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(Table 1) Algorithm of Adaptive Collaborative Filtering

Algorithm of Adaptive Collaborative Filtering

Creation of Recommendation Model

(1) Cluster users and items by feature vectors of users and items.
(2) Estimate Inter-Cluster Preference of user cluster to item-cluster according to preference of each user of each user-cluster.

Missing User Preference Point Prediction
(1) Create User Preference Matrix.

(2) Predict Missing User Preference Points.
Execution of Recommendation

(1) Choose k item-clusters which have high inter-cluster preference of user-cluster including user requesting service.
(2) Recommend items which have high preference of user in selected item-clusters.

Applying User Feedback

(1) Apply User Preference in user feedback to user preference.
(2) Make user and item feature vector trained by using user feedback.
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(Table 2) Algorithm of Creating
Recommendation Model

Algorithm of Creating Recommendation Model

1. Clustering Users and Items
(1) Decision of Number of Cluster, &

For — i=0 — I = 10+log(Number of User or Item)
Make users clustered into user-clusters (Model;).
Calculate BIC(Bayesian Information Criteria) of
Model according to i.

i is Number of Cluster, £ when BIC of Model; is larger
than Model;.,.

End For

(2) Execution of Clustering
k, : Number of User Cluster
k. : Number of Item Cluster

Make users clustered into k, user-clusters.
Make items clustered into k. item-clusters.
2. Estimation of Inter-Cluster Preference
CP;; : Inter-Cluster Preference of User-Cluster,
i to Item-Cluster j
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For I = 1 — i=k, (Number of User Cluster)
For j = 1 — j = k. (Number of Item Cluster)

Nugy

Nee;
J
cpy = ZZ Woca X Wee,en X Ry

<Formula 1>

End For
End For
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(Table 3) Algorithm of Clustering User and ltem

Algorithm of Clustering User and ltem

Q: Center of Cluster ¢
;. Average of Cluster 7
X Deviation of Cluster §

While, p(Inter Cluster Deviation) < «
For j =1 — j = (Number of Element)
For i =1 — [ = k(Number of Cluster)

_ (= u)?
e 202 P(Cy)

1
P(Cilx) = P(xlC) P(CD/ P(x) = N

<Formula 4>
For x; € C;,

N,

{ R ‘R,
Le,x = P(Cilx; 217
Cixj ( llxj) 4 T R/' T Rz||

RjNRy

Ri; XR
= p C Z k=1 i Li
( |x]) RJan RJan
Z ) X Z (Rll

<Formula 5>

End For
x; € C;, when Lcixj has maximum value.
End For
Following the changed model, calculate each value of ¢;,
W, 0;, and P! (Q) of each clusters.

End For
End While
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(Table 4) Example of Feature Vector of Item
and User

Example of Feature Vector of Item

Physical Float
Emotion Float
Society Float
Intelligence Float
Mental Float

Example of Feature Vector of User

Prefer Physical Float
Prefer Emotion Float
Prefer Society Float
Prefer Intelligence Float
Prefer Mental Float
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(Table 5) Algorithm of Applying User Feedback
Algorithm of Applying User Feedback

Fam :Feedback of user o about item m

0(F,) :Average of Feedback of user a

UV, :Feature vector of user a

CT@,: :Feature vector of item m

F, am Fa)
o(Fy)

<Formula 6>

preR,m =

If preRym = 10,
preR, m = 10
<Formula 7>
End If
If preR;;,m < —10,
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<Formula 8>
End If
Ram =preRym/20+1
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(Table 6) Algorithm of Preference Prediction in
Adaptive Collaborative Filtering Model

Algorithm of Preference Prediction in Adaptive
Collaborative Filtering Model

1) Calculate similarity between each items and make
item-similarity matrix, and Calculate similarity between
each users and make user-similarity matrix.

2) Missing rating points are predicted by combination
predicted preference values each based on item-cluster
and user-cluster.

A HA A A ofo] RIS 3He] ofo]'’l frA}
= 7FEXE <Formula 11>S B34, AL&AE
7] AHgA fAE 7HEXE <Formula 12>S
Fal A ALk ofol’l FALE ® e} AREAL
A= e ZF 7 ofol’le] FALE ThEA| 9 74
T AR AR THEAE uiR e R 77
‘et

Zusu (Rul R ) (Ru] Rj)

" s Gui— R0 [P Ry B

(Formula 11)

82

U7t otoldl is} j& BFE B/ FHol =
AR AR W, R AHEA ul) ofeld
ol gk Ha=o|ar, R, = AHEA}F 4o ofo]d j
of e M=oty w3} R AHEA JF U
o] ofold joll Uk ME =] HFo|n R Ab

42} A% Ul ool®l jol Ul MEEo| H
o},
Yier (Rai— Ra) (Rui— Ry)
W y

) [Ze Rai =R [Sie (Rui = Fu?

(Formula 12)
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pa,m(hybrid) =aX pa,m(u) + (1-a)x pa,m(i)

a(CCp) — Zneuca (Rn.m - R_a) X UWgq

= X |R, —
a(UCy) + a(CCp) @ Ynevc, Wan

o(UCY)

+ Yieccy, Ral Wi
o(UCy) + a(CCp)

Zleccm Wt

(Formula 13)
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(Table 7) Algorithm of Executing
Recommendation

Algorithm of Executing Recommendation

UC, : User-cluster including user a
CCarr : Array of item-clusters

CP : Inter-cluster Preference

¢ - jth element of CCarr[i]

R

a,c; :Preference of user o about item c;

Pa,c j : Predicted value of preference of user v about item ¢

RCgyy : Array of items to recommend

Sort CCqyy[i] in descending order according to CP.
For i =1 — i = (Number of Item Cluster)
For J=1—j =N,y (Number of Element in Item
— Cluster, CCqpr[i])
If Ra,c]- = ®,
Ra,cj = pa,c]- (hybrid)
<Formula 14>
End If
If Ra < Ra,st
Add item, Cjto RCypr.
End If
If RCqyyy is including more than k items,
End For
End If
End For
End For

Sort RCqayy in descending order according to preference of
user a about each item.

£ A g AL o8 ¥ AN A2
£9) ol oAt} AR F4 A2de] s 3
e 9lal by el AgEE BE A ot
(MAE)(Herlocker et. al., 2004; Goldberg et. al.,
20018 o]t} o] S o537 =2lek HA

£919] 2jo)lE B3 1 AAHO AFEE =
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(Figure 1) MAE of each Algorithms
according to number of user

(Table 8) Average, Standard Deviation and
Range of MAE for each Algorithms

SSF | HFVF | RLHF | ACCF

Average 2.516 1.956 1.899 1.472
Standard Deviation | 0.778 | 0.907 1.038 | 0.562
Range 2.678 | 2.650 | 3.132 | 1.540

<Figure 1>3} <Table 8> 433 33} 7%t
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(Figure 2) Response Time of each
Algorithms according to number of user

(Table 9) Average, Standard Deviation and
Range of Response Time for each Algorithms

SSF HFVF | RLHF | ACCF

Average 0.672 0.485 0.894 0.251

Standard Deviation | 0.359 0.267 0.531 0.093

Range 1.131 0.980 1.587 0.253
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Abstract

Scalable Collaborative Filtering Technique
based on Adaptive Clustering

O-Joun Lee* - Min-Sung Hong** « Won-Jin Lee*** - Jae-Dong Lee****

An Adaptive Clustering-based Collaborative Filtering Technique was proposed to solve the
fundamental problems of collaborative filtering, such as cold-start problems, scalability problems and data
sparsity problems. Previous collaborative filtering techniques were carried out according to the
recommendations based on the predicted preference of the user to a particular item using a similar item
subset and a similar user subset composed based on the preference of users to items. For this reason, if
the density of the user preference matrix is low, the reliability of the recommendation system will decrease
rapidly. Therefore, the difficulty of creating a similar item subset and similar user subset will be increased.
In addition, as the scale of service increases, the time needed to create a similar item subset and similar
user subset increases geometrically, and the response time of the recommendation system is then increased.
To solve these problems, this paper suggests a collaborative filtering technique that adapts a condition
actively to the model and adopts the concepts of a context-based filtering technique. This technique consists
of four major methodologies. First, items are made, the users are clustered according their feature vectors,
and an inter-cluster preference between each item cluster and user cluster is then assumed. According to
this method, the run-time for creating a similar item subset or user subset can be economized, the reliability
of a recommendation system can be made higher than that using only the user preference information for
creating a similar item subset or similar user subset, and the cold start problem can be partially solved.
Second, recommendations are made using the prior composed item and user clusters and inter-cluster
preference between each item cluster and user cluster. In this phase, a list of items is made for users by
examining the item clusters in the order of the size of the inter-cluster preference of the user cluster, in

which the user belongs, and selecting and ranking the items according to the predicted or recorded user
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preference information. Using this method, the creation of a recommendation model phase bears the highest
load of the recommendation system, and it minimizes the load of the recommendation system in run-time.
Therefore, the scalability problem and large scale recommendation system can be performed with
collaborative filtering, which is highly reliable. Third, the missing user preference information is predicted
using the item and user clusters. Using this method, the problem caused by the low density of the user
preference matrix can be mitigated. Existing studies on this used an item-based prediction or user-based
prediction. In this paper, Hao Ji’s idea, which uses both an item-based prediction and user-based prediction,
was improved. The reliability of the recommendation service can be improved by combining the predictive
values of both techniques by applying the condition of the recommendation model. By predicting the user
preference based on the item or user clusters, the time required to predict the user preference can be
reduced, and missing user preference in run-time can be predicted. Fourth, the item and user feature vector
can be made to learn the following input of the user feedback. This phase applied normalized user feedback
to the item and user feature vector. This method can mitigate the problems caused by the use of the
concepts of context-based filtering, such as the item and user feature vector based on the user profile and
item properties. The problems with using the item and user feature vector are due to the limitation of
quantifying the qualitative features of the items and users. Therefore, the elements of the user and item
feature vectors are made to match one to one, and if user feedback to a particular item is obtained, it will
be applied to the feature vector using the opposite one. Verification of this method was accomplished by
comparing the performance with existing hybrid filtering techniques. Two methods were used for
verification: MAE(Mean Absolute Error) and response time. Using MAE, this technique was confirmed to
improve the reliability of the recommendation system. Using the response time, this technique was found
to be suitable for a large scaled recommendation system. This paper suggested an Adaptive
Clustering-based Collaborative Filtering Technique with high reliability and low time complexity, but it had
some limitations. This technique focused on reducing the time complexity. Hence, an improvement in
reliability was not expected. The next topic will be to improve this technique by rule-based filtering.
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