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Abstract 

 

 Ranking is the central problem for 

information retrieval (IR), and employing 

machine learning techniques to learn the ranking 

function is viewed as a promising approach to 

IR. In information retrieval, the users’queries 

often vary a lot from one to another. However 

most of existing approaches for ranking do not 

explicitly take into consideration the fact that 

queries vary significantly along several 

dimensions. In this paper, query difference is 

incorporated into ranking by applying query-

dependent loss function to the original loss 

function of RankBoost algorithm. The 

effectiveness of the system will be tested on 

LETOR, publicly available benchmark dataset. 

 

1. Introduction 

 Many applications have ranking as the central 

issue, such as information retrieval, collaborative 

filtering, expert finding, data mining, and anti 

web spam. Recently, “learning to rank” has been 

one of the most popular research topics in the 

areas of information retrieval and search engines. 

When applied to document retrieval, the task of 

learning to rank is to construct a ranking function 

for a search engine. 
 An effective ranking framework is the core 

component of any information retrieval system 

and several ranking functions emerged including 

the Boolean model, the vector spacemodel [8] 

and BM25. They have the advantage of being 

fast and produce reasonably good results. When 

more features become available, however, 

incorporating them into these models is usually 

difficult since it requires a significant change in 

the underlying model. Recently machine learning 

techniques have also been applied to ranking 

model construction and supervised learning to 

rank algorithms can help overcome that 

limitation. Several methods for learning to rank 

have been developed. Typical methods include 

RankSVM[11], RankBoost[6][7], RankNet[1], 

and some improved methods such as MHR[5], 

AdaRank[11], and ListNet[5].  

 Queries vary largely in multiple facets, for 

example, queries can be navigational, 

informational, or transactional and the diverse 

feature impacts on ranking relevance with 

respect to difference queries. 

 In this paper different loss functions for 

different query categories are combined in 

learning the ranking function. Instead of 

extracting individual objective for each query, 

query categorization is used to represent query 

difference such that each query category stands 

for one kind of ranking objective. 

 The rest of this paper is organized as follows. 

Related work is presented in Section 2. Section 3 

presents the system architecture. In section 4 and 

section 5 , the dataset and evaluation methods 

that will be used to determine the performance of 

the system are described. Finally, section 5 

presents conclusion of the paper. 

 

2. Related Work 

 

 SomnathBanejeeet.al[4] proposed a local 

learning algorithm based on new similarity 

measure between queries. Firstly, they defined 

the principal components for each query. After 

that, they used an offline method to cluster 

queries base on their proposed similarity measure 



and train a model for each cluster. When a test 

query is entered, they used the model from the 

most similar cluster. 

 Weijian Ni et.al[14] developed a query 

dependent ranking approach. In their approach, 

the ranking model of each query consists of a 

generalizable model and a specific model. 

During the learning stage, the generalizable and 

specific models are learned through using 

structural risk minimization (SRM) inductive 

principle. At the inference stage, for each new 

query, several of the most favorable specific 

models learned from training queries are used to 

generate its adaptable ranking model. 

 Lian-Wang Lee et.al[12], also proposed a 

new framework for query-dependent ranking. 

They generated individual ranking models from 

each training queries. When a new query is 

asked, the retrieved documents of the new query 

are ranking according to their scores given by a 

ranking model which is a weighted combination 

of the models of similar training queries. 

 XiuboGenget.al[9] developed query-

dependent ranking by using K-Nearest Neighbor 

(KNN) method. They create a ranking model for 

a given query by using the labeled neighbors of 

the query in the query feature space and then 

rank the documents with respect to the query 

using that model. 

 In most of the previous works, the ranking 

features of top-T documents retrieved by a 

reference model are used to generate query 

features for each query. Since the reference 

model is one of the ranking features, the 

generated query features may biased towards the 

reference model. This system tend to consider all 

ranking features equally by computing the 

average score of all ranking features and used the 

ranking features of documents which have the 

highest average score to generate query feature.  

 Since most of the previous query-dependent 

ranking approaches need to be trained many 

model for each query category, they training time 

of these approaches could be quite large. During 

testing, these approaches need to spend 

additional time to locate the appropriate model 

for the test query.  

 So that the proposed system tries to minimize 

the loss function by categorizing the queries in 

learning, it needs to be trained only one model 

for all query categories. Therefore, the training 

time and testing time can be reduced. 

 

3. System Architecture 

 The system consists of three main 

components : Query feature generation module, 

Ranking model construction module and 

testingmodule.Figure.1 shows the architecture of 

the proposed system. 
 

 

 

 

 

 

 

 

 

 

Figure 1. Architecture of the proposed system 

 

3.1. Query feature generation  

 In order to achieve high accuracy, query features 

used in the method are important. A query is 

associated with a list of retrieved documents, each of 

which can be taken as an observation about the query. 

In this system, ranking features of the retrieved 

documents are used for each query. To extract the 

query features for each query, the system use the top T 

documents which have the highest average scores of 

its documents features. The system use the average 

scores of all features so that the system can consider 

all ranking features equally without biasing to only 

one feature. For each query q∈Q in the training data,  

the system find top T documents Dq= {d1, d2, d3… dT} 

for q. We use the ranking features of these documents 

to extract the features of the query. Each document 

di∈Dq is represented with n ranking features di
x= { 

di
x1, d

i
x2…, di

xn}. To represent q in a feature space we 
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aggregate the ranking features of all documents in Dq. 

We use variance of ranking features values as follow: 

For each q∈Q, 

𝝁𝒙𝒋
(𝒒) =

∑ 𝒅𝒙𝒋
𝒊𝑻

𝒊=𝟏

𝑻
 (1)   

   

 wheredi
xjmeans the jth feature value of ith 

document for query q. 
For each q∈Q, 

𝝈𝒙𝒋

𝟐 =  ∑
(𝒅𝒙𝒋

𝒊 − 𝝁𝒙𝒋
(𝒒))

𝟐

𝑻

𝑻
𝒊=𝟏 (2) 

So we can define the query q in terms of 

aggregated variance values of each feature over q’s top 

T retrieved documents. 

 

 

3.2. Ranking Model Construction 

 

 The system considerquery categorization as 

hidden information and optimizes the ranking 

function jointly with query categorization. In 

terms of search intentions, queries are usually 

classified into three major categories according 

to Broder’staxonomy[2] : navigational, 

informational and transactional. So the system 

classify queries into three categories, i.e., 

C={ 𝐶𝐼 , 𝐶𝑇, 𝐶𝑁) ,where 𝐶𝐼  denotes informational 

queries , 𝐶𝑇 denotes transactional queries and 𝐶𝑁 

denotes navigational queries. Before learning the 

ranking function to construct the ranking model, 

query-dependent loss function is defined and 

learn the ranking function by minimizing the loss 

function. We modified the method used in [3] in 

order  to learn the ranking function jointly with 

query categorization as shown in figure (2). 

Gradient descent method is used in each 

iteration. 

 

 

3.2.1. RankBoost 

 

 RankBoost[15] is an extension of the 

boosting philosophy for ranking and operates on 

document pairs. Suppose 𝑑𝑖 ≫𝑞 𝑑𝑗  means that 

document 𝑑𝑖 should be ranked higher than 𝑑𝑗 for 

query q. Consider the model f, where 

𝑓(𝜑(𝑞, 𝑑𝑖 ))>f( 𝜑, 𝑑𝑗 )) means that the model 

asserts 𝑑𝑖 ≫𝑞 𝑑𝑗 . Then the loss for a document 

pair in RankBoost is defined as  

L(𝑑𝑖 ≫𝑞 𝑑𝑗)= 𝑒−(𝑓(𝜑(𝑞,𝑑𝑖))−f(𝜑,𝑑𝑗)))(3) 

 Consequently, the loss function of RankBoost 

is the sum of losses for all document pairs:  

 L= ∑ ∑ 𝐿𝑑𝑖≫𝑞𝑑𝑗𝑞 (𝑑𝑖 ≫𝑞 𝑑𝑗)(4) 

 The loss function of RankBoost is modified 

by applying query dependent loss function as 

follows: 

L(f;q)= 𝛼𝑞 (∑ 𝑒−(𝑓(𝜑(𝑞𝐼,𝑑𝑖))−f(𝑞𝑖,𝑑𝑗)))
𝑑𝑖≫𝑞𝐼

𝑑𝑗
)+ 

𝛽𝑞 (∑ 𝑒−(𝑓(𝜑(𝑞𝑇,𝑑𝑖))−f(𝑞𝑇,𝑑𝑗)))
𝑑𝑖≫𝑞𝑇

𝑑𝑗
)+

𝜃𝑞 (∑ 𝑒−(𝑓(𝜑(𝑞𝑁,𝑑𝑖))−f(𝑞𝑁,𝑑𝑗)))
𝑑𝑖≫𝑞𝑁

𝑑𝑗
)            (5) 

 After this, the query-dependent ranking 

model is learned by minimizing the loss function 

in eq(5).  

3.2.2. Gradient Descent Method 

 

 The algorithm is initialized with a guess x1, 

a maximum iteration count Nmax , a gradient 

norm tolerance ∈𝑔  that is used to determine 

whether the algorithm has arrived at a critical 

point, and a step tolerance ∈𝑥 to determine 

whether significant progress is being made. It 

proceeds as follows [10]. 

1. For t=1,2,…,Nmax 

2. 𝑥𝑡+1 ←  𝑥𝑡 − 𝛼𝑡∇𝑓(𝑥𝑡) 

3. If ‖∇𝑓(𝑥𝑡+1)‖ <∈𝑔  then return 

“Converged on critical point” 

4. If ‖𝑥𝑡 − 𝑥𝑡+1‖ <∈𝑥  then return 

“Converged on  an x value” 

5. If 𝑥𝑡+1 > 𝑓( 𝑥𝑡)  then return 

“Diverging” 

6. Return “Maximum number of iterations 

reached” 

 



The variable 𝛼𝑡 is known as the step size and 

should be chosen to maintain  a balance between 

convergence speed and avoiding divergence. 

Note that 𝛼𝑡 may depend on the step t. 

 

Input : a set of training examples for learning to rank;  

queries  defined by query features 

output: parameter vector of the ranking function w, 

and parameter vector of the query categorization, 𝛾, 

which minimize the   loss function 𝐿𝑓. 

Algorithm: 

Start with an initial guess, e.g. random values, for w 

and 𝛾; 

Begin 

     While (𝐿𝑓(𝑤𝑘, 𝑟𝑘) -  (𝐿𝑓(𝑤𝑘+1 , 𝑟𝑘+1)  >∈  do 

 Step 1 : Learning w 

 Using gradient descent to minimize 𝐿𝑓 with 

respect to ranking function parameters w, holding the 

query  categorization parameters fixed, i.e., 

𝑤𝑘+1 ← 𝑎𝑟𝑔 min
𝑤

∑ 𝛼𝛾𝑘
(𝑞)𝐿(𝑓𝑤𝑘

; 𝑞, 𝐶𝐼𝑞∈𝑄 ) +

  𝛽𝛾𝑘 
(𝑞)𝐿(𝑓𝑤𝑘

; 𝑞, 𝐶𝑇) + 𝜃𝛾𝑘 
(𝑞)𝐿(𝑓𝑤𝑘

; 𝑞, 𝐶𝑁))  

Step 2 : Learning  𝛾 Using gradient descent 

to minimize 𝐿𝑓 with   respect to query categorization 

parameters  𝛾,  holding the ranking function 

parameters fixed, i.e; 

 𝛾𝑘+1 ← arg min
𝛾

∑ 𝛼𝛾𝑘
(𝑞)𝐿(𝑓𝑤𝑘+1

; 𝑞, 𝐶𝐼

𝑞∈𝑄

)

+  𝛽𝛾𝑘 
(𝑞)𝐿(𝑓𝑤𝑘+1

; 𝑞, 𝐶𝑇)

+ 𝜃𝛾𝑘 
(𝑞)𝐿(𝑓𝑤𝑘+1

; 𝑞, 𝐶𝑁)) 

 

End  

Figure 2. Unified Learning Method 

3.3. Testing 

 

 In testing module the ranking model 

produced by ranking model construction module  

is used to produces the ranking results for the test 

query. 

 

4. Dataset  

 

 LETOR is a benchmark dataset for research 

on ranking [13]. The performance of thesystem 

will be evaluated on TREC 2003, TREC 2004 

and OHSUMED, which are included in LETOR 

3.0 dataset.According to [13] the statistics of the 

datasets from the LETOR 3.0 is described in 

table 1. 

 

 

Table 1. Statistics of the datasets from 

LETOR 

 Queries Rel: levels features 

TREC 2003 350 2 64 

TREC 2004 225 2 64 

OHSUMED 106 3 45 

 

 

5. Performance Metric  

 The performance of the system which 

employed query-dependent loss function will be 

evaluated by using three IR evaluation measures: 

Precision, Mean Average Precision(MAP) and 

Cumulative Gain   (NDCG) which are widely 

used in information retrieval. 

 

(i). Precision 

For a given query, its precision of the 

top n results of the ranking lists is defined as: 
 

𝑃@𝑛 =  
#𝒓𝒆𝒍𝒆𝒗𝒂𝒏𝒕 𝒓𝒆𝒔𝒖𝒍𝒕𝒔 𝒊𝒏 𝒕𝒐𝒑 𝒏 𝒓𝒆𝒔𝒖𝒍𝒕𝒔

𝒏
(6) 

(ii). Mean Average Precision(MAP) 

Given a query, its average precision can 

be computed as follows: 

𝐴𝑃(𝑞) =  
∑ 𝑃@𝑛∗𝑟𝑒𝑙(𝑛)𝑛

𝑖=1

#𝑡𝑜𝑡𝑎𝑙𝑟𝑒𝑙𝑒𝑣𝑎𝑛𝑡𝑟𝑒𝑠𝑢𝑙𝑡𝑠𝑓𝑜𝑟𝑡ℎ𝑒𝑞𝑢𝑒𝑟𝑦
(7) 

where N is the number of retrieved documents 

and rel (n) is either 1 or 0, indicating that nth 

document is relevant or not to the query. MAP 

for a set of queries is the mean of the average 

precision scores for each query. 

𝑀𝐴𝑃 =
∑ 𝐴𝑃(𝑞)

𝑄
𝑞=1

𝑄
(8) 

where Q is the number of queries. 
 

(iii) . Normalized Discounted Cumulative Gain   

(NDCG) 



For a query, the NDCG of its ranking 

list at position n is calculated as follows: 

𝑁𝐷𝐶𝐺(𝑛) = 𝑍𝒏 ∑
𝟐𝒓(𝒋)−𝟏

𝒍𝒐𝒈(𝟏+ 𝒋) 

𝑛
𝑗=1 (9) 

wherer (j) is the rating of the jth document in the 

ranking list, and the normalization constant Zn is 

chosen so that the perfect list gets a NDCG score 

of 1. 

 The performance of the system will be 

evaluated by comparing with pervious query-

dependent ranking approaches based on these 

three evaluation measures. 

 

5. Conclusion 

 

 The system developed query-dependent 

ranking model based on query-dependent loss 

function by conducting learning of the ranking 

model jointly with that of query categorization. 

The system can achieve better ranking 

performance because it combine the loss function 

for all query categories together on each query, 

but they are weighted according to the query’s 

soft categorization. In addition, the training and 

testing time can be shorter compared to other 

query-dependent ranking approach because the 

system need to train only one model for all query 

categories while other query dependent ranking 

approach need to be trained many models.The 

system is now in implementation state and the 

training and testing time of the system will be 

compared with other query-dependent ranking 

approach. 
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