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Abstract Rank learning and processing have gained much attention in the IR and data mining
communities for the last decade. While other data mining techniques such as classification and
regression have been actively researched to interoperate with RDBMS by using the tightly coupled or
loose coupling approaches, ranking has been researched independently without integrating into
RDBMS. This paper proposes a tightly coupled integration of the Ranking SVM into MySQL in order
to perform the rank learning task efficiently within the RDBMS. We implemented new SQL commands
for learning ranking functions and predicting ranking scores. We evaluated our tightly coupled
integration of Ranking SVM by comparing it to a loose coupling implementation. The experiment
results show that our approach has a performance improvement of 10~40% in the training phase and
60% in the prediction phase.
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svm_model_table::=TABLE IDENTIFIER
train_table::=TABLE IDENTIFIER
test_table::=TABLE IDENTIFIER
prediction_table::=TABLE IDENTIFIER
cval::=NUM

gval::=NUM

statement: . =rank_svm_learn | rank_prediction

rank_svm_learn:.="RANK_SVM LEARN" svm_model_table train_table svm_parameter_list
rank_prediction::="RANK_PREDICTION” svm_model_table test_table prediction_table
svm_parameter list::="(“ "LINEAR” “,” cval “)” |”(*“ “RBF” “,” cval *,” gval *}”
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mysql> rank svis_learn madelliO0 Trainid0 {LINEAR, 0O);
Query OK, 1 row atffected (0.44 sec)

rysqgly> desc modelion;

kerneltype | int{l)

dval | doubile{20,10)
gval { double{20,10)
coef lin { double{20,10)
caef const | double (20,10}
alphaval { double (40,30}

- o o o

o

§ count(*} [
Ao

1 row in 3ser (0.00 sec)

mysgl> rank prediction modelliOs testlild predictionitd:
Query OK, 0 rows affected (0.03 sec)

my=q1> desc predi.ctionloo

l Fisld | Type | Nuil { Rey I Default l Excra §
e e o o s e st o o o 90
§ docid | int(10) it YES { RULL H H
i score | double{i5,10) | YES | { WULL i |
o s o e e Ao o g mmm e Fommmm e +
2 rows in set (0.00 sec)

ect count{*; from predictioniCd;
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