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ABSTRACT

2

In this work, we propose an attentive semi-supervised autoencoder
to refine the ranked results based on Bregman divergence. Hybrid
listwise query constraints are investigated in our method to capture
the characteristics of relevant documents for different queries. We
evaluate the effectiveness of our model on LETOR, and show that
our model significantly outperforms other competing methods in
improving retrieval performance.

An autoencoder encodes inputs as low-dimensional representations
in its hidden layer, and decodes the hidden representations as outputs. Loss function measures the differences between the inputs and
the outputs of an autoencoder for effective feature representations.
To learn the tailored autoencoders for learning to rank, we propose
to integrate the attention mechanism and hybrid query constraints
into the loss function of autoencoder.
First, we introduce the attention mechanism to fully capture
the feature importance in training the ranking refinement model
based on Bregman divergence [1]. The modified loss function can
be formalized as follows.
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INTRODUCTION

Ranking is one of the most important technical issues in information retrieval (IR). To achieve the desired ranking performance,
supervised machine learning methods have been integrated in ranking process and exhibited satisfactory performance, called learning
to rank [4, 5]. Fix-length document feature vectors are treated as
inputs of learning to rank for constructing ranking models. The
quality of the learned ranking models can be affected by several
factors, particularly by the usefulness of the document features.
[3, 6, 7, 10].
In this work, we adopt autoencoder-based neural networks to
generate highly effective and compact query-specific document features via pseudo relevance feedback. Autoencoders [2] have been
applied for automatically generating effective features in different tasks [11]. Xu et al. [8] has incorporated ranking information
into autoencoders to improve the ranking performance. In their
work, two important factors are considered: the feature importance
and the query constraints. Different query constraints have been
investigated for further improving the ranking performance [9].
Inspired by their work, we propose to incorporate context information of each query via pseudo relevance feedback for generating
effective query-specific document features. We adopt the attention
mechanism to accurately measuring the feature importance in reconstructing the inputs of autoencoders and investigate different
query constraints in our method as hybrid listwise constraints to
encode query-level information. Experimental results demonstrate
the effectiveness of our method in generating effective document
features and improving retrieval performance.
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Second, we incorporate another item into the loss function of
autoencoders by considering hybrid query constraints. The pretrained ListNet ranker yields two ranking lists of documents based
on the inputs and outputs of an autoencoder, respectively. The
difference between these two lists of documents can be used to
reflect the reconstruction capability of the autoencoder at the query
level. We therefore incorporate the difference into the loss function
of the autoencoders to guide the learning process for more effective
features.
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where η(lin , lout ) measures the differences between two ranking
lists based on the inputs and the outputs of an autoencoder. n(q)
is the number of documents corresponding to the query q. The
q q
problem is then transformed to the computation of η(lin , lout ) for
measuring the difference between these two ranking lists of documents at the list level. We adopt two methods to measure the
difference. One is to directly measure the divergence of two ranking lists, and the other is to measure the difference by directly
comparing the performance using evaluation measures. The first
method adopts the cross entropy of two ranking lists of documents
to directly compare their difference as follows.
q
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The second method measures the difference of two document lists in
terms of retrieval performance. Retrieval performance is evaluated
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Table 1: Retrieval performance of retrieval models based on different models. Significant improvement of the proposed models
with respect to the baseline models (QSA-listCE) (two-tailed paired t test, p ≤ 0.05) is indicated with a dagger † .
OHSUMED
original
denoising-AD
QSA-listOE
QSA-listCE
QSA-hybrid
QSA-listOE+context
QSA-listCE+context
QSA-hybrid+context

P@3
0.6016
0.5063
0.6132
0.6124
0.6157
0.6141†
0.6135†
0.6162†

P@5
0.5502
0.5283
0.5774
0.5752
0.5801
0.5789†
0.5761
0.5815†

p@10
0.4975
0.4925
0.5142
0.5150
0.5168
0.5153
0.5146
0.5177†

based on any existing evaluation metric used in IR tasks, which can
be formalized as follows.
|Evalin − Evalout |
(5)
Evalin
To comprehensively consider the query constraints, we combine
these two types of listwise constraints for a hybrid one, which
can fully consider the query constraints in constructing ranking
refinement models.
q

q

ηoe (lin , lout ) =

η = ληce + (1 − λ)ηoe

(6)

Based on the equation, we incorporate query constraints of learning to rank into the loss function of the modified autoencoders for
learning more effective document features. The modified autoencoder can capture the latent information of the inputs through the
enhanced reconstruction capability at the query level, and produce
more compact and effective feature representations of documents
in the hidden layer.
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EXPERIMENTS AND ANALYSIS

We evaluated the proposed method on the LETOR dataset [5] released by Microsoft Research Asia. We report the overall ranking
performance of different models. Experimental results are shown
in Table 1, where ListNet is used both for learning the pre-trained
rankers and for learning the final ranking models. In the table,
oriдinal represents the ranking models solely based on the original features without extension. denoisinд represents the ranking models based on the extended features by denoising autoencoders. QSA-listOE [8] and QSA-listCE [9] represent the ranking
model based on the extended features by semi-supervised autoencoders with the defined two types of query constraints, respectively. QSA-hybrid represents the model based on the hybrid query
constraints. +context represents the models considers the context
information from pseudo relevance feedback. The results indicate
that our context-aware models generally outperforms other models
without context information. The model with hybrid query constraints achieves the best performance. This finding demonstrates
that context information and hybrid query constraints can jointly
contribute to improving the ranking performance.

4

CONCLUSIONS AND FUTURE WORK

We propose a novel method for context-aware ranking refinement.
We propose an attentive semi-supervised autoencoder based on

NDCG@3
0.4732
0.4312
0.4961
0.4928
0.4982
0.4958†
0.4940†
0.4993†

NDCG@5
0.4432
0.4355
0.4779
0.4755
0.4779
0.4770†
0.4764
0.4781†

NDCG@10
0.4410
0.4294
0.4574
0.4601
0.4612
0.4591
0.4613†
0.4622†

MAP
0.4457
0.4381
0.4537
0.4542
0.4550
0.4544
0.4550†
0.4561†

Bregman divergence. The attention mechanism is used to measure
the feature importance in the loss. Two types of listwise query
constraints are investigated and combined in our method to capture
the characteristics of relevant documents for different queries. The
experimental results show that our model significantly outperforms
other competing methods in improving retrieval performance.
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