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Abstract

Learning-to-rank (LTR) is a very important task in information retrieval. However, in
today’s era of exponentially growing data volumes available over the internet, acquiring high-
quality data for feature selection poses a significant challenge in LTR. The emerging method
of employing neural network-based feature selection in learning to rank utilizes machine
learning methodologies to identify and choose relevant features, to enhanced efficiency and
improve the ranking. This strategy overcome the constraints of conventional LTR methods
and enhances the ranking performance across diverse applications. This research presents a
new iteration of a sequential neural network model through the utilization of existing models,
along with an analysis of its attributes. A distinctive approach to feature selection utilizing
neural networks is outlined in this research for learning to rank, employing LambdaMART, a
gradient boosting algorithm, to enhance the effectiveness and efficiency of ranking protocols
on extensive datasets. The proposed method performance is better than the few existing
state-of-arts algorithms. The model performance found as 0.711 NDCG, 0.61 P@K,0.611 on
MSLR Web 30k and proposed model useful in many real time ranking applications.
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1. Introduction

In past decade information is growing and it is overloaded, efficiently
retrieving relevant documents from different repositories has become a
significant challenge. Conventional techniques in information retrieval
(IR) often lack precision and scalability, prompting the investigation of
more advanced methodologies. Learning to Rank (LTR) is a sophisticated
approach that emphasizes the arrangement of documents to ensure the
most pertinent ones are displayed prominently in search outcomes. In this
field, neural networks have gained prominence as effective instruments
for capturing intricate, non-linear data relationships. This study introduces
an innovative neural model designed for feature selection to optimize the
learning-to-rank procedure, thereby improving the accuracy and efficiency
of IR systems. Leaning to rank methods are categories into major three
approaches. Pointwise approach, pairwise approach and listwise
approach. The pointwise approach treats classification as a regression or
classification problem on each document or quires. Score are evaluated
and ranking was based on the scores. Majorly regression in which logistic
regression or decision trees are popularly used. Burges et al. [8] laid the
foundation for this method by using gradient descent to optimize the
ranking functions. The pairwise method focuses on comparing pairs of
documents to determine their relative rankings. The goal is to minimize
the number of poorly ordered pairs. This approach is exemplified by Rank
SVM [18] and RankNet [18], where the model is trained to predict the best
document in a pair. The Listwise method takes into account the entire list
of documents when learning to rank. These methods aim to directly
optimize ranking metrics such as NDCG or MAP. The authors [9-10]
introduced this approach and it is found to be effective in capturing the
overall ranking structure.

The determination of capacity in LTR is important to progress the
implementation of models by reducing dimensions, reducing excessive
installation and improving interpretation. Feature selection strategies can
be classified into the following categories: filter methods, wrapping
methods and embedded methods. Filter Methods: These methods select
characteristics based on their inherent properties without the association
of learning algorithms. Common techniques include statistical tests,
correlation coefficients, and mutual data. For example, TF-IDF [1] is a
widely used text data filtering method. Wrapping Method: Wrapping
Method evaluates the execution of a specific learning algorithm based on
a subset of features. They include searching for the space of the functional
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subsets and choosing the ones that produce the best performance.
Recursive function elimination (RFE) and forward selection are examples
of wrapper methods. Embedded Methods select functions in the model
training process.

There are several challenges and arenas for prospective study in using
neural feature selection for learning to rank. One of them is how to handle
biases in user clicks like position bias, trust bias, and presentation bias
which affect the performance of rankers [11]. Another one is about the size
and complexity of neural architectures which restrict their application in
large scale search systems due to latency and update time concerns [12].
Next research will focus on making feature selection more efficient by
trading off classification performance against number of features and
enhancing the diversity and convergence of the initial populations through
novel strategies such as Elite Selection Strategy (ESS). Moreover, studying
graph based approaches to model the relationships between resources
and queries may increase the effectiveness of learning-to-rank systems
under distributed information retrieval scenarios [13].

In this proposed approach neural network is used for feature selection
with state of the art ranking algorithms. The components of presented
solution are feature extraction and selection. In this method TF-IDF [1] is
used to preprocess the input data to extract features. This step converts the
raw text into numerical format for neural networks. Neural Network
Architecture Following this model uses neural network architecture for
ranking presented by authors [14]. The architecture has layers to capture
feature interactions and relationships. Optimization and Training where
Adam model used [15] to train the neural network to minimize ranking
loss functions. This step also includes regularization to prevent overfitting
and improve generalization. Evaluation and benchmarking where evaluate
the model using IR metrics and compare with baselines and state of the art
models using LETOR [16] as a benchmark to evaluate the model.

Some key contributions made by this study to the field of learning to
rank include:

e By combining neural networks and feature selection mechanisms,
our model bridges a critical gap in existing LTR techniques.

e The model suggested has been evaluated on benchmark datasets
and shows better performance in ranking tasks generally.
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®  Our proposed model can be used for scaling purposes on other IR
applications such as document retrieval, recommendation systems
etc.

The neural model introduced here represents an important advance
over extant studies in feature selection for learning to rank. It is designed
to employ the power of deep learning frameworks while optimizing
feature selection approaches, thus improving the efficiency, accuracy and
scalability of modern IR systems. The following sections discuss its

Table 1
Overview of neural network model for learning to rank

Reference | Year Contribution Conclusion

[2] 2021 | Introduced NeuRank, a neural | Neural networks
network model for drug-target | significantly outperform
interaction prediction. Utilized | traditional methods in
deep learning to capture predicting drug-target
complex interactions. interactions.

[3] 2019 | Developed TF-Ranking, a Provides a robust and
scalable library supporting scalable platform for
pointwise, pairwise, and implementing various
listwise ranking methods. LTR models.

[4] 2020 | Integrated BERT with BERT’s deep
TF-Ranking to enhance contextual embeddings
learning-to-rank models. significantly boost the
Leveraged BERT’s contextual performance of LTR
understanding capabilities. models.

[5] 2018 | Explored the application of Deep neural networks
deep neural networks for offer substantial
ranking tasks. Demonstrated performance gains over
improvements in ranking traditional methods for
accuracy. ranking tasks.

[6] 2020 | Revisited pairwise learning to | Properly tuned neural
rank using neural networks, networks can achieve
providing theoretical analysis | superior performance in
and practical performance pairwise ranking tasks.
insights.

[7] 2019 | Discussed the use of deep Regularization is
neural network regularization | essential for maintaining
to prevent overfitting and robustness and accuracy
improve model generalization. | of deep learning models

in ranking.
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methodological aspects, experimental design and findings, revealing an
overall layout on how this model was developed and performed.

This table 1 provides a concise summary of neural-based models for
learning to rank, highlighting their contributions and conclusions.

3. Problem Formulation

Given a set of training data {{(xi,yi)}fil, where x, represents the
feature vector of the i-th document and v, is its relevance score, the goal is
to learn a ranking function f(x; 0) that accurately predicts the relevance
scores (Table 2).

Table 2

Notation used in learning to rank

Notation

D The set of all documents or items to be ranked.

Q The set of all queries.

X, Feature vector representing the i-th document.
Y, Relevance score of the i-th document with respect to a given query.
f(x) The ranking function or model that outputs a score for a given

feature vector x.

0 Parameters of the neural network model.

Feature Vector x, e R’ where is d is number of features. For feature
section neural network is used having different layers, in convolution
weights and bias is combine using following equation.

C(x,) =Conv(x,, W )+b_ 1)
Dropout layer computation is done as where p is dropout layer which

is assumed as standard value.
D(C(x,)) = Dropout (C(x,), p) (2)
Flatten layer computation are as follows
F(D(C(x,))) = Flatten(D(C(x,)) 3)

The single dense layer computations are as follows where W,, W, and
b,, b, are weighs and bias of dense layer and o is the relu action function.

h, =6 (W, x F((D(C(x,))) +b,) (4)



546 S.CHAVHAN AND R. C. DHARMIK

h, =6(W,h, +b,) ()

The output is computed as where W, and b, are the weigh and bias of
the output layer.

F(x,:0)=W,h, +b, (6)

The above model is train using following lost function which is based
on Ranknet

L©O)=% log(1+exp(=(f(x,;6))—(f(x,;6)))) @)

Where p is set of document pair
For proper selection of features a regularization term is added to loss
function to deal with sparsity in each layer weights as,

L.(0)=L(6)+AZ] W, | (8)

k,input

Where 4 is regularization parameter and W,
of layer.

are weights in each

Jinput

4. Experimental Setup

The experimental setup for evaluating a neural network-based feature
selection model in a learning-to-rank (LTR) task involves several steps,
from data preparation and model implementation to evaluation metrics
and analysis.

4.1 Datasets

The datasets used for the work are standard learning to Rank datasets.
The datasets are maintained by Microsoft [17]. The Datasets are shown in
below table 3:

Table 3
Database used
Dataset Benchmark | #Queries | Documents | #Relevance #Features
MQ2007 LTEORA4.0 1692 70k 3 46
MQ2008 LTEORA4.0 784 15k 3 46
MSLR-WEB10K | Microsoft | 10000 1200k 5 136
MSLR-WEB30K | Microsoft | 31531 3775k 5 136
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4.2 Pre-processing

Pre-processing is done by Normalize or standardizes feature values
and using Alternating Least Squares. By using both the algorithms missing
values are handle properly.

4.3 Model architecture

-

Input layer Convolution layer Dropout layer Flatten layer Dense hidden layer
Output layer

Figure 1

Architecture of Neural Network

The feature selection for learning to rank is done using neural
network. By extracting higher-level feature from the input data and
producing an output decision. Proposed model is sequential model, which
means that each layer is connected to the previous layer in a sequential
manner. Neural networks consist of Input layer of input corresponding to
the feature vector followed by Convolutional layer to capture local feature
patterns with Dropout layer to prevent overfitting, Flatten layer to convert
the data to a single dimension followed by, Two dense hidden layers for
complex feature interactions connected to output layer for relevance score.
Detail diagram shown in figl. Above neural network layers have a
decreasing number of neurons in the subsequent layer. Convolutional
layer has filter size of layer the convolutional 46/146, number of filters 32
and padding = ‘same’ and activation function is Relu. Input X with
dimensions (batch_size, input_shape), Convolution operation done with
activation function

A=0o(Z" )

Where Z'=W'x X +b' (10)

D is binary mask with probability p with initial value 1. It is applied
in dropout layer. Element are arrange as per requirement in flatten layer
and feature are selected. Dense layer is used proper classification for
proper feature selection. Softmax function is used in this layer.
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5. Result

This section provides the results of neural network and compares the
various evaluation parameters as NDCG,P@K, MAP and Sparsity ratio.
Model is trained by using all the all the mentioned datasets in table 1.
Following table 4 shows the evaluations done after the feature selection by
proposed neural model and train learning to rank by ranknet.

Table 4
Evolutionary Results
1\];[::?:: MQ2007 | MQ2008 | MSLR-WEB10K | MSLR-WEB30K
NDCG@10 0.43 0.4 0.88 0.711
NDCG@3 0.389 0.48 0.86 0.814
P@3 0.74 0.557 0.992 0.751
P@10 0.7 0.623 0.98 0.61
MAP 0.38 0.4 0.66 0.611
Sparsity Ratio 0.81 0.85 0.296 0.4

The Table 4. Shows the comparison of the results of all the dataset for
five folds. Value shown is the average of the entire fold. All the score
indicate that the proposed model perform better than the benchmark
score of LambdaMART. The sparsity ratio is also found to be better in case
of the larger datasets whereas in the case of smaller datasets the results are
lower than the expected results in the figure 2.

Comparitive Analysis
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Figure 2

Comparative Analysis on all databases.
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Above diagram shows the comparative analysis of each evaluation
NDCG, P@K , map and sparsity raio. In MSLR database all the results are
better as compare the other datasets. Proposed algorithm is tested with
other neural based rank algorithms such as RankSVM, Ranknet, Listnet.

Comparisons between Proposed NN and existing algorithms
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Figure 3

Comparisons with existing algorithms

In the figure 3 depicted that with all evaluation parameters it
proposed model perform better with all data set. Listnet, RankSVM are
popularly used model for leaning to rank. Where Listnet is neural network
based algorithm and RankSVM is a machine learning algorithm for
learning to rank. In both the case ¥0.5 increment is found. Sparsity Ratio
of this system need to be handling so that it performs better with respect
to time.

Conclusion

In this work development of neural network-based feature selection
approach and performance analysis was done for learning to rank. The
results demonstrate that thinning the network by sequencing layers and
weights effectively selects the most relevant features from the input layer
and removes inactive neurons from each layer. The model’s performance
was evaluated using benchmark datasets for learning to rank, showing
that the compact network performed well across all benchmarks. Proposed
model give the 0.711 NDCG, 0.61 P@K,0.611 map value for largest database
MSLR Web30K. While selecting the relevant feature the sparsity raio is
major issue to deal with. As a future direction used of presented model



550

S.CHAVHAN AND R. C. DHARMIK

with more dense layer to handle sparsity raio and apply for different
applications where ranking is crucial task.
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