as equation 1, and the final prediction value of item i for user u is computed as equation 2.
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Since relatively large hit count will increase the weight of corresponding agent, the item recommended by that agent has more chance to be included in final recommendation list next time. As the coordinator agent adjusts weights continuously, the recommendation system adapts to the application domain by selecting an appropriate agent for that domain. 
3 Experimental Results
The dataset used for the experiment is selected from the EachMovie dataset [10]. The EachMovie dataset has rating information on 1,628 movies by 72,916 users during 18 months period since 1996. Users rated various numbers of movies by the number of stars 0 to 5. In this experiment, we convert the rating values to Boolean since in practical environment such explicit rating scores cannot be obtained easily. Other than the rating information, it contains the movie title, genre, users age, and gender. First we select 2000 users with more than 100 positive rated items. For each selected user the data are divided into 10 sets, each has 10 items, and used as training sets.

We start with 1 training set (10 items). After each agent recommends 10 items, the coordinator agent selects top-10 items among them. These items are compared to the next training set of size 10. If a recommended item is matched to an item in the next training set then it is recognized as a positive feedback, and the weight of the agent that actually recommended the item is increased as described in section 2 by counting total number of hits. Then we increase the size of the training set by including the second training set. Now the training set has 20 items, and by using it we get the new recommendation, and so on. 

Table 1. The % increase of average hit ratio as the training set size increases

	Mode
	Training set size

	
	10
	20
	30
	40
	50
	60
	70
	80
	90

	No coordinator 
	0.0
	2.7
	6.0
	6.7
	8.0
	8.7
	9.3
	10.7
	13.3

	Coordinator
	0.0
	10.7
	29.3
	34.7
	36.7
	43.3
	52.0
	56.7
	66.7


Table 2. The change of weights for each agent as the training set size increases

	Agent
	Training set size

	
	10
	20
	30
	40
	50
	60
	70
	80
	90

	Content-based 
	0.17
	0.14
	0.14
	0.14
	0.13
	0.13
	0.12
	0.11
	0.11

	Collaborative
	0.37
	0.40
	0.44
	0.47
	0.50
	0.52
	0.53
	0.56
	0.57

	Demographic
	0.47
	0.46
	0.42
	0.39
	0.37
	0.35
	0.35
	0.33
	0.32


The performance of the recommendation is measured as the Hit Ratio (% of matches among recommended items). The hit ratio represents how many of the recommended items are actually preferred items. As the number of feedback on the recommended items increases, the performance of overall recommendation should increase as the coordinator agent gives more weight to the agent that gets more positive feedback. As Table 1 shows, the average hit ratio of the recommendation with coordinator agent increased 67% from initial hit ratio 0.15, while the average hit ratio without the coordinator increased only 13%, as the training set size increased to 90.

Table 2 shows the change of weights for each agent. For this data set, the collaborative recommendation gets more positive feedback in average, and the weight of the collaborative agent increases to 0.57 while the weight of the content-based agent drops to 0.11. This is because the EachMovie dataset does not have enough information for the demographic agent and the content-based agent. The demographic agent finds neighbors based on age and gender only. The content-based agent gets keywords from the movie titles only, so it always recommends movies that have the words found in the preferred titles. However, the weight of the demographic agent is highest in early stage because there is not enough information for the collaborative agent yet. 
4 Conclusions
In this paper, an adaptive recommendation system has been presented. The system consists of three different recommendation agents and a coordinator agent. The coordinator agent adjusts the weights for each agent based on the feedback, and combines recommendations from the three agents according to the weights. As a result, the system becomes adaptive to the application domain, and the performance of recommendation increases as more data are accumulated.  

The proposed recommendation system was applied to the EachMovie dataset. The result of experiment showed that, as the number of feedback increases, the hit ratio of the recommendation with coordinator agent increases more rapidly. For an application where the characteristic of the domain is unclear, the adaptive behavior of the proposed recommendation system would be helpful. The system can also be used to automatically switch between different recommendation methods during the transient period, until it collects enough information for an appropriate agent.
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