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Table 1: Features in the LETOR TD2003 and TD2004 datasets.
Category Feature No. of

features

Content (low-level)

tf [1] 4

idf [1] 4

dl [1] 4

tfidf [1] 4

Content (high-level) BM25 [23] 4

LMIR [33] 9

Hyperlink

PageRank [19] 1

Topical PageRank [18] 1

HITS [16] 2

Topical HITS [18] 2

HostRank [31] 1

Hybrid Hyperlink-base rel-
evance propagation
[24]

6

Sitemap-based rel-
evance propagation
[21]

2

Total 44

numerous ranking heuristics popularly used in the information re-
trieval community to rank a list of retrieved documents. The set of
features used in LETOR includes low-level features such as, term
frequency (tf), inverse document frequency (idf), document length
(dl) combinations of low-level features such as tf*idf [1], as well as
high-level features such as BM25 [23] and LMIR [33]. Hyperlink
structure provides useful clues about the relevancy of a web page.
Consequently, several features are computed using the hyperlink
information in LETOR datasets such as PageRank [19], HITS [16],
HostRank [31], topical PageRank and topical HITS [18].

It is noteworthy that the values of features extracted for docu-
ments retrieved for different queries are not comparable. Therefore,
we first normalize the values of each feature across all documents
retrieved for a particular query. Let us denote the set of documents
retrieved for query qi by D(qi) and a document in this set by dj (i.e.
dj 2 D(qi)). Moreover, let us denote the k-th feature in the fea-
ture vector �(qi, dj) representing a query-document pair (qi, dj)
by �k(qi, dj). Then, the normalized value of �k(qi, dj) 2 [0, 1] is
calculated as follows,

�k(qi, dj) =
�k(qi, dj)�min{�k(qi, dj)}

max{�k(qi, dj)}�min{�k(qi, dj)}
. (5)

4.2 Evaluation Measures
To evaluate a ranking produced by an algorithm for a set of doc-

uments retrieved for a particular query, we can compare it against
the ranking induced by the scores assigned by a human annotator
for those documents. Precision at position n (P@n), Mean Aver-
age Precision (MAP), and normalized discounted cumulative gain
(NDCG) are three widely used rank evaluation measures in the in-
formation retrieval community. Both those evaluation measures are
in the range [0, 1], where a method that produces the exact ranking
as in the gold standard achieves the score of 1. Next, we describe
each of those evaluation measures in detail.

Precision at rank n (P@n) [1] measure is defined as the propor-
tion of the relevant documents among the top n-ranked documents,

P@n =

No. of relevant docs in top n results
n

. (6)

Table 2: Parameter settings for RankDE.
Parameter Value
Population size (P) 50

maximum no. of generations 10, 000
no. of dimensions (L) 44

F value 0.5
crossover rate (CR) 0.5

Average precision averages the P@n at over different n values
to produce a single measure for a given query as follows,

AP =

PN
n=1

(P@n⇥ rel(n))

No. of relevant docs for this query
. (7)

Here, N is the number of retrieved documents, and rel(n) is a
binary function that returns the value 1 if the n-th ranked document
is relevant to the query under consideration and 0 otherwise. Mean
average precision (MAP) is computed as the average of AP over all
queries in the dataset.

NDCG considers the reciprocal of the logarithm of the rank as-
signed to relevant documents. For a ranked list of documents re-
trieved for a query, NDCG value at position n, NDCG@n, is com-
puted as follows,

NDCG@n = Zn

nX

j=1

2

r(j) � 1

log(1 + j)
. (8)

Here, r(j) is the rating of the j-th document in the ranked list,
and the normalization constant Zn is chosen such that a perfectly
ranked list would obtain an NDCG@n score of 1. Specifically, it is
given by,

Zn =

1Pn
j=1

1

log(1+j)

. (9)

For the TD2003 and TD2004 datasets, we define two values of
ratings 0 and 1 respectively corresponding to relevant and non-
relevant documents in order to compute NDCG scores. In our eval-
uations, we report the average values taken over all the queries in a
dataset as P@n and NDCG@n.

4.3 Parameter Settings
The parameters in RankDE are set to the values shown in Table

2 by measuring the performance on the validation data provided in
the LETOR datasets. Each individual is represented by a 44 dimen-
sional real-valued vector in which, each dimension corresponds to
some feature found in the LETOR datasets. The initial population
is generated randomly by selecting the parameter values from the
range [�1, 1].

4.4 Evaluation Procedure and Baselines
We compare our DE-based learning to rank algorithm, RankDE,

with several baselines and previously proposed EC-based rank learn-
ing algorithms using TD2003 and TD2004 datasets. Next, we briefly
describe each of those algorithms.

BM25: BM25 [23] is a non-learning ranking function that com-
bines numerous statistics to compute a ranking score that re-
flects the relevancy of a document to a given query. It utilizes
information such as the number of times the query occur in
a document (i.e. term frequency), the number of documents
that contains the query (i.e. document frequency), the length
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Content (high-level) BM25 [23] 4

LMIR [33] 9

Hyperlink

PageRank [19] 1
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HITS [16] 2
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HostRank [31] 1

Hybrid Hyperlink-base rel-
evance propagation
[24]

6

Sitemap-based rel-
evance propagation
[21]
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Total 44

numerous ranking heuristics popularly used in the information re-
trieval community to rank a list of retrieved documents. The set of
features used in LETOR includes low-level features such as, term
frequency (tf), inverse document frequency (idf), document length
(dl) combinations of low-level features such as tf*idf [1], as well as
high-level features such as BM25 [23] and LMIR [33]. Hyperlink
structure provides useful clues about the relevancy of a web page.
Consequently, several features are computed using the hyperlink
information in LETOR datasets such as PageRank [19], HITS [16],
HostRank [31], topical PageRank and topical HITS [18].

It is noteworthy that the values of features extracted for docu-
ments retrieved for different queries are not comparable. Therefore,
we first normalize the values of each feature across all documents
retrieved for a particular query. Let us denote the set of documents
retrieved for query qi by D(qi) and a document in this set by dj (i.e.
dj 2 D(qi)). Moreover, let us denote the k-th feature in the fea-
ture vector �(qi, dj) representing a query-document pair (qi, dj)
by �k(qi, dj). Then, the normalized value of �k(qi, dj) 2 [0, 1] is
calculated as follows,

�k(qi, dj) =
�k(qi, dj)�min{�k(qi, dj)}

max{�k(qi, dj)}�min{�k(qi, dj)}
. (5)

4.2 Evaluation Measures
To evaluate a ranking produced by an algorithm for a set of doc-

uments retrieved for a particular query, we can compare it against
the ranking induced by the scores assigned by a human annotator
for those documents. Precision at position n (P@n), Mean Aver-
age Precision (MAP), and normalized discounted cumulative gain
(NDCG) are three widely used rank evaluation measures in the in-
formation retrieval community. Both those evaluation measures are
in the range [0, 1], where a method that produces the exact ranking
as in the gold standard achieves the score of 1. Next, we describe
each of those evaluation measures in detail.

Precision at rank n (P@n) [1] measure is defined as the propor-
tion of the relevant documents among the top n-ranked documents,

P@n =

No. of relevant docs in top n results
n

. (6)

Table 2: Parameter settings for RankDE.
Parameter Value
Population size (P) 50

maximum no. of generations 10, 000
no. of dimensions (L) 44

F value 0.5
crossover rate (CR) 0.5

Average precision averages the P@n at over different n values
to produce a single measure for a given query as follows,

AP =

PN
n=1

(P@n⇥ rel(n))

No. of relevant docs for this query
. (7)

Here, N is the number of retrieved documents, and rel(n) is a
binary function that returns the value 1 if the n-th ranked document
is relevant to the query under consideration and 0 otherwise. Mean
average precision (MAP) is computed as the average of AP over all
queries in the dataset.

NDCG considers the reciprocal of the logarithm of the rank as-
signed to relevant documents. For a ranked list of documents re-
trieved for a query, NDCG value at position n, NDCG@n, is com-
puted as follows,

NDCG@n = Zn

nX

j=1

2

r(j) � 1

log(1 + j)
. (8)

Here, r(j) is the rating of the j-th document in the ranked list,
and the normalization constant Zn is chosen such that a perfectly
ranked list would obtain an NDCG@n score of 1. Specifically, it is
given by,

Zn =

1Pn
j=1

1

log(1+j)

. (9)

For the TD2003 and TD2004 datasets, we define two values of
ratings 0 and 1 respectively corresponding to relevant and non-
relevant documents in order to compute NDCG scores. In our eval-
uations, we report the average values taken over all the queries in a
dataset as P@n and NDCG@n.

4.3 Parameter Settings
The parameters in RankDE are set to the values shown in Table

2 by measuring the performance on the validation data provided in
the LETOR datasets. Each individual is represented by a 44 dimen-
sional real-valued vector in which, each dimension corresponds to
some feature found in the LETOR datasets. The initial population
is generated randomly by selecting the parameter values from the
range [�1, 1].

4.4 Evaluation Procedure and Baselines
We compare our DE-based learning to rank algorithm, RankDE,

with several baselines and previously proposed EC-based rank learn-
ing algorithms using TD2003 and TD2004 datasets. Next, we briefly
describe each of those algorithms.

BM25: BM25 [23] is a non-learning ranking function that com-
bines numerous statistics to compute a ranking score that re-
flects the relevancy of a document to a given query. It utilizes
information such as the number of times the query occur in
a document (i.e. term frequency), the number of documents
that contains the query (i.e. document frequency), the length
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Category Feature No. of

features

Content (low-level)

tf [1] 4

idf [1] 4

dl [1] 4

tfidf [1] 4

Content (high-level) BM25 [23] 4

LMIR [33] 9

Hyperlink

PageRank [19] 1

Topical PageRank [18] 1
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Hybrid Hyperlink-base rel-
evance propagation
[24]

6
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numerous ranking heuristics popularly used in the information re-
trieval community to rank a list of retrieved documents. The set of
features used in LETOR includes low-level features such as, term
frequency (tf), inverse document frequency (idf), document length
(dl) combinations of low-level features such as tf*idf [1], as well as
high-level features such as BM25 [23] and LMIR [33]. Hyperlink
structure provides useful clues about the relevancy of a web page.
Consequently, several features are computed using the hyperlink
information in LETOR datasets such as PageRank [19], HITS [16],
HostRank [31], topical PageRank and topical HITS [18].

It is noteworthy that the values of features extracted for docu-
ments retrieved for different queries are not comparable. Therefore,
we first normalize the values of each feature across all documents
retrieved for a particular query. Let us denote the set of documents
retrieved for query qi by D(qi) and a document in this set by dj (i.e.
dj 2 D(qi)). Moreover, let us denote the k-th feature in the fea-
ture vector �(qi, dj) representing a query-document pair (qi, dj)
by �k(qi, dj). Then, the normalized value of �k(qi, dj) 2 [0, 1] is
calculated as follows,

�k(qi, dj) =
�k(qi, dj)�min{�k(qi, dj)}

max{�k(qi, dj)}�min{�k(qi, dj)}
. (5)

4.2 Evaluation Measures
To evaluate a ranking produced by an algorithm for a set of doc-

uments retrieved for a particular query, we can compare it against
the ranking induced by the scores assigned by a human annotator
for those documents. Precision at position n (P@n), Mean Aver-
age Precision (MAP), and normalized discounted cumulative gain
(NDCG) are three widely used rank evaluation measures in the in-
formation retrieval community. Both those evaluation measures are
in the range [0, 1], where a method that produces the exact ranking
as in the gold standard achieves the score of 1. Next, we describe
each of those evaluation measures in detail.

Precision at rank n (P@n) [1] measure is defined as the propor-
tion of the relevant documents among the top n-ranked documents,

P@n =

No. of relevant docs in top n results
n

. (6)

Table 2: Parameter settings for RankDE.
Parameter Value
Population size (P) 50

maximum no. of generations 10, 000
no. of dimensions (L) 44

F value 0.5
crossover rate (CR) 0.5

Average precision averages the P@n at over different n values
to produce a single measure for a given query as follows,

AP =

PN
n=1

(P@n⇥ rel(n))

No. of relevant docs for this query
. (7)

Here, N is the number of retrieved documents, and rel(n) is a
binary function that returns the value 1 if the n-th ranked document
is relevant to the query under consideration and 0 otherwise. Mean
average precision (MAP) is computed as the average of AP over all
queries in the dataset.

NDCG considers the reciprocal of the logarithm of the rank as-
signed to relevant documents. For a ranked list of documents re-
trieved for a query, NDCG value at position n, NDCG@n, is com-
puted as follows,

NDCG@n = Zn

nX

j=1

2

r(j) � 1

log(1 + j)
. (8)

Here, r(j) is the rating of the j-th document in the ranked list,
and the normalization constant Zn is chosen such that a perfectly
ranked list would obtain an NDCG@n score of 1. Specifically, it is
given by,

Zn =

1Pn
j=1

1

log(1+j)

. (9)

For the TD2003 and TD2004 datasets, we define two values of
ratings 0 and 1 respectively corresponding to relevant and non-
relevant documents in order to compute NDCG scores. In our eval-
uations, we report the average values taken over all the queries in a
dataset as P@n and NDCG@n.

4.3 Parameter Settings
The parameters in RankDE are set to the values shown in Table

2 by measuring the performance on the validation data provided in
the LETOR datasets. Each individual is represented by a 44 dimen-
sional real-valued vector in which, each dimension corresponds to
some feature found in the LETOR datasets. The initial population
is generated randomly by selecting the parameter values from the
range [�1, 1].

4.4 Evaluation Procedure and Baselines
We compare our DE-based learning to rank algorithm, RankDE,

with several baselines and previously proposed EC-based rank learn-
ing algorithms using TD2003 and TD2004 datasets. Next, we briefly
describe each of those algorithms.

BM25: BM25 [23] is a non-learning ranking function that com-
bines numerous statistics to compute a ranking score that re-
flects the relevancy of a document to a given query. It utilizes
information such as the number of times the query occur in
a document (i.e. term frequency), the number of documents
that contains the query (i.e. document frequency), the length
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tf [1] 4

idf [1] 4

dl [1] 4
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numerous ranking heuristics popularly used in the information re-
trieval community to rank a list of retrieved documents. The set of
features used in LETOR includes low-level features such as, term
frequency (tf), inverse document frequency (idf), document length
(dl) combinations of low-level features such as tf*idf [1], as well as
high-level features such as BM25 [23] and LMIR [33]. Hyperlink
structure provides useful clues about the relevancy of a web page.
Consequently, several features are computed using the hyperlink
information in LETOR datasets such as PageRank [19], HITS [16],
HostRank [31], topical PageRank and topical HITS [18].

It is noteworthy that the values of features extracted for docu-
ments retrieved for different queries are not comparable. Therefore,
we first normalize the values of each feature across all documents
retrieved for a particular query. Let us denote the set of documents
retrieved for query qi by D(qi) and a document in this set by dj (i.e.
dj 2 D(qi)). Moreover, let us denote the k-th feature in the fea-
ture vector �(qi, dj) representing a query-document pair (qi, dj)
by �k(qi, dj). Then, the normalized value of �k(qi, dj) 2 [0, 1] is
calculated as follows,

�k(qi, dj) =
�k(qi, dj)�min{�k(qi, dj)}

max{�k(qi, dj)}�min{�k(qi, dj)}
. (5)

4.2 Evaluation Measures
To evaluate a ranking produced by an algorithm for a set of doc-

uments retrieved for a particular query, we can compare it against
the ranking induced by the scores assigned by a human annotator
for those documents. Precision at position n (P@n), Mean Aver-
age Precision (MAP), and normalized discounted cumulative gain
(NDCG) are three widely used rank evaluation measures in the in-
formation retrieval community. Both those evaluation measures are
in the range [0, 1], where a method that produces the exact ranking
as in the gold standard achieves the score of 1. Next, we describe
each of those evaluation measures in detail.

Precision at rank n (P@n) [1] measure is defined as the propor-
tion of the relevant documents among the top n-ranked documents,

P@n =

No. of relevant docs in top n results
n

. (6)

Table 2: Parameter settings for RankDE.
Parameter Value
Population size (P) 50

maximum no. of generations 10, 000
no. of dimensions (L) 44

F value 0.5
crossover rate (CR) 0.5

Average precision averages the P@n at over different n values
to produce a single measure for a given query as follows,

AP =

PN
n=1

(P@n⇥ rel(n))

No. of relevant docs for this query
. (7)

Here, N is the number of retrieved documents, and rel(n) is a
binary function that returns the value 1 if the n-th ranked document
is relevant to the query under consideration and 0 otherwise. Mean
average precision (MAP) is computed as the average of AP over all
queries in the dataset.

NDCG considers the reciprocal of the logarithm of the rank as-
signed to relevant documents. For a ranked list of documents re-
trieved for a query, NDCG value at position n, NDCG@n, is com-
puted as follows,

NDCG@n = Zn

nX

j=1

2

r(j) � 1

log(1 + j)
. (8)

Here, r(j) is the rating of the j-th document in the ranked list,
and the normalization constant Zn is chosen such that a perfectly
ranked list would obtain an NDCG@n score of 1. Specifically, it is
given by,

Zn =

1Pn
j=1

1

log(1+j)

. (9)

For the TD2003 and TD2004 datasets, we define two values of
ratings 0 and 1 respectively corresponding to relevant and non-
relevant documents in order to compute NDCG scores. In our eval-
uations, we report the average values taken over all the queries in a
dataset as P@n and NDCG@n.

4.3 Parameter Settings
The parameters in RankDE are set to the values shown in Table

2 by measuring the performance on the validation data provided in
the LETOR datasets. Each individual is represented by a 44 dimen-
sional real-valued vector in which, each dimension corresponds to
some feature found in the LETOR datasets. The initial population
is generated randomly by selecting the parameter values from the
range [�1, 1].

4.4 Evaluation Procedure and Baselines
We compare our DE-based learning to rank algorithm, RankDE,

with several baselines and previously proposed EC-based rank learn-
ing algorithms using TD2003 and TD2004 datasets. Next, we briefly
describe each of those algorithms.

BM25: BM25 [23] is a non-learning ranking function that com-
bines numerous statistics to compute a ranking score that re-
flects the relevancy of a document to a given query. It utilizes
information such as the number of times the query occur in
a document (i.e. term frequency), the number of documents
that contains the query (i.e. document frequency), the length
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tf [1] 4

idf [1] 4

dl [1] 4

tfidf [1] 4

Content (high-level) BM25 [23] 4

LMIR [33] 9

Hyperlink

PageRank [19] 1

Topical PageRank [18] 1

HITS [16] 2

Topical HITS [18] 2

HostRank [31] 1

Hybrid Hyperlink-base rel-
evance propagation
[24]

6

Sitemap-based rel-
evance propagation
[21]

2

Total 44

numerous ranking heuristics popularly used in the information re-
trieval community to rank a list of retrieved documents. The set of
features used in LETOR includes low-level features such as, term
frequency (tf), inverse document frequency (idf), document length
(dl) combinations of low-level features such as tf*idf [1], as well as
high-level features such as BM25 [23] and LMIR [33]. Hyperlink
structure provides useful clues about the relevancy of a web page.
Consequently, several features are computed using the hyperlink
information in LETOR datasets such as PageRank [19], HITS [16],
HostRank [31], topical PageRank and topical HITS [18].

It is noteworthy that the values of features extracted for docu-
ments retrieved for different queries are not comparable. Therefore,
we first normalize the values of each feature across all documents
retrieved for a particular query. Let us denote the set of documents
retrieved for query qi by D(qi) and a document in this set by dj (i.e.
dj 2 D(qi)). Moreover, let us denote the k-th feature in the fea-
ture vector �(qi, dj) representing a query-document pair (qi, dj)
by �k(qi, dj). Then, the normalized value of �k(qi, dj) 2 [0, 1] is
calculated as follows,

�k(qi, dj) =
�k(qi, dj)�min{�k(qi, dj)}

max{�k(qi, dj)}�min{�k(qi, dj)}
. (5)

4.2 Evaluation Measures
To evaluate a ranking produced by an algorithm for a set of doc-

uments retrieved for a particular query, we can compare it against
the ranking induced by the scores assigned by a human annotator
for those documents. Precision at position n (P@n), Mean Aver-
age Precision (MAP), and normalized discounted cumulative gain
(NDCG) are three widely used rank evaluation measures in the in-
formation retrieval community. Both those evaluation measures are
in the range [0, 1], where a method that produces the exact ranking
as in the gold standard achieves the score of 1. Next, we describe
each of those evaluation measures in detail.

Precision at rank n (P@n) [1] measure is defined as the propor-
tion of the relevant documents among the top n-ranked documents,

P@n =

No. of relevant docs in top n results
n

. (6)

Table 2: Parameter settings for RankDE.
Parameter Value
Population size (P) 50

maximum no. of generations 10, 000
no. of dimensions (L) 44

F value 0.5
crossover rate (CR) 0.5

Average precision averages the P@n at over different n values
to produce a single measure for a given query as follows,

AP =

PN
n=1

(P@n⇥ rel(n))

No. of relevant docs for this query
. (7)

Here, N is the number of retrieved documents, and rel(n) is a
binary function that returns the value 1 if the n-th ranked document
is relevant to the query under consideration and 0 otherwise. Mean
average precision (MAP) is computed as the average of AP over all
queries in the dataset.

NDCG considers the reciprocal of the logarithm of the rank as-
signed to relevant documents. For a ranked list of documents re-
trieved for a query, NDCG value at position n, NDCG@n, is com-
puted as follows,

NDCG@n = Zn

nX

j=1

2

r(j) � 1

log(1 + j)
. (8)

Here, r(j) is the rating of the j-th document in the ranked list,
and the normalization constant Zn is chosen such that a perfectly
ranked list would obtain an NDCG@n score of 1. Specifically, it is
given by,

Zn =

1Pn
j=1

1

log(1+j)

. (9)

For the TD2003 and TD2004 datasets, we define two values of
ratings 0 and 1 respectively corresponding to relevant and non-
relevant documents in order to compute NDCG scores. In our eval-
uations, we report the average values taken over all the queries in a
dataset as P@n and NDCG@n.

4.3 Parameter Settings
The parameters in RankDE are set to the values shown in Table

2 by measuring the performance on the validation data provided in
the LETOR datasets. Each individual is represented by a 44 dimen-
sional real-valued vector in which, each dimension corresponds to
some feature found in the LETOR datasets. The initial population
is generated randomly by selecting the parameter values from the
range [�1, 1].

4.4 Evaluation Procedure and Baselines
We compare our DE-based learning to rank algorithm, RankDE,

with several baselines and previously proposed EC-based rank learn-
ing algorithms using TD2003 and TD2004 datasets. Next, we briefly
describe each of those algorithms.

BM25: BM25 [23] is a non-learning ranking function that com-
bines numerous statistics to compute a ranking score that re-
flects the relevancy of a document to a given query. It utilizes
information such as the number of times the query occur in
a document (i.e. term frequency), the number of documents
that contains the query (i.e. document frequency), the length
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Table 1: Features in the LETOR TD2003 and TD2004 datasets.
Category Feature No. of

features

Content (low-level)

tf [1] 4

idf [1] 4

dl [1] 4

tfidf [1] 4

Content (high-level) BM25 [23] 4

LMIR [33] 9

Hyperlink

PageRank [19] 1

Topical PageRank [18] 1

HITS [16] 2

Topical HITS [18] 2

HostRank [31] 1

Hybrid Hyperlink-base rel-
evance propagation
[24]

6

Sitemap-based rel-
evance propagation
[21]

2

Total 44

numerous ranking heuristics popularly used in the information re-
trieval community to rank a list of retrieved documents. The set of
features used in LETOR includes low-level features such as, term
frequency (tf), inverse document frequency (idf), document length
(dl) combinations of low-level features such as tf*idf [1], as well as
high-level features such as BM25 [23] and LMIR [33]. Hyperlink
structure provides useful clues about the relevancy of a web page.
Consequently, several features are computed using the hyperlink
information in LETOR datasets such as PageRank [19], HITS [16],
HostRank [31], topical PageRank and topical HITS [18].

It is noteworthy that the values of features extracted for docu-
ments retrieved for different queries are not comparable. Therefore,
we first normalize the values of each feature across all documents
retrieved for a particular query. Let us denote the set of documents
retrieved for query qi by D(qi) and a document in this set by dj (i.e.
dj 2 D(qi)). Moreover, let us denote the k-th feature in the fea-
ture vector �(qi, dj) representing a query-document pair (qi, dj)
by �k(qi, dj). Then, the normalized value of �k(qi, dj) 2 [0, 1] is
calculated as follows,

�k(qi, dj) =
�k(qi, dj)�min{�k(qi, dj)}

max{�k(qi, dj)}�min{�k(qi, dj)}
. (5)

4.2 Evaluation Measures
To evaluate a ranking produced by an algorithm for a set of doc-

uments retrieved for a particular query, we can compare it against
the ranking induced by the scores assigned by a human annotator
for those documents. Precision at position n (P@n), Mean Aver-
age Precision (MAP), and normalized discounted cumulative gain
(NDCG) are three widely used rank evaluation measures in the in-
formation retrieval community. Both those evaluation measures are
in the range [0, 1], where a method that produces the exact ranking
as in the gold standard achieves the score of 1. Next, we describe
each of those evaluation measures in detail.

Precision at rank n (P@n) [1] measure is defined as the propor-
tion of the relevant documents among the top n-ranked documents,

P@n =

No. of relevant docs in top n results
n

. (6)

Table 2: Parameter settings for RankDE.
Parameter Value
Population size (P) 50

maximum no. of generations 10, 000
no. of dimensions (L) 44

F value 0.5
crossover rate (CR) 0.5

Average precision averages the P@n at over different n values
to produce a single measure for a given query as follows,

AP =

PN
n=1

(P@n⇥ rel(n))

No. of relevant docs for this query
. (7)

Here, N is the number of retrieved documents, and rel(n) is a
binary function that returns the value 1 if the n-th ranked document
is relevant to the query under consideration and 0 otherwise. Mean
average precision (MAP) is computed as the average of AP over all
queries in the dataset.

NDCG considers the reciprocal of the logarithm of the rank as-
signed to relevant documents. For a ranked list of documents re-
trieved for a query, NDCG value at position n, NDCG@n, is com-
puted as follows,

NDCG@n = Zn

nX

j=1

2

r(j) � 1

log(1 + j)
. (8)

Here, r(j) is the rating of the j-th document in the ranked list,
and the normalization constant Zn is chosen such that a perfectly
ranked list would obtain an NDCG@n score of 1. Specifically, it is
given by,

Zn =

1Pn
j=1

1

log(1+j)

. (9)

For the TD2003 and TD2004 datasets, we define two values of
ratings 0 and 1 respectively corresponding to relevant and non-
relevant documents in order to compute NDCG scores. In our eval-
uations, we report the average values taken over all the queries in a
dataset as P@n and NDCG@n.

4.3 Parameter Settings
The parameters in RankDE are set to the values shown in Table

2 by measuring the performance on the validation data provided in
the LETOR datasets. Each individual is represented by a 44 dimen-
sional real-valued vector in which, each dimension corresponds to
some feature found in the LETOR datasets. The initial population
is generated randomly by selecting the parameter values from the
range [�1, 1].

4.4 Evaluation Procedure and Baselines
We compare our DE-based learning to rank algorithm, RankDE,

with several baselines and previously proposed EC-based rank learn-
ing algorithms using TD2003 and TD2004 datasets. Next, we briefly
describe each of those algorithms.

BM25: BM25 [23] is a non-learning ranking function that com-
bines numerous statistics to compute a ranking score that re-
flects the relevancy of a document to a given query. It utilizes
information such as the number of times the query occur in
a document (i.e. term frequency), the number of documents
that contains the query (i.e. document frequency), the length
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Table 1: Features in the LETOR TD2003 and TD2004 datasets.
Category Feature No. of

features

Content (low-level)

tf [1] 4

idf [1] 4

dl [1] 4

tfidf [1] 4

Content (high-level) BM25 [23] 4

LMIR [33] 9

Hyperlink

PageRank [19] 1

Topical PageRank [18] 1

HITS [16] 2

Topical HITS [18] 2

HostRank [31] 1

Hybrid Hyperlink-base rel-
evance propagation
[24]

6

Sitemap-based rel-
evance propagation
[21]

2

Total 44

numerous ranking heuristics popularly used in the information re-
trieval community to rank a list of retrieved documents. The set of
features used in LETOR includes low-level features such as, term
frequency (tf), inverse document frequency (idf), document length
(dl) combinations of low-level features such as tf*idf [1], as well as
high-level features such as BM25 [23] and LMIR [33]. Hyperlink
structure provides useful clues about the relevancy of a web page.
Consequently, several features are computed using the hyperlink
information in LETOR datasets such as PageRank [19], HITS [16],
HostRank [31], topical PageRank and topical HITS [18].

It is noteworthy that the values of features extracted for docu-
ments retrieved for different queries are not comparable. Therefore,
we first normalize the values of each feature across all documents
retrieved for a particular query. Let us denote the set of documents
retrieved for query qi by D(qi) and a document in this set by dj (i.e.
dj 2 D(qi)). Moreover, let us denote the k-th feature in the fea-
ture vector �(qi, dj) representing a query-document pair (qi, dj)
by �k(qi, dj). Then, the normalized value of �k(qi, dj) 2 [0, 1] is
calculated as follows,

�k(qi, dj) =
�k(qi, dj)�min{�k(qi, dj)}

max{�k(qi, dj)}�min{�k(qi, dj)}
. (5)

4.2 Evaluation Measures
To evaluate a ranking produced by an algorithm for a set of doc-

uments retrieved for a particular query, we can compare it against
the ranking induced by the scores assigned by a human annotator
for those documents. Precision at position n (P@n), Mean Aver-
age Precision (MAP), and normalized discounted cumulative gain
(NDCG) are three widely used rank evaluation measures in the in-
formation retrieval community. Both those evaluation measures are
in the range [0, 1], where a method that produces the exact ranking
as in the gold standard achieves the score of 1. Next, we describe
each of those evaluation measures in detail.

Precision at rank n (P@n) [1] measure is defined as the propor-
tion of the relevant documents among the top n-ranked documents,

P@n =

No. of relevant docs in top n results
n

. (6)

Table 2: Parameter settings for RankDE.
Parameter Value
Population size (P) 50

maximum no. of generations 10, 000
no. of dimensions (L) 44

F value 0.5
crossover rate (CR) 0.5

Average precision averages the P@n at over different n values
to produce a single measure for a given query as follows,

AP =

PN
n=1

(P@n⇥ rel(n))

No. of relevant docs for this query
. (7)

Here, N is the number of retrieved documents, and rel(n) is a
binary function that returns the value 1 if the n-th ranked document
is relevant to the query under consideration and 0 otherwise. Mean
average precision (MAP) is computed as the average of AP over all
queries in the dataset.

NDCG considers the reciprocal of the logarithm of the rank as-
signed to relevant documents. For a ranked list of documents re-
trieved for a query, NDCG value at position n, NDCG@n, is com-
puted as follows,

NDCG@n = Zn

nX

j=1

2

r(j) � 1

log(1 + j)
. (8)

Here, r(j) is the rating of the j-th document in the ranked list,
and the normalization constant Zn is chosen such that a perfectly
ranked list would obtain an NDCG@n score of 1. Specifically, it is
given by,

Zn =

1Pn
j=1

1

log(1+j)

. (9)

For the TD2003 and TD2004 datasets, we define two values of
ratings 0 and 1 respectively corresponding to relevant and non-
relevant documents in order to compute NDCG scores. In our eval-
uations, we report the average values taken over all the queries in a
dataset as P@n and NDCG@n.

4.3 Parameter Settings
The parameters in RankDE are set to the values shown in Table

2 by measuring the performance on the validation data provided in
the LETOR datasets. Each individual is represented by a 44 dimen-
sional real-valued vector in which, each dimension corresponds to
some feature found in the LETOR datasets. The initial population
is generated randomly by selecting the parameter values from the
range [�1, 1].

4.4 Evaluation Procedure and Baselines
We compare our DE-based learning to rank algorithm, RankDE,

with several baselines and previously proposed EC-based rank learn-
ing algorithms using TD2003 and TD2004 datasets. Next, we briefly
describe each of those algorithms.

BM25: BM25 [23] is a non-learning ranking function that com-
bines numerous statistics to compute a ranking score that re-
flects the relevancy of a document to a given query. It utilizes
information such as the number of times the query occur in
a document (i.e. term frequency), the number of documents
that contains the query (i.e. document frequency), the length

AP	
  =	
  (P@1+P@2+P@3+P@4+P@5)	
  /	
  5	
  
	
  	
  	
  	
  	
  	
  =	
  0.70	


※	
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  N	
  =	
  10	
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リとドキュメントに関係があるかないか (0 or 1)、クエ
リ ID、特徴ベクトル (44次元)、ドキュメント IDからな
り、TD2003 は 49171 行、TD2004 は 74170 行のデー
タから成る。本稿では時間上の制約から TD2003のみを
用いて実験を行なっている。
LETOR が保持している特徴量はクエリとドキュメ
ントの関連度に基づく特徴量及びリンク関係に基づく文
書重要度を表現している特徴量の二種類に分けられる。
クエリとドキュメントの関連度に基づく特徴量として
は term frequency (tf), inverse document frequency

(idf), document length (dl) といった単純な特徴量や
それらを組み合わせた tf*idf [], またよりロバストな
特徴量である BM25 [] や LMIR [] 等がある。リンク
関係に基づく文書重要度を表現している特徴量としては
PageRank [], HITS [], HostRank [], topical PageRank

及び topical HITS []等がある。
各特徴量はスケールが異なっており、これらを直接用
いて学習を行うことは難しい。そこで本稿ではそれらを 0

から 1の範囲に正規化したものを用いて学習を行なってい
る。正規化の方法は以下のとおりである。クエリ qi とペ
アになっているドキュメントの集合をD(qi)、その集合に
含まれるドキュメントを dj と定義する。クエリとドキュ
メントのペア (qi, dj) に対する特徴ベクトルを φ(qi, dj)

とし、特徴ベクトルの要素を φk(qi, dj)と定義する。正規
化された特徴量 φk(qi, dj) ∈ [0, 1]は次の式で得られる。

φk(qi, dj) =
φk(qi, dj)−min{φk(qi, dj)}

max{φk(qi, dj)}−min{φk(qi, dj)}
(1)

5.2 評価手法

ランキング学習の分野で標準的に用いられる評価基準に
ついて述べる。LETOR では代表的なアルゴリズムがと
るこれらの評価基準の値が提供されている。

• P@n (Precision at Position n)

クエリとソート済のドキュメント列が与えられた
時 、上位 n件に関係があるドキュメントがある割
合は P@nと呼ばれ式 (2)で定義される。

P@n =
! of relevant docs in top n results

n
(2)

• MAP (Mean Average Precision)

クエリとソート済みのドキュメント列が与えられ
た時、rel(n) を n 番目のドキュメントに関係が
ある場合は 1、そうでなければ 0 と定義する。こ
の時 AP (Average Precision)は式 (3)で定義さ
れ、クエリ全体に対して AP の平均をとったもの

はMAP と呼ばれ式 (4)で定義される。

AP =

∑N
n=1 P@n ∗ rel(n)

No. of relevant docs for this query
(3)

MAP =

∑Q
q=1 AP

No. of queries
(4)

• NDCG (Normalized Discount Cumulative

Gain)

クエリとソート済みのドキュメント列が与えられ
た時、位置 nの NDCGは式 (5)で定義される。

NDCG@n = Zn

n∑

j=1

2rel(j) − 1

log (1 + j)
(5)

Zn =
1

∑n
j=1

1

log (1 + j)

(6)

5.3 実験方法

LETOR は 5-fold cross validationのために分割され
ており、さらに各 Fold がトレーニング用データセット、
validation 用データセット、test 用データセットに分割
されている。本稿で算出したスコアは 5つの Foldの平均
値である。
本実験では適合度に MAP を用いた。個体が表現する
関数の値によってドキュメントをソートし求めた MAP

を個体の適合度としている。個体の適合度評価の擬似コー
ドを Algorithm 1に示す。

Algorithm 1 individual evaluation

for all indiv such that indiv ∈ population do

for all q such that q ∈ query do

for all d such that d ∈ document[q] do

f ← feature vector[q][d]

d.relevancy ← indiv.calc relevancy(f)

end for

sort by relevancy(document[q])

ap[q]← calc AP (document[q])

end for

indiv.fitness← calc MAP (ap)

end for

本節の実験で設定した POLE 及び POLE-BP の主要
なパラメータを表 1 に示す。POLE 及び POLE-BP で
は Truncate Selectionを採用しており、個体の適合度上
位 Ps が選択されベイジアンネットワークの構築に用いら
れる。POLE 及び POLE-BP ではエリート戦略を用い
ており適合度上位 Pe はそのまま次世代に持ち越される。
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Features	
  that	
  search	
  engines	
  	
  
must	
  consider	


•  Relevancy	
  between	
  query	
  and	
  document:	
  
depends	
  on	
  both	
  query	
  and	
  document	
  
–  term	
  frequency	
  (h)	
  
–  inverse	
  document	
  frequency(idf)	
  	
  
– h-­‐idf	
  
–  BM25:	
  normalized	
  h-­‐idf	
  by	
  document	
  length	
  

•  Importance	
  of	
  documents:	
  depends	
  only	
  on	
  
document	
  
–  Page	
  rank	
  
– HITS	
  

Can	
  a	
  combina2on	
  of	
  	
  these	
  
features	
  define	
  more	
  
accurate	
  relevancy	
  and	
  

importance?	
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Ranking	
  func2on	
  &	
  Learning	
  to	
  Rank	


•  Ranking	
  func2on	
  
–  	
  Combina2on	
  of	
  relevancy	
  and	
  importance	
  features	
  
–  Returns	
  higher	
  real	
  values	
  for	
  more	
  relevant	
  query	
  
and	
  document	
  pairs	
  

•  Linear	
  ranking	
  func2on	
  was	
  commonly	
  used	
  

–  Can	
  be	
  easily	
  op2mized	
  
–  Fast	
  for	
  large	
  queries	
  

•  Learning	
  to	
  Rank	
  
–  To	
  learn	
  and	
  op2mize	
  ranking	
  func2on	
  

F(query,document) = ωi fi∑

16	




Non-­‐linear	
  Ranking	
  Func2on	

•  Generally	
  

– More	
  degrees	
  of	
  freedom,	
  possible	
  to	
  fit	
  the	
  actual	
  ranking	
  
func2on	
  be[er	
  

•  Experimental	
  Results	
  
–  Yahoo!	
  Learning	
  to	
  Rank	
  Challenge	
  Overview	
  	
  [O.	
  Chapelle	
  et	
  
al.	
  2011]	
  
	
  “The	
  results	
  of	
  the	
  challenge	
  clearly	
  showed	
  that	
  nonlinear	
  
models	
  such	
  as	
  trees	
  and	
  ensemble	
  learning	
  methods	
  are	
  
powerful	
  techniques.	
  ”	
  

–  Non-­‐linear	
  baseline,	
  GBDT	
  (Gradient	
  Boosted	
  Decision	
  Tree)	
  
[J.	
  Freedman	
  2002],	
  beats	
  many	
  linear	
  challengers	
  

The	
  a[en2on	
  to	
  Non-­‐linear	
  learning	
  to	
  rank	
  is	
  	
  
ever	
  increasing!	
  	
  

However,	
  Non-­‐linear	
  search	
  space	
  is	
  vast…	
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PMBGP	
  (Probabilis2c	
  Model	
  Building	
  GP)	


•  Extension	
  of	
  EDAs	
  (Es2ma2on	
  of	
  Distribu2on	
  
Algorithms)	
  to	
  tree	
  structures,	
  func2ons	
  or	
  
programs	
  

•  Es2mate	
  subtrees	
  or	
  other	
  building	
  blocks	
  
using	
  Probabilis2c	
  models	
  

In	
  non-­‐linear	
  vast	
  search	
  space,	
  it	
  is	
  
considered	
  efficient	
  to	
  es2mate	
  building	
  

blocks	
  for	
  searching	
  good	
  ranking	
  func2ons	
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The	
  proposed	
  method:	
  Rank-­‐PMBGP	
  
Non-­‐linear	
  Learning	
  to	
  Rank	
  using	
  PMBGP	


•  Base:	
  POLE	
  (Program	
  Op2miza2on	
  with	
  
Linkage	
  Es2ma2on)	
  [Y.	
  Hasegawa	
  et	
  al.	
  2007]	
  

•  Func2on	
  nodes:	
  {+,	
  -­‐,	
  *}	
  
•  Terminal	
  nodes:	
  
– Variable	
  nodes:	
  features	
  
– Constant	
  node:	
  weights	
  for	
  features	
  [0,1]	
  

•  Fitness:	
  MAP	


Table 1: Features in the LETOR TD2003 and TD2004 datasets.
Category Feature No. of

features

Content (low-level)

tf [1] 4

idf [1] 4

dl [1] 4

tfidf [1] 4

Content (high-level) BM25 [23] 4

LMIR [33] 9

Hyperlink

PageRank [19] 1

Topical PageRank [18] 1

HITS [16] 2

Topical HITS [18] 2

HostRank [31] 1

Hybrid Hyperlink-base rel-
evance propagation
[24]

6

Sitemap-based rel-
evance propagation
[21]

2

Total 44

numerous ranking heuristics popularly used in the information re-
trieval community to rank a list of retrieved documents. The set of
features used in LETOR includes low-level features such as, term
frequency (tf), inverse document frequency (idf), document length
(dl) combinations of low-level features such as tf*idf [1], as well as
high-level features such as BM25 [23] and LMIR [33]. Hyperlink
structure provides useful clues about the relevancy of a web page.
Consequently, several features are computed using the hyperlink
information in LETOR datasets such as PageRank [19], HITS [16],
HostRank [31], topical PageRank and topical HITS [18].

It is noteworthy that the values of features extracted for docu-
ments retrieved for different queries are not comparable. Therefore,
we first normalize the values of each feature across all documents
retrieved for a particular query. Let us denote the set of documents
retrieved for query qi by D(qi) and a document in this set by dj (i.e.
dj 2 D(qi)). Moreover, let us denote the k-th feature in the fea-
ture vector �(qi, dj) representing a query-document pair (qi, dj)
by �k(qi, dj). Then, the normalized value of �k(qi, dj) 2 [0, 1] is
calculated as follows,

�k(qi, dj) =
�k(qi, dj)�min{�k(qi, dj)}

max{�k(qi, dj)}�min{�k(qi, dj)}
. (5)

4.2 Evaluation Measures
To evaluate a ranking produced by an algorithm for a set of doc-

uments retrieved for a particular query, we can compare it against
the ranking induced by the scores assigned by a human annotator
for those documents. Precision at position n (P@n), Mean Aver-
age Precision (MAP), and normalized discounted cumulative gain
(NDCG) are three widely used rank evaluation measures in the in-
formation retrieval community. Both those evaluation measures are
in the range [0, 1], where a method that produces the exact ranking
as in the gold standard achieves the score of 1. Next, we describe
each of those evaluation measures in detail.

Precision at rank n (P@n) [1] measure is defined as the propor-
tion of the relevant documents among the top n-ranked documents,

P@n =

No. of relevant docs in top n results
n

. (6)

Table 2: Parameter settings for RankDE.
Parameter Value
Population size (P) 50

maximum no. of generations 10, 000
no. of dimensions (L) 44

F value 0.5
crossover rate (CR) 0.5

Average precision averages the P@n at over different n values
to produce a single measure for a given query as follows,

AP =

PN
n=1

(P@n⇥ rel(n))

No. of relevant docs for this query
. (7)

Here, N is the number of retrieved documents, and rel(n) is a
binary function that returns the value 1 if the n-th ranked document
is relevant to the query under consideration and 0 otherwise. Mean
average precision (MAP) is computed as the average of AP over all
queries in the dataset.

NDCG considers the reciprocal of the logarithm of the rank as-
signed to relevant documents. For a ranked list of documents re-
trieved for a query, NDCG value at position n, NDCG@n, is com-
puted as follows,

NDCG@n = Zn

nX

j=1

2

r(j) � 1

log(1 + j)
. (8)

Here, r(j) is the rating of the j-th document in the ranked list,
and the normalization constant Zn is chosen such that a perfectly
ranked list would obtain an NDCG@n score of 1. Specifically, it is
given by,

Zn =

1Pn
j=1

1

log(1+j)

. (9)

For the TD2003 and TD2004 datasets, we define two values of
ratings 0 and 1 respectively corresponding to relevant and non-
relevant documents in order to compute NDCG scores. In our eval-
uations, we report the average values taken over all the queries in a
dataset as P@n and NDCG@n.

4.3 Parameter Settings
The parameters in RankDE are set to the values shown in Table

2 by measuring the performance on the validation data provided in
the LETOR datasets. Each individual is represented by a 44 dimen-
sional real-valued vector in which, each dimension corresponds to
some feature found in the LETOR datasets. The initial population
is generated randomly by selecting the parameter values from the
range [�1, 1].

4.4 Evaluation Procedure and Baselines
We compare our DE-based learning to rank algorithm, RankDE,

with several baselines and previously proposed EC-based rank learn-
ing algorithms using TD2003 and TD2004 datasets. Next, we briefly
describe each of those algorithms.

BM25: BM25 [23] is a non-learning ranking function that com-
bines numerous statistics to compute a ranking score that re-
flects the relevancy of a document to a given query. It utilizes
information such as the number of times the query occur in
a document (i.e. term frequency), the number of documents
that contains the query (i.e. document frequency), the length

Table 1: Features in the LETOR TD2003 and TD2004 datasets.
Category Feature No. of

features

Content (low-level)

tf [1] 4

idf [1] 4

dl [1] 4

tfidf [1] 4

Content (high-level) BM25 [23] 4

LMIR [33] 9

Hyperlink

PageRank [19] 1

Topical PageRank [18] 1

HITS [16] 2

Topical HITS [18] 2

HostRank [31] 1

Hybrid Hyperlink-base rel-
evance propagation
[24]

6

Sitemap-based rel-
evance propagation
[21]

2

Total 44

numerous ranking heuristics popularly used in the information re-
trieval community to rank a list of retrieved documents. The set of
features used in LETOR includes low-level features such as, term
frequency (tf), inverse document frequency (idf), document length
(dl) combinations of low-level features such as tf*idf [1], as well as
high-level features such as BM25 [23] and LMIR [33]. Hyperlink
structure provides useful clues about the relevancy of a web page.
Consequently, several features are computed using the hyperlink
information in LETOR datasets such as PageRank [19], HITS [16],
HostRank [31], topical PageRank and topical HITS [18].

It is noteworthy that the values of features extracted for docu-
ments retrieved for different queries are not comparable. Therefore,
we first normalize the values of each feature across all documents
retrieved for a particular query. Let us denote the set of documents
retrieved for query qi by D(qi) and a document in this set by dj (i.e.
dj 2 D(qi)). Moreover, let us denote the k-th feature in the fea-
ture vector �(qi, dj) representing a query-document pair (qi, dj)
by �k(qi, dj). Then, the normalized value of �k(qi, dj) 2 [0, 1] is
calculated as follows,

�k(qi, dj) =
�k(qi, dj)�min{�k(qi, dj)}

max{�k(qi, dj)}�min{�k(qi, dj)}
. (5)

4.2 Evaluation Measures
To evaluate a ranking produced by an algorithm for a set of doc-

uments retrieved for a particular query, we can compare it against
the ranking induced by the scores assigned by a human annotator
for those documents. Precision at position n (P@n), Mean Aver-
age Precision (MAP), and normalized discounted cumulative gain
(NDCG) are three widely used rank evaluation measures in the in-
formation retrieval community. Both those evaluation measures are
in the range [0, 1], where a method that produces the exact ranking
as in the gold standard achieves the score of 1. Next, we describe
each of those evaluation measures in detail.

Precision at rank n (P@n) [1] measure is defined as the propor-
tion of the relevant documents among the top n-ranked documents,

P@n =

No. of relevant docs in top n results
n

. (6)

Table 2: Parameter settings for RankDE.
Parameter Value
Population size (P) 50

maximum no. of generations 10, 000
no. of dimensions (L) 44

F value 0.5
crossover rate (CR) 0.5

Average precision averages the P@n at over different n values
to produce a single measure for a given query as follows,

AP =

PN
n=1

(P@n⇥ rel(n))

No. of relevant docs for this query
. (7)

Here, N is the number of retrieved documents, and rel(n) is a
binary function that returns the value 1 if the n-th ranked document
is relevant to the query under consideration and 0 otherwise. Mean
average precision (MAP) is computed as the average of AP over all
queries in the dataset.

NDCG considers the reciprocal of the logarithm of the rank as-
signed to relevant documents. For a ranked list of documents re-
trieved for a query, NDCG value at position n, NDCG@n, is com-
puted as follows,

NDCG@n = Zn

nX

j=1

2

r(j) � 1

log(1 + j)
. (8)

Here, r(j) is the rating of the j-th document in the ranked list,
and the normalization constant Zn is chosen such that a perfectly
ranked list would obtain an NDCG@n score of 1. Specifically, it is
given by,

Zn =

1Pn
j=1

1

log(1+j)

. (9)

For the TD2003 and TD2004 datasets, we define two values of
ratings 0 and 1 respectively corresponding to relevant and non-
relevant documents in order to compute NDCG scores. In our eval-
uations, we report the average values taken over all the queries in a
dataset as P@n and NDCG@n.

4.3 Parameter Settings
The parameters in RankDE are set to the values shown in Table

2 by measuring the performance on the validation data provided in
the LETOR datasets. Each individual is represented by a 44 dimen-
sional real-valued vector in which, each dimension corresponds to
some feature found in the LETOR datasets. The initial population
is generated randomly by selecting the parameter values from the
range [�1, 1].

4.4 Evaluation Procedure and Baselines
We compare our DE-based learning to rank algorithm, RankDE,

with several baselines and previously proposed EC-based rank learn-
ing algorithms using TD2003 and TD2004 datasets. Next, we briefly
describe each of those algorithms.

BM25: BM25 [23] is a non-learning ranking function that com-
bines numerous statistics to compute a ranking score that re-
flects the relevancy of a document to a given query. It utilizes
information such as the number of times the query occur in
a document (i.e. term frequency), the number of documents
that contains the query (i.e. document frequency), the length

リとドキュメントに関係があるかないか (0 or 1)、クエ
リ ID、特徴ベクトル (44次元)、ドキュメント IDからな
り、TD2003 は 49171 行、TD2004 は 74170 行のデー
タから成る。本稿では時間上の制約から TD2003のみを
用いて実験を行なっている。
LETOR が保持している特徴量はクエリとドキュメ
ントの関連度に基づく特徴量及びリンク関係に基づく文
書重要度を表現している特徴量の二種類に分けられる。
クエリとドキュメントの関連度に基づく特徴量として
は term frequency (tf), inverse document frequency

(idf), document length (dl) といった単純な特徴量や
それらを組み合わせた tf*idf [], またよりロバストな
特徴量である BM25 [] や LMIR [] 等がある。リンク
関係に基づく文書重要度を表現している特徴量としては
PageRank [], HITS [], HostRank [], topical PageRank

及び topical HITS []等がある。
各特徴量はスケールが異なっており、これらを直接用
いて学習を行うことは難しい。そこで本稿ではそれらを 0

から 1の範囲に正規化したものを用いて学習を行なってい
る。正規化の方法は以下のとおりである。クエリ qi とペ
アになっているドキュメントの集合をD(qi)、その集合に
含まれるドキュメントを dj と定義する。クエリとドキュ
メントのペア (qi, dj) に対する特徴ベクトルを φ(qi, dj)

とし、特徴ベクトルの要素を φk(qi, dj)と定義する。正規
化された特徴量 φk(qi, dj) ∈ [0, 1]は次の式で得られる。

φk(qi, dj) =
φk(qi, dj)−min{φk(qi, dj)}

max{φk(qi, dj)}−min{φk(qi, dj)}
(1)

5.2 評価手法

ランキング学習の分野で標準的に用いられる評価基準に
ついて述べる。LETOR では代表的なアルゴリズムがと
るこれらの評価基準の値が提供されている。

• P@n (Precision at Position n)

クエリとソート済のドキュメント列が与えられた
時 、上位 n件に関係があるドキュメントがある割
合は P@nと呼ばれ式 (2)で定義される。

P@n =
! of relevant docs in top n results

n
(2)

• MAP (Mean Average Precision)

クエリとソート済みのドキュメント列が与えられ
た時、rel(n) を n 番目のドキュメントに関係が
ある場合は 1、そうでなければ 0 と定義する。こ
の時 AP (Average Precision)は式 (3)で定義さ
れ、クエリ全体に対して AP の平均をとったもの

はMAP と呼ばれ式 (4)で定義される。

AP =

∑N
n=1 P@n ∗ rel(n)

No. of relevant docs for this query
(3)

MAP =

∑Q
q=1 AP

No. of queries
(4)

• NDCG (Normalized Discount Cumulative

Gain)

クエリとソート済みのドキュメント列が与えられ
た時、位置 nの NDCGは式 (5)で定義される。

NDCG@n = Zn

n∑

j=1

2rel(j) − 1

log (1 + j)
(5)

Zn =
1

∑n
j=1

1

log (1 + j)

(6)

5.3 実験方法

LETOR は 5-fold cross validationのために分割され
ており、さらに各 Fold がトレーニング用データセット、
validation 用データセット、test 用データセットに分割
されている。本稿で算出したスコアは 5つの Foldの平均
値である。
本実験では適合度に MAP を用いた。個体が表現する
関数の値によってドキュメントをソートし求めた MAP

を個体の適合度としている。個体の適合度評価の擬似コー
ドを Algorithm 1に示す。

Algorithm 1 individual evaluation

for all indiv such that indiv ∈ population do

for all q such that q ∈ query do

for all d such that d ∈ document[q] do

f ← feature vector[q][d]

d.relevancy ← indiv.calc relevancy(f)

end for

sort by relevancy(document[q])

ap[q]← calc AP (document[q])

end for

indiv.fitness← calc MAP (ap)

end for

本節の実験で設定した POLE 及び POLE-BP の主要
なパラメータを表 1 に示す。POLE 及び POLE-BP で
は Truncate Selectionを採用しており、個体の適合度上
位 Ps が選択されベイジアンネットワークの構築に用いら
れる。POLE 及び POLE-BP ではエリート戦略を用い
ており適合度上位 Pe はそのまま次世代に持ち越される。

4
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Dataset	


Test	


Valida2on	


Actual	
  
train	


Fold1	

Train	


Fold4	
Fold3	
Fold2	
 Fold5	


LETOR	
  :	
  Released	
  by	
  Microsou	
  Research	
  Asia	


ü  Collected	
  from	
  real	
  users	
  
ü  Standard	
  dataset	
  used	
  in	
  many	
  papers	
  
ü  TD2003	
  (49171	
  lines)	
  and	
  TD2004	
  (74170	
  lines)	
  

ü  Such	
  a	
  large	
  data	
  that	
  MAP	
  calcula2on	
  
(fitness	
  evalua2on)	
  is	
  very	
  2me	
  consuming	
  	
  

ü  44	
  features	
   27	




The	
  Flow	
  of	
  experiments	


28	


Learning using 
actual train	


Validation for 
individuals at the 
last generation 
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Ranking Function	
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Methods	
  for	
  comparison	


•  RankSVM	
  [R.	
  Herbrich	
  et	
  al.	
  1999]	
  
–  Using	
  Support	
  Vector	
  Machine	
  to	
  discriminate	
  relevance	
  or	
  not	
  

•  RankBoost	
  [Y.	
  Freund	
  et	
  al.	
  2003]	
  
–  An	
  applica2on	
  of	
  Adaboost	
  to	
  learning	
  to	
  rank	
  

•  SwarmRank	
  [E.	
  Diaz-­‐Aviles	
  et	
  al.	
  2009]	
  
–  Op2mize	
  linear	
  ranking	
  func2on	
  by	
  PSO	
  (Par2cle	
  Swarm	
  Op2miza2on)	
  

•  RankGP	
  [J.	
  Y.	
  Yeh	
  et	
  al.	
  2007]	
  
–  Op2mize	
  linear	
  ranking	
  func2on	
  using	
  GP	
  

•  RankDE	
  [D.	
  Bollegala	
  et	
  al.	
  2011]	
  
–  This	
  achieves	
  best	
  score	
  among	
  evolu2onary	
  computa2on	
  based	
  

learning	
  to	
  rank	
  
–  Op2mize	
  linear	
  ranking	
  func2on	
  using	
  DE	
  (Differen2al	
  Evolu2on)	
  

•  Our	
  Baseline	
  	
  
–  Op2mize	
  non-­‐linear	
  ranking	
  func2on	
  using	
  GP	
  
–  Extension	
  of	
  RankGP	
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0.38	
  

50000	
   500000	
  

	
  M
AP

	
  
	


The	
  number	
  of	
  evalua2ons	
  (log	
  scale)	


Baseline	
  training	
   Baseline	
  test	
  

Rank-­‐PMBGP	
  trainning	
   Rank-­‐PMBGP	
  test	
  

Although	
  Baseline	
  does	
  not	
  improve,	
  	
  
Rank-­‐PMBGP	
  improves	
  

	
  as	
  the	
  number	
  of	
  evalua2ons	
  increases	
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Conclusion	


•  We	
  proposed	
  Probabilis2c	
  Model	
  Building	
  GP	
  
based	
  method	
  to	
  op2mize	
  Non-­‐linear	
  Ranking	
  
Func2on	
  

•  The	
  proposed	
  method,	
  Rank-­‐PMBGP,	
  
outperforms	
  GP	
  based	
  Baseline	
  and	
  some	
  of	
  the	
  
exis2ng	
  methods	
  

•  Although	
  feature	
  selec2on	
  is	
  effec2ve,	
  further	
  
research	
  is	
  required	
  to	
  reduce	
  the	
  search	
  space	
  

•  Analysis	
  of	
  op2mized	
  ranking	
  func2on	
  is	
  future	
  
work	
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Thank	
  you!	


If	
  you	
  have	
  any	
  ques2ons,	
  
	
  please	
  feel	
  free	
  to	
  e-­‐mail	
  to	
  
sato@iba.t.u-­‐tokyo.ac.jp	
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Q&A	
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Why	
  we	
  employ	
  POLE	
  as	
  	
  
Probabilis2c	
  Model	
  Building	
  GP?	


•  Learn	
  graph	
  structure	
  and	
  parameter	
  at	
  each	
  
genera2on	
  
– Be[er	
  than	
  other	
  Bayesian	
  network	
  based	
  
PMBGPs	
  with	
  fixed	
  structure	
  

•  Use	
  EPT	
  (Expanded	
  Parse	
  Tree)	
  
– Special	
  func2on	
  node	
  push	
  terminal	
  symbols	
  on	
  
trunk	
  into	
  leaves.	
  In	
  other	
  words,	
  terminal	
  
symbols	
  appear	
  only	
  in	
  leaves	
  

– Learning	
  of	
  Bayesian	
  network	
  becomes	
  easy	
  since	
  
symbols	
  on	
  trunk	
  is	
  reduced	
  (only	
  func2ons)	
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Features	
  in	
  LETOR	
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}  low-­‐level	
  content	
  features	
  
}  h:	
  term	
  frequency	
  
}  idf:	
  inverse	
  document	
  frequency	
  
}  dl:	
  document	
  length	
  
}  hidf:	
  mul2plica2on	
  of	
  h	
  and	
  idf	
  

}  high-­‐level	
  content	
  features	
  
}  BM25	
  
}  LMIR	
  

}  Hyperlink-­‐based	
  features	
  
}  PageRank	
  
}  Topical	
  PageRank	
  
}  HITS	
  
}  Topical	
  HITS	
  
}  HostRank	
  

}  Hybrid	
  features	
  
}  Hyperlink-­‐based	
  relevance	
  propaga2on	
  
}  Site	
  map-­‐based	
  relevance	
  propaga2on	
  

}  Total:	
  44	
  features	
  in	
  the	
  LETOR-­‐2	
  dataset	
  



Why	
  did	
  the	
  non-­‐linear	
  proposed	
  
method	
  lose	
  to	
  linear	
  RankDE?	


•  Could	
  not	
  search	
  non-­‐linear	
  vast	
  search	
  space	
  
thoroughly	
  
–  Learning	
  is	
  not	
  saturated	
  at	
  1,000,000	
  fitness	
  
evalua2ons	
  

– We	
  could	
  not	
  increase	
  the	
  number	
  of	
  fitness	
  
evalua2ons	
  more	
  since	
  MAP	
  calcula2on	
  is	
  very	
  2me	
  
consuming	
  
•  1	
  run	
  (5	
  folds)	
  takes	
  over	
  24	
  hours	
  
•  A	
  future	
  work	
  is	
  to	
  reduce	
  the	
  number	
  of	
  evalua2ons	
  

•  Note	
  that	
  overfiWng	
  did	
  not	
  occur	
  otherwise	
  did	
  
in	
  GP	
  based	
  baseline	
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The	
  number	
  of	
  evalua2ons	


Ø 60,000	
  
Ø  Popula2on	
  size:	
  600,	
  maximum	
  genera2on:	
  100	
  

Ø  250,000	
  
Ø  Popula2on	
  size:	
  5000,	
  maximum	
  genera2on:	
  50	
  

Ø  1,000,000	
  
Ø  Popula2on	
  size:	
  10000,	
  maximum	
  genera2on:	
  

100	
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Parameters	
  of	
  Rank-­‐PMBGP	

TABLE II

FEATURES IN THE LETOR TD2003 AND TD2004 DATASETS.

Category Feature No. of
features

Content (low-level)

tf [5] 4
idf [5] 4
dl [5] 4
tfidf [5] 4

Content (high-level) BM25 [19] 4
LMIR [20] 9

Hyperlink

PageRank [4] 1
Topical PageRank [23] 1
HITS [21] 2
Topical HITS [23] 2
HostRank [22] 1

Hybrid Hyperlink-base relevance
propagation [24]

6

Sitemap-based relevance
propagation [25]

2

Total 44

documents listed. Each query-document pair is given a binary
judgement indicating whether a document is relevant or non-
relevant for a particular query.

A query-document pair in the LETOR dataset is represented
using 44 features as shown in Table II. The features include
numerous ranking heuristics popularly used in the information
retrieval community. The set of features includes low-level fea-
tures such as, term frequency (tf), inverse document frequency
(idf), document length (dl) combinations of low-level features
such as tf*idf [5], as well as high-level features such as BM25
[19] and LMIR [20]. Hyperlink structure provides useful clues
about the relevancy of a web page. Consequently, several
features are computed using the hyperlink information in
LETOR datasets such as PageRank [4], HITS [21], HostRank
[22], topical PageRank and topical HITS [23]. Following the
standard practice, all features are normalized to [0, 1] range
prior to training. For the TD2003 and TD2004 datasets, we
define two values of ratings 0 and 1 respectively corresponding
to relevant and non-relevant documents in order to compute
NDCG scores. In our evaluations, we report the average values
taken over all the queries in a dataset as P@n and NDCG@n.

B. Results

One major challenge involved in learning the optimal non-
linear combination of a large number of features (e.g. 44 in
TD2003) using a comparatively smaller number of training
instances (e.g. 50 queries) is overfitting. Because the possible
hypothesis space is much more complex with non-linear func-
tions relatively to linear functions, extra care must be taken
to reduce overfitting. As already mentioned under the Step 3
in Section III, the use of validation data to select the best in-
dividual provides a partial solution to the overfitting problem.
As a complementary solution, we reduce the complexity of the
search space by performing feature selection prior to learning
a non-linear ranking function with those features. In addition
to reducing overfitting, feature selection speed ups the training
process, enabling us to use large training datasets.

To select salient features for ranking, first, we train a linear
ranking function using all the features in a dataset. We use

TABLE III
SETTINGS FOR THE PROPOSED RANK-PMBGP METHOD

Parameters/Nodes Settings
Ps if population size is larger than 5000 use

0.05 otherwise use 0.2
Pe if population size is larger than 5000 use 1

otherwise use 0.005
PF 0.9
Sf {+,-,*} (all function takes two arguments)

Sv

11 features ( id : name)
5: dl of URL
7: HITS hub
8: HostRank
9: idf of body
10: idf of anchor
11: idf of title
12: idf of URL
18: LMIRJM of anchor
21: LMIRDIR of extracted title
23: LMIRABS of title
39: Hyperlink base score propagation
(weighted in-link) }

Sc {0.2, 0.4, 0.6, 0.8, 1.0}
The number of 16terminal symbols
depth limitation 8

the linear ranking function learning algorithm proposed by
Bollegala et al. [26] for this purpose. This method learns
a weight for each feature, which represents the influence
that feature has upon the ranking produced by the linear
combination of features as expressed in Equation 1. We select
the features with weights larger than 2 for Rank-PMBGP.
Table III shows the set of selected features and the values
of all parameters in Rank-PMBGP. To avoid any biases due to
initialization, we report the average results over 10 repetitions
for all the experiments described in this paper.

We compare the performance of the proposed method
against several previously proposed methods and a baseline.

RankSVM [27] extends Support Vector Machines, originally
proposed for binary classification, to rank learning.

RankBoost [28] combines a variety of ranking scores based
on AdaBoost. Individual features in LETOR are consid-
ered as weak classifiers for boosting. Performance for
both RankSVM and RankBoost are obtained from the
official LETOR report [18].

SwarmRank [29] learns a linear ranking function by maxi-
mizing MAP using Particle Swarm Optimization (PSO).

RankGP [30] applies GP to the rank learning problem.
However, this method is limited to learning linear ranking
functions.

RankDE [26] is a Differential Evolution (DE) based ranking
algorithm. It finds the optimal linear combination of
features that maximizes MAP over a dataset. To our
knowledge, RankDE is the current state-of-the-art among
the methods that use evolutionary algorithms.

Baseline Method: Following RankGP, we implement a
method using GP that can learn non-linear ranking func-
tions. This baseline serves two purposes. First, it demon-
strates the difference in performance between GP and
PMBGP in the context of learning to rank. Second, it acts
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Parameters	
  of	
  Baseline	
  using	
  GP	


TABLE IV
PARAMETERS IN THE BASELINE METHOD.

Parameter Definition Value
Pe Elitist Reproduction Rate Only 1 individual
Pc Crossover Rate Initial value = 0.95, then change

dynamically using AMRT
Pm Mutation Rate Initial value = 0.05, then change

dynamically using AMRT
sizet Tournament Size 5
PF Functional Selection Rate 0.9

0.264&

0.282&

0.226&
0.252&

0.2&
0.21&
0.22&
0.23&
0.24&
0.25&
0.26&
0.27&
0.28&
0.29&

5& 15& 25& 35& 45&

av
er
ag
e&
M
AP
�

The&number&of&features�

Rank1PMBGP&training& Rank1PMBGP&test&

Fig. 1. The effect of feature selection on Rank-PMBGP.

as a non-linear version of Rank-GP, thereby demonstrat-
ing any gain in performance due to non-linearities. We
use tournament selection with Adaptive Mutation Rate
Tuning (AMRT) [31] for this baseline. AMRT increases
the mutation rate and decreases the crossover rate when
the population is likely to converge. The parameter values
for this baseline are shown in Table IV.

Rank-PMBGP is our proposed method.
Table V compares the performance of the above-mentioned

methods on TD2003 using MAP, P@n, and NDCG. On MAP,
we see that Rank-PMBGP outperforms RankGP as well as
the Baseline method. This shows the superiority of non-linear
ranking functions over linear ranking functions in the context
of learning to rank for information retrieval. Moreover, only
RankDE performs better than Rank-PMBGP on TD2003.
Although RankDE can only learn linear ranking functions, its
good performance can be attributable to the DE-based learning
algorithm. Indeed, an interesting future research direction
would be to explore the possibility of using DE to learn
non-linear ranking functions. Overall, our proposed Rank-
PMBGP significantly outperforms RankSVM, RankBoost,
SwamRank, and the Baseline methods at 0.05 significance
level according to on a paired t-test.

Figure 1 shows the effect of feature selection on our
proposed Rank-PMBGP. We see a steep drop in MAP when the
number of features is increased, indicating a severe overfitting.
This shows that feature selection is an important step when
learning non-linear combinations of features.

We study the effect of the number of fitness evaluations
has upon the overall performance of the proposed Rank-

PMBGP and the Baseline. From Figure 2, we see that on both
TD2003 as well as TD2004, Rank-PMBGP performs better
than the Baseline at the end of the training. In particular, on
TD2003, initially the performance of Rank-PMBGP is lower
than that of the Baseline. However, the performance of the
Baseline method does not improve over the iterations whereas
Rank-PMBGP does. The fact that Rank-PMBGP constantly
outperforms the Baseline on two different datasets shows the
reliability of the proposed method.

V. RELATED WORK

Learning to rank methods can be divided into three ap-
proaches:pointwise, pairwise, and listwise. The pointwise ap-
proach [32], [33] deals with each query-document pair in-
dependently during entire training and ranking. Because the
pointwise approach dismisses the relative preferences between
query-document pairs for the same query, it often results in
poor performances.

Pairwise approach [27], [28], [34], [35] considers partially
ordered preferences between a pair of documents for the same
query. Representative methods for pairwise rank learning are
Ranking Support Vector Machines (RankSVM) [27], Rank-
Boost [28], and RankNet [34]. Despite the wide popularity of
pairwise approaches, they considers only a pair of documents
at a time, thus ignoring the remainder of the documents
retrieved for a query.

Listwise approach [36]–[39] considers the entire set of
documents retrieved for a particular query during training,
thereby overcoming the above-mentioned disfluencies in the
pointwise and pairwise approaches. In information retrieval,
we must apply the learnt ranking function to induce a total
ordering for a set of documents retrieved for a query. Listwise
approach models this situation well. Therefore, we follow the
listwise approach in this paper to learn a ranking function
from a given set of training data. Different loss functions
have been used in prior work on listwise rank learning,
leading to numerous algorithms such as ListNet [37] (cross
entropy), RankCosine [36] (cosine loss), and ListMLE [39]
(likelihood loss). However, these methods do not directly
optimize the evaluation criteria used in information retrieval
such as MAP or NDCG, and instead approximate them via the
above-mentioned loss functions. In contrast, Rank-PMBGP
directly optimizes those evaluation criteria, without requiring
any approximations.

Fan et al. [40]–[42] proposed a GP-based approach to learn
a term-weighting formula by combining numerous features.
First, they use an expression tree data structure to represent a
term-weighting formula, and then apply GP to select the best
performing function. Numerous operators such as addition,
subtraction, multiplication, division, square root, logarithm
etc. are considered. Almeida et al. [43] propose Combined
Component Approach (CCA), a GP-based ranking function,
that combines several term-weighting components such as
term frequency, collection frequency, etc. to generate ranking
functions. Yeh et al. [44] propose RankGP, a learning to rank
method using GP. RankGP regards linear ranking functions as
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An	
  example	
  of	
  op2mized	
  ranking	
  func2on	
  by	
  
Rank-­‐PMBGP（Fold4）	
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Some	
  measures	
  to	
  evaluate	
  ranked	
  list	
  
of	
  documents	


Table 1: Features in the LETOR TD2003 and TD2004 datasets.
Category Feature No. of

features

Content (low-level)

tf [1] 4

idf [1] 4

dl [1] 4

tfidf [1] 4

Content (high-level) BM25 [23] 4

LMIR [33] 9

Hyperlink

PageRank [19] 1

Topical PageRank [18] 1

HITS [16] 2

Topical HITS [18] 2

HostRank [31] 1

Hybrid Hyperlink-base rel-
evance propagation
[24]

6

Sitemap-based rel-
evance propagation
[21]

2

Total 44

numerous ranking heuristics popularly used in the information re-
trieval community to rank a list of retrieved documents. The set of
features used in LETOR includes low-level features such as, term
frequency (tf), inverse document frequency (idf), document length
(dl) combinations of low-level features such as tf*idf [1], as well as
high-level features such as BM25 [23] and LMIR [33]. Hyperlink
structure provides useful clues about the relevancy of a web page.
Consequently, several features are computed using the hyperlink
information in LETOR datasets such as PageRank [19], HITS [16],
HostRank [31], topical PageRank and topical HITS [18].

It is noteworthy that the values of features extracted for docu-
ments retrieved for different queries are not comparable. Therefore,
we first normalize the values of each feature across all documents
retrieved for a particular query. Let us denote the set of documents
retrieved for query qi by D(qi) and a document in this set by dj (i.e.
dj 2 D(qi)). Moreover, let us denote the k-th feature in the fea-
ture vector �(qi, dj) representing a query-document pair (qi, dj)
by �k(qi, dj). Then, the normalized value of �k(qi, dj) 2 [0, 1] is
calculated as follows,

�k(qi, dj) =
�k(qi, dj)�min{�k(qi, dj)}

max{�k(qi, dj)}�min{�k(qi, dj)}
. (5)

4.2 Evaluation Measures
To evaluate a ranking produced by an algorithm for a set of doc-

uments retrieved for a particular query, we can compare it against
the ranking induced by the scores assigned by a human annotator
for those documents. Precision at position n (P@n), Mean Aver-
age Precision (MAP), and normalized discounted cumulative gain
(NDCG) are three widely used rank evaluation measures in the in-
formation retrieval community. Both those evaluation measures are
in the range [0, 1], where a method that produces the exact ranking
as in the gold standard achieves the score of 1. Next, we describe
each of those evaluation measures in detail.

Precision at rank n (P@n) [1] measure is defined as the propor-
tion of the relevant documents among the top n-ranked documents,

P@n =

No. of relevant docs in top n results
n

. (6)

Table 2: Parameter settings for RankDE.
Parameter Value
Population size (P) 50

maximum no. of generations 10, 000
no. of dimensions (L) 44

F value 0.5
crossover rate (CR) 0.5

Average precision averages the P@n at over different n values
to produce a single measure for a given query as follows,

AP =

PN
n=1

(P@n⇥ rel(n))

No. of relevant docs for this query
. (7)

Here, N is the number of retrieved documents, and rel(n) is a
binary function that returns the value 1 if the n-th ranked document
is relevant to the query under consideration and 0 otherwise. Mean
average precision (MAP) is computed as the average of AP over all
queries in the dataset.

NDCG considers the reciprocal of the logarithm of the rank as-
signed to relevant documents. For a ranked list of documents re-
trieved for a query, NDCG value at position n, NDCG@n, is com-
puted as follows,

NDCG@n = Zn

nX

j=1

2

r(j) � 1

log(1 + j)
. (8)

Here, r(j) is the rating of the j-th document in the ranked list,
and the normalization constant Zn is chosen such that a perfectly
ranked list would obtain an NDCG@n score of 1. Specifically, it is
given by,

Zn =

1Pn
j=1

1

log(1+j)

. (9)

For the TD2003 and TD2004 datasets, we define two values of
ratings 0 and 1 respectively corresponding to relevant and non-
relevant documents in order to compute NDCG scores. In our eval-
uations, we report the average values taken over all the queries in a
dataset as P@n and NDCG@n.

4.3 Parameter Settings
The parameters in RankDE are set to the values shown in Table

2 by measuring the performance on the validation data provided in
the LETOR datasets. Each individual is represented by a 44 dimen-
sional real-valued vector in which, each dimension corresponds to
some feature found in the LETOR datasets. The initial population
is generated randomly by selecting the parameter values from the
range [�1, 1].

4.4 Evaluation Procedure and Baselines
We compare our DE-based learning to rank algorithm, RankDE,

with several baselines and previously proposed EC-based rank learn-
ing algorithms using TD2003 and TD2004 datasets. Next, we briefly
describe each of those algorithms.

BM25: BM25 [23] is a non-learning ranking function that com-
bines numerous statistics to compute a ranking score that re-
flects the relevancy of a document to a given query. It utilizes
information such as the number of times the query occur in
a document (i.e. term frequency), the number of documents
that contains the query (i.e. document frequency), the length

Table 1: Features in the LETOR TD2003 and TD2004 datasets.
Category Feature No. of

features

Content (low-level)

tf [1] 4

idf [1] 4

dl [1] 4

tfidf [1] 4

Content (high-level) BM25 [23] 4

LMIR [33] 9

Hyperlink

PageRank [19] 1

Topical PageRank [18] 1

HITS [16] 2

Topical HITS [18] 2

HostRank [31] 1

Hybrid Hyperlink-base rel-
evance propagation
[24]

6

Sitemap-based rel-
evance propagation
[21]

2

Total 44

numerous ranking heuristics popularly used in the information re-
trieval community to rank a list of retrieved documents. The set of
features used in LETOR includes low-level features such as, term
frequency (tf), inverse document frequency (idf), document length
(dl) combinations of low-level features such as tf*idf [1], as well as
high-level features such as BM25 [23] and LMIR [33]. Hyperlink
structure provides useful clues about the relevancy of a web page.
Consequently, several features are computed using the hyperlink
information in LETOR datasets such as PageRank [19], HITS [16],
HostRank [31], topical PageRank and topical HITS [18].

It is noteworthy that the values of features extracted for docu-
ments retrieved for different queries are not comparable. Therefore,
we first normalize the values of each feature across all documents
retrieved for a particular query. Let us denote the set of documents
retrieved for query qi by D(qi) and a document in this set by dj (i.e.
dj 2 D(qi)). Moreover, let us denote the k-th feature in the fea-
ture vector �(qi, dj) representing a query-document pair (qi, dj)
by �k(qi, dj). Then, the normalized value of �k(qi, dj) 2 [0, 1] is
calculated as follows,

�k(qi, dj) =
�k(qi, dj)�min{�k(qi, dj)}

max{�k(qi, dj)}�min{�k(qi, dj)}
. (5)

4.2 Evaluation Measures
To evaluate a ranking produced by an algorithm for a set of doc-

uments retrieved for a particular query, we can compare it against
the ranking induced by the scores assigned by a human annotator
for those documents. Precision at position n (P@n), Mean Aver-
age Precision (MAP), and normalized discounted cumulative gain
(NDCG) are three widely used rank evaluation measures in the in-
formation retrieval community. Both those evaluation measures are
in the range [0, 1], where a method that produces the exact ranking
as in the gold standard achieves the score of 1. Next, we describe
each of those evaluation measures in detail.

Precision at rank n (P@n) [1] measure is defined as the propor-
tion of the relevant documents among the top n-ranked documents,

P@n =

No. of relevant docs in top n results
n

. (6)

Table 2: Parameter settings for RankDE.
Parameter Value
Population size (P) 50

maximum no. of generations 10, 000
no. of dimensions (L) 44

F value 0.5
crossover rate (CR) 0.5

Average precision averages the P@n at over different n values
to produce a single measure for a given query as follows,

AP =

PN
n=1

(P@n⇥ rel(n))

No. of relevant docs for this query
. (7)

Here, N is the number of retrieved documents, and rel(n) is a
binary function that returns the value 1 if the n-th ranked document
is relevant to the query under consideration and 0 otherwise. Mean
average precision (MAP) is computed as the average of AP over all
queries in the dataset.

NDCG considers the reciprocal of the logarithm of the rank as-
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puted as follows,

NDCG@n = Zn

nX

j=1

2

r(j) � 1

log(1 + j)
. (8)

Here, r(j) is the rating of the j-th document in the ranked list,
and the normalization constant Zn is chosen such that a perfectly
ranked list would obtain an NDCG@n score of 1. Specifically, it is
given by,

Zn =

1Pn
j=1

1

log(1+j)

. (9)

For the TD2003 and TD2004 datasets, we define two values of
ratings 0 and 1 respectively corresponding to relevant and non-
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uations, we report the average values taken over all the queries in a
dataset as P@n and NDCG@n.

4.3 Parameter Settings
The parameters in RankDE are set to the values shown in Table

2 by measuring the performance on the validation data provided in
the LETOR datasets. Each individual is represented by a 44 dimen-
sional real-valued vector in which, each dimension corresponds to
some feature found in the LETOR datasets. The initial population
is generated randomly by selecting the parameter values from the
range [�1, 1].

4.4 Evaluation Procedure and Baselines
We compare our DE-based learning to rank algorithm, RankDE,

with several baselines and previously proposed EC-based rank learn-
ing algorithms using TD2003 and TD2004 datasets. Next, we briefly
describe each of those algorithms.

BM25: BM25 [23] is a non-learning ranking function that com-
bines numerous statistics to compute a ranking score that re-
flects the relevancy of a document to a given query. It utilizes
information such as the number of times the query occur in
a document (i.e. term frequency), the number of documents
that contains the query (i.e. document frequency), the length

リとドキュメントに関係があるかないか (0 or 1)、クエ
リ ID、特徴ベクトル (44次元)、ドキュメント IDからな
り、TD2003 は 49171 行、TD2004 は 74170 行のデー
タから成る。本稿では時間上の制約から TD2003のみを
用いて実験を行なっている。
LETOR が保持している特徴量はクエリとドキュメ
ントの関連度に基づく特徴量及びリンク関係に基づく文
書重要度を表現している特徴量の二種類に分けられる。
クエリとドキュメントの関連度に基づく特徴量として
は term frequency (tf), inverse document frequency

(idf), document length (dl) といった単純な特徴量や
それらを組み合わせた tf*idf [], またよりロバストな
特徴量である BM25 [] や LMIR [] 等がある。リンク
関係に基づく文書重要度を表現している特徴量としては
PageRank [], HITS [], HostRank [], topical PageRank

及び topical HITS []等がある。
各特徴量はスケールが異なっており、これらを直接用
いて学習を行うことは難しい。そこで本稿ではそれらを 0

から 1の範囲に正規化したものを用いて学習を行なってい
る。正規化の方法は以下のとおりである。クエリ qi とペ
アになっているドキュメントの集合をD(qi)、その集合に
含まれるドキュメントを dj と定義する。クエリとドキュ
メントのペア (qi, dj) に対する特徴ベクトルを φ(qi, dj)

とし、特徴ベクトルの要素を φk(qi, dj)と定義する。正規
化された特徴量 φk(qi, dj) ∈ [0, 1]は次の式で得られる。

φk(qi, dj) =
φk(qi, dj)−min{φk(qi, dj)}

max{φk(qi, dj)}−min{φk(qi, dj)}
(1)

5.2 評価手法

ランキング学習の分野で標準的に用いられる評価基準に
ついて述べる。LETOR では代表的なアルゴリズムがと
るこれらの評価基準の値が提供されている。

• P@n (Precision at Position n)

クエリとソート済のドキュメント列が与えられた
時 、上位 n件に関係があるドキュメントがある割
合は P@nと呼ばれ式 (2)で定義される。

P@n =
! of relevant docs in top n results

n
(2)

• MAP (Mean Average Precision)

クエリとソート済みのドキュメント列が与えられ
た時、rel(n) を n 番目のドキュメントに関係が
ある場合は 1、そうでなければ 0 と定義する。こ
の時 AP (Average Precision)は式 (3)で定義さ
れ、クエリ全体に対して AP の平均をとったもの

はMAP と呼ばれ式 (4)で定義される。

AP =

∑N
n=1 P@n ∗ rel(n)

No. of relevant docs for this query
(3)

MAP =

∑Q
q=1 AP

No. of queries
(4)

• NDCG (Normalized Discount Cumulative

Gain)

クエリとソート済みのドキュメント列が与えられ
た時、位置 nの NDCGは式 (5)で定義される。

NDCG@n = Zn

n∑

j=1

2rel(j) − 1

log (1 + j)
(5)

Zn =
1

∑n
j=1

1

log (1 + j)

(6)

5.3 実験方法

LETOR は 5-fold cross validationのために分割され
ており、さらに各 Fold がトレーニング用データセット、
validation 用データセット、test 用データセットに分割
されている。本稿で算出したスコアは 5つの Foldの平均
値である。
本実験では適合度に MAP を用いた。個体が表現する
関数の値によってドキュメントをソートし求めた MAP

を個体の適合度としている。個体の適合度評価の擬似コー
ドを Algorithm 1に示す。

Algorithm 1 individual evaluation

for all indiv such that indiv ∈ population do

for all q such that q ∈ query do

for all d such that d ∈ document[q] do

f ← feature vector[q][d]

d.relevancy ← indiv.calc relevancy(f)

end for

sort by relevancy(document[q])

ap[q]← calc AP (document[q])

end for

indiv.fitness← calc MAP (ap)

end for

本節の実験で設定した POLE 及び POLE-BP の主要
なパラメータを表 1 に示す。POLE 及び POLE-BP で
は Truncate Selectionを採用しており、個体の適合度上
位 Ps が選択されベイジアンネットワークの構築に用いら
れる。POLE 及び POLE-BP ではエリート戦略を用い
ており適合度上位 Pe はそのまま次世代に持ち越される。
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Rankings	
  

•  Popular	
  evalua2on	
  method	
  for	
  ranking,	
  but	
  2me	
  consuming	
  
•  Employed	
  as	
  fitness	
  func2on	
  in	
  the	
  proposed	
  method	
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Problem	
  SeWngs	


•  When	
  query	
  q	
  and	
  documents	
  D	
  are	
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output	
  proper	
  ranked	
  list	
  of	
  documents	
  	
  

•  問題設定	
  
•  学習データの集め方	
  
•  特徴量	
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