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Abstract

We investigate using gradient descent meth-
ods for learning ranking functions; we pro-
pose a simple probabilistic cost function, and
we introduce RankNet, an implementation of
these ideas using a neural network to model
the underlying ranking function. We present
test results on toy data and on data from a
commercial internet search engine.

1. Introduction

Any system that presents results to a user, ordered
by a utility function that the user cares about, is per-
forming a ranking function. A common example is
the ranking of search results, for example from the
Web or from an intranet; this is the task we will con-
sider in this paper. For this problem, the data con-
sists of a set of queries, and for each query, a set
of returned documents. In the training phase, some
query/document pairs are labeled for relevance (“ex-
cellent match”, “good match”, etc.). Only those doc-
uments returned for a given query are to be ranked
against each other. Thus, rather than consisting of a
single set of objects to be ranked amongst each other,
the data is instead partitioned by query. In this pa-
per we propose a new approach to this problem. Our
approach follows (Herbrich et al., 2000) in that we
train on pairs of examples to learn a ranking function
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that maps to the reals (having the model evaluate on
pairs would be prohibitively slow for many applica-
tions). However (Herbrich et al., 2000) cast the rank-
ing problem as an ordinal regression problem; rank
boundaries play a critical role during training, as they
do for several other algorithms (Crammer & Singer,
2002; Harrington, 2003). For our application, given
that item A appears higher than item B in the out-
put list, the user concludes that the system ranks A
higher than, or equal to, B; no mapping to particular
rank values, and no rank boundaries, are needed; to
cast this as an ordinal regression problem is to solve an
unnecessarily hard problem, and our approach avoids
this extra step. We also propose a natural probabilis-
tic cost function on pairs of examples. Such an ap-
proach is not specific to the underlying learning al-
gorithm; we chose to explore these ideas using neural
networks, since they are flexible (e.g. two layer neural
nets can approximate any bounded continuous func-
tion (Mitchell, 1997)), and since they are often faster
in test phase than competing kernel methods (and test
speed is critical for this application); however our cost
function could equally well be applied to a variety of
machine learning algorithms. For the neural net case,
we show that backpropagation (LeCun et al., 1998) is
easily extended to handle ordered pairs; we call the re-
sulting algorithm, together with the probabilistic cost
function we describe below, RankNet. We present re-
sults on toy data and on data gathered from a com-
mercial internet search engine. For the latter, the data
takes the form of 17,004 queries, and for each query,
up to 1000 returned documents, namely the top docu-
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similar papers

seminal worksA set of topically similar papers is retrieved based 
on word distribution similarity.  In the second stage, 
all documents cited by the similar set are retrieved.

Statistics from the Rexa corpus

Publication year
Year the paper was published, 

normalized by subtracting 1950

Text similarity

Similarity of the text of this candidate 

with the query, as measured by the 

multinomial diffusion kernel

Co-citation coupling

The fraction of the documents that cite 

this candidate that also cite documents 

in the base set

Same author
True if this document is written bythe 

same author that wrote the query

Katz The Katz graph distance measure

Citation count
Number of citations of this document 

from all documents in the corpus

Total paper entries 964,977

Papers with text 105,601

Total citations 1.46 million

Total cited papers 675,372

Features used in ranking

Rank Length Title
12 63 Operating System Support for Database Management
13 111 The Performance Implications of Thread Management Alternatives for Shared-Memory Mul-

tiprocessors
19 35825 The Xenoserver computing infrastructure
20 24806 Exterminate All Operating System Abstractions
23 67436 System Support for Efficient Network Communication
25 42343 Better operating system features for faster network servers
28 48782 The SwitchWare Active Network Architecture
33 67015 The Flask Security Architecture: System Support for Diverse Security Policies
34 40157 Efficient End-Host Architecture for High Performance Communication Using User-level Sand-

boxing
35 52473 Scout: A Communications-Oriented Operating System
36 55252 Denali: Lightweight Virtual Machines for Distributed and Networked Applications
37 48747 Flash: An efficient and portable Web server
38 49532 TCP Servers: Offloading TCP Processing in Internet Servers. Design, Implementation, and

Performance
41 58033 Extending the Operating System at the User Level: the Ufo Global File System
42 51083 The Fox Project: Advanced Language Technology for Extensible Systems
43 30147 Kea – A Dynamically Extensible and Configurable Operating System Kernel
46 57332 An Efficient Zero-Copy I/O Framework for UNIX
47 57296 Safe Kernel Programming in the OKE

Table 5: Possibly relevant documents found by the experimental model

Rank Length Title
11 65986 Reconstructing I/O
12 68054 High-Performance Application-Specific Networking
17 55252 Denali: Lightweight Virtual Machines for Distributed and Networked Applications
19 37364 Operating System Support for High-Performance Parallel I/O Systems
21 35825 The Xenoserver computing infrastructure
23 68257 Fast and Flexible Application-Level Networking on Exokernel Systems
24 67015 The Flask Security Architecture: System Support for Diverse Security Policies
37 67266 One-way Isolation: An Effective Approach for Realizing Safe Execution Environments
39 48782 The SwitchWare Active Network Architecture
42 49532 TCP Servers: Offloading TCP Processing in Internet Servers. Design, Implementation, and

Performance
43 27978 Issues in the Design of an Extensible Operating System
44 53692 User-Level Sandboxing: a Safe and Efficient Mechanism for Extensibility

Table 6: Possibly relevant documents found by the baseline text similarity model

Full Truncated
Mean Confidence Interval Mean Confidence Interval

Baseline Text Similarity 0.0079 0.0055 0.0103 0.0079 0.0055 0.0103
Experimental Models All Features 0.1016 0.0781 0.1251 0.0940 0.0727 0.1153

No Text 0.0675 0.0539 0.0811 0.0612 0.0469 0.0754
No Author 0.0983 0.0747 0.1219 0.0917 0.0701 0.1132
No Katz 0.0335 0.0256 0.0414 0.0257 0.0194 0.0320
No Cite Count 0.1005 0.0771 0.1238 0.0931 0.0718 0.1144
No Date 0.1052 0.0834 0.1269 0.0979 0.0784 0.1174
No Title 0.1016 0.0781 0.1251 0.0940 0.0727 0.1153

Table 7: Results of 10-fold cross validation experiments on a 1000 query set. Results are reported using
the mean average precision metric. Full results represent mean average precision over the entire retrieved
set, while the truncated results reflect mean average precision computed over the first hundred retrieved
documents. Confidence intervals are based on the t distribution over all 10-folds. All experimental models
significantly outperform text similarity (Wilcoxon, p = 0.01). All experimental models with the Katz measure
significantly outperform the “No Katz” method (Wilcoxon, p = 0.01)

Problem
Researchers need to find relevant related work 

Scientific literature is vast and difficult to quantify

Not always clear what words to use in a query, since 
researchers tend to use make up names for new ideas.

Approach

We use the citation structure of the literature in 
order to identify related and important papers.

Evaluation and Results

Performed manual evaluation to check the approach

Evaluated with research papers from the Rexa corpus 

Performed automatic evaluation by stripping 
bibliographies from real research papers, using them as 
queries, then evaluating our ranked list versus the 
paper's real bibliography.

Users submit entire paper manuscripts as queries

Our experimental model significantly outperforms a text 
similarity baseline, and the Katz graph distance measure 
is the most important additional feature.


