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Abstract

A lack of reliable relevance labels for training ranking functions is a signifi-
cant problem for many search applications. Transfer ranking is a technique
aiming to transfer knowledge from an existing machine learning ranking task
to a new ranking task. Unsupervised transfer ranking is a special case of
transfer ranking where there aren’t any relevance labels available for the new
task, only queries and retrieved documents. One approach to tackling this
problem is to impute relevance labels for (document-query) instances in the
target collection. This is done by using knowledge from the source collection.
We propose three self-labeling methods for unsupervised transfer ranking:
an expectation-maximization based method (RankPairwiseEM) for estimat-
ing pairwise preferences across documents, a hard-assignment expectation-
maximization based algorithm (RankHardLabelEM), which directly assigns
imputed relevance labels to documents, and a self-learning algorithm (Rank-
SelfTrain), which gradually increases the number of imputed labels. We
have compared the three algorithms on three large public test collections
using LambdaMART as the base ranker and found that (i) all the proposed
algorithms show improvements over the original source ranker in different
transferring scenarios; (ii) RankPairwiseEM and RankSelfTrain significantly
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outperform the source rankers across all environments. We have also found
that they are not significantly worse than the model directly trained on the
target collection; and (iii) self-labeling methods are significantly better than
previous instance-weighting based solutions on a variety of collections.

Keywords: Learning to rank, Transfer learning, Ranking adaptation,
Transfer Ranking, Information Retrieval, Domain Adaptation

1. Introduction

Ranking is one of the most important components of Information Re-
trieval (IR) systems (e.g. search engines). Given a search query expressing a
particular information need, an IR system needs to rank the documents of a
collection in a descending order of relevance to the query. The relevance score
of the query and document is usually estimated through a scoring/ranking
function that combines a set of features, which may include text match and
other document quality features.

Conventional ranking functions for IR systems are outcomes of research
that investigate ranking by lexical features that follow certain linguistic
heuristics. However, refining such functions requires extensive human effort.
Moreover, those ranking functions are usually not optimal for a particular
document corpus. For example, several studies [44, 26] have shown that the
effectiveness of ranking function vary under different document collections.
Learning to rank (L2R) is an effective approach to train IR ranking func-
tions via machine learning techniques. L2R trains a ranking function that
can predict the ranking order of a set of retrieved documents for a query.
The training is done using example search queries, retrieved answer docu-
ments, and corresponding relevance labels. L2R has been widely used in IR
applications like Web Search, commerce search systems, and recommender
systems.

Most L2R algorithms are supervised, which means they require a sub-
stantial number of labels, indicating the relevance for query-document pairs.
Specifically, given a query and its retrieved documents, assessors will be asked
to give a relevance label for each document to the query. The label could be
binary or graded. Note that relevance labels are human-generated labels that
reflect the degree of relevance. The optimal ranking order of documents to a
query can be inferred from the relevance labels. A ranking algorithm predicts
a real-value score (a relevance score). Relevance scores of query-document
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pairs will be used to rank the documents to approximate the optimal ranking.
However, obtaining relevance labels for training L2R models requires expen-
sive and time-consuming human assessment. For example, to build a new
web search engine, one needs to obtain the relevance labels of a large volume
of queries and retrieved documents. In some other cases, due to the highly
personalized task, relevance assessments are not possible. For example, the
relevance labels for email search is unlikely to be assessed by another person.
A lack of labels has restricted the applicability of L2R in certain scenarios.

Generating cheap relevance judgments via crowd-sourcing [31] or actively
selecting partial queries and documents for annotation [19, 33] have been con-
sidered as potential solutions for the lack of sufficient labels. However, quality
control for relevance judgments can be challenging, and the cost nonetheless
expensive.

An alternative approach is to reuse labels drawn from related collections.
However, an L2R model trained in one collection may not generalize well to
a different collection [41] as the distribution of data in the two collections is
different. Transfer learning [40] is a technique that aims to train models for
a target collection by transferring knowledge from related source collections.
Transfer learning techniques can potentially be used to solve the lack of rele-
vance label problem for L2R. A rank-focused application of transfer learning
is called Transfer Ranking (TR) [32].

However, due to various reasons, conventional transfer learning techniques
cannot be used for transfer ranking directly. One particular reason is that
the training data for L2R is generated from a different process as it is from
a conventional machine learning dataset. The training data for an L2R al-
gorithm is initialized by retrieving documents from a collection for a set of
queries. For the consideration of efficiency, documents are pooled at a cer-
tain depth, which, however, makes it harder to formalize the data generating
process. As a result, the data distribution of an L2R dataset is governed by a
number of factors: the query set, document collection, and pooling depth, as
well as the retrieval model used to gather the pool of documents. All these
factors have contributed to the challenge of implementing transfer ranking
algorithms.

The transfer settings for TR can be different. If some labels are present
in a target collection, then TR can be classified as supervised. Otherwise
it is said to be unsupervised, which is the focus of this paper. Past re-
search [22, 32] utilized instance-weighting to tackle unsupervised TR. Weights
are assigned to training instances in the source collection to change the data
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distribution to be more like the distribution in the target. For a given search
query from the collection, an L2R approach optimizes a ranking function
over the documents. For each query, the ranking function predicts relevance
scores for the documents retrieved. Ideally, the resulting rank order of the
documents for each query should match the ground-truth ranking that re-
sults from ordering documents by their ground-truth relevance judgments.
There are multiple ways to assign the weights for each query: to the docu-
ments (document-level); to document pairs (pair-level); or to queries, where
all documents belonging to the same query will be assigned as the query
weight (query weight). The objective of L2R algorithms is to maximize the
ranking effectiveness of a ranking function for search queries in a collec-
tion. As a result, instance-weighting at query-level (assign instance weights
to queries instead of documents) is a natural and more effective approach.
However, queries are composed by a set of query-document pairs (represented
by feature vectors), which makes it difficult to measure the density ratios’
for instance-weighting. Li et al. [32] demonstrated that the effectiveness of
such algorithms varies substantially across different transfer scenarios.

An alternative TR approach is to directly impute relevance labels for
the query-document pairs in a target collection and then use these imputed
labels to train a rank learner on the target dataset. This self-labeled [49]
solution is related to self-training [36], co-training [15], and multi-view learn-
ing [47] methods, which have also been applied in transfer learning [15].
Co-training is a machine learning technique that trains a model using two
different views/feature sets of the data, which usually involves a label im-
putation step.? Multi-view learning is a general case for co-training, where
multiple views of the data were used to train the data. By gradually imput-
ing new labels for unlabeled instances in the target collection, the self-labeled
algorithm can bypass the difficult problem of density ratio estimation for the
L2R collections. All of the mentioned methods are techniques to generate
imputed labels for unlabeled data in the collection. A self-training algorithm
imputes the labels by the output of the model trained on labeled data.

IThe relative ratio of the density/frequency of an instance in one distribution compared
with its density in another distribution.

2The terminology “imputation” usually refers to the technique to compensate for miss-
ing data in the machine learning community. In this paper, we introduce the terminology
of “label imputation” to refer to the process of imputing missing relevance labels for L2R
collections.
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In this paper, we propose three different self-labeling techniques: an ex-
pectation maximization (EM) based transfer ranking algorithm (RankPair-
wiseEM), a “hard EM”-inspired transfer ranking algorithm (RankHardLa-
belEM), and a self-training for transfer ranking algorithm (RankSelfTrain).
The RankPairwiseEM algorithm looks to improve the ranking function by
iteratively estimating pairwise preference probabilities between documents
in the unlabeled target data and using these probability estimates as weights
in the learning algorithm. The other two algorithms aim to directly impute
relevance labels for the unlabeled query-document pairs in the target col-
lection. RankHardLabelEM is inspired by a variant of the EM algorithm,
which makes “hard” (non-probabilities) assignments of relevance labels to
unlabeled training instances, while RankSelfTrain is an application of the
self-training algorithm for TR.

While EM and self-training algorithms have been studied in other con-
texts, such as classification and regression problems, they could not be di-
rectly applied to TR algorithms for several reasons. Firstly, the data gen-
erating process of L2R datasets is different and more complicated than for
conventional machine learning datasets. Secondly, most L2R-trained ranking
functions only predict the rank order of documents, rather than the relevance
labels of individual documents for a given query. This makes it difficult to
determine the most likely relevance label for a specific document, as well as
the confidence of the prediction. Finally, unlike conventional classification
or regression algorithms that look to minimize the expected loss for each
data point, the effectiveness of a ranking function will be measured on a
query-level basis, i.e., the ranking effectiveness of the model on each query.
The work in this paper was the first attempt to use this technique to solve
unsupervised TR problems.

Notice that, although co-training/multi-view learning algorithms have
been shown to be effective in semi-supervised learning tasks, they are not
directly applicable to unsupervised TR tasks. By using distinctive feature
sets to train different models for the same task, multi-view learning can use
different models to fix the mistakes made by individual models. This will
increase the quality and confidence of the prediction. However, one needs
to make some assumptions regarding the feature sets. On the other hand,
self-training algorithms use the model prediction as an approximation to the
labels and iteratively improve the model using the approximated labels.

The following research questions are addressed to gain a better under-
standing of the self-labeling process for unsupervised TR:



137

138

139

140

141

142

143

144

145

146

147

148

149

151

152

153

154

155

156

157

158

159

161

162

163

164

165

166

167

168

169

e How can one apply self-labeling methods to transfer knowledge from
the source to the target collection within the L2R setting?

e Which self-labeling method is most effective in the L2R transfer ranking
setting?

e Are self-labeling methods more effective and/or robust than instance-
weighting methods for unsupervised TR?

We demonstrate that self-labeling methods are more reliable than instance-
weighting for unsupervised TR, and that the effectiveness of instance-weighting
varies with source collections of different sizes. We test three unsupervised
TR algorithms on three large public test collections and show that both
RankPairwiseEM and RankSelfTrain have significantly better performance
than a non-transferred source model. We also show that they are not signif-
icantly worse than the target model.

The rest of this article is organized as follows: Section 2 describes prelim-
inaries about solutions for unsupervised TR problems and section 3 presents
background and related work. In Section 4, we introduce our solution to
use EM algorithms to tackle the problem and section 5 explains how self-
training algorithms can be used to solve unsupervised TR problems. Section
6 describes our evaluation experiments. The results and further discussions
on the answers to our research questions are presented in Sections 7 and 8.
Finally, Section 9 summarizes our conclusions and future works.

2. Preliminaries

This section gives the formal definition of the unsupervised TR problem
and some preliminary studies on existing solutions for the problem.

Following the notations in Cao et al. [13], let Q = {q1,¢2, - ,qm} be
a set of queries; d;=(dy,d;o, - ,di,) be the list of documents associated
with query g;, where d;; is the 4t document of query ¢;. Furthermore, let
Zi; = Y(q;,d;;) be the feature vector generated from the query-document
pair. For simplicity, we will refer to query-document pairs as documents
throughout the remaining sections. To avoid ambiguity, we use ¢; to denote
the list of document feature vectors corresponding to the query ¢; = {7},
and let {r;;}7_, be the list of relevance scores, where r;; denotes the score of
the 7" document for g;.
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A training example t;; = (Z;, r;;) consists of a feature vector and a rel-
evance judgment. For ease of expression, we simplify the notation, denot-
ing the set of training examples for each query, i.e., the ranked list, as:
li = {(%ij,7i5)}j=1- A training dataset consisting of multiple queries with
associated relevance judgments is then denoted by L = {/;}I*, = (X, R).

Listwise algorithms have been shown to be more effective than the point-
wise and pairwise approaches [48] because they directly optimize the query-
level effectiveness on a collection:

b = arg min Eqm~nll({ (75, 0) =1, 7)] (1)

In Equation 1, E is the mathematical expectation, 6 is the parameters
for the ranking function f, 7 is a list of relevance labels, (¢, 7) is a ranked
list I drawn® from L, and ¢ is the query-level loss. An equivalent objective
function is to maximize the expected ranking metric scores, e.g., Normalized
Discounted Cumulative Gain (NDCG) [27]. NDCG is a rank effectiveness
metric that was designed to reflect a user’s preferences of seeing more rel-
evant documents at the top of the retrieved list. Cumulative gain (CG)
aggregates gains in the number of relevant documents observed when iterat-
ing through the ranked list. A rank-based discount function is introduced to
the cumulative gain so that the metric places more emphasis on top-ranked
documents:

k

2reli -1
D = _ 2
cG ; log,(i 4+ 1) @)

Here rel; denotes the relevance judgment for the i document in the list
and 27 — 1 is an exponent gain formula used in Burges et al. [9]. The
denominator m is the discount function. There are other gain and
discount functions for DCG, with a comparison of different methods discussed
in Kanoulas and Aslam [29]. In effect, a highly relevant document ranked
higher in the list obtains more gain than a highly relevant document that
ranked lower in the list. Since the length of the list as well as the total
members of relevant and irrelevant documents can vary across queries, a
normalized DCG, NDCG, was proposed to normalize the metric with respect

to the ideal ranking of the documents retrieved for each query:

3~ denotes that a data is generated from a probability distribution.

7
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57 ®
where IDCG is the ideal DCG score for the returned documents, when the
documents are ranked in descending order according to the relevance labels.
A previous study has shown that users tend to be only interested in the top
few pages of search results. As a result, a cut-off of the ranking list is com-
monly used to reflect such behavior. For example, in this paper, NDCGQ@10
is used to evaluate the NDCG score at cut-off at 10.

In this paper, we focus on transfer ranking algorithms that can work with
the listwise L2R algorithms, because listwise algorithms can achieve better
ranking effectiveness.

To distinguish between source and target collections in a particular trans-
fer ranking problem, we use the superscripts ‘so’ and ‘ta’, respectively. Thus,
for an unsupervised transfer ranking problem, we assume a training set L,
which is composed of a query set (Q*°, the query-document pairs X*°, and
corresponding relevance labels R*°, and we also assume a target dataset L',
consisting of queries Q' and query-document pairs L but for which the
relevance labels R are unknown. With such data, unsupervised TR aims
to train a ranking function f* for L.

NDCG =

2.1. Problems with instance-weighting for TR

The core challenge of transfer learning is that the source and target in-
stances are drawn from different distributions. Instance-weighting looks to
solve a special case of the problem, covariate shift [41], where the conditional
probability distribution of the class label remains unchanged across the source
and target collections (p*°(y|x) = p'*(y|x)), while the input (feature) distri-
bution has changed (p*°(x) # p™(x)). A covariate shift can be addressed
by re-weighting source samples in such a way that the source distribution
approximates the target one. However, for listwise L2R algorithms, train-
ing is performed at the query-level (Equation 1). Consequently, instance-
weighting is more meaningful and natural at the query-level rather than at
the document-level.

Query-level instance-weighting attempts to re-weight source queries to
approximate the query distribution in the target collection: w(q)p*(q) ~
p"(q) V q € Q*°, where p"(q) and p*°(q) denote the densities over queries in
the target and source collection respectively. The rank learner is trained on
weighted training data, where the weight for each source query ¢ is set to
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approximate the density ratio w(¢®) = p'(¢°)/p*°(¢°). By doing this, the
loss function? used during training tends to follow the desired loss function
on the target collection.

In Li et al. [32], it was demonstrated how the effectiveness of different
instance-weighting methods varies across transferring settings. In this sec-
tion, we take a different approach to investigate the reliability of instance-
weighting algorithms by controlling the sample sizes of the source collection
while keeping other settings unchanged. The details of the datasets can be re-
ferred to the Section 6.1. Figure 1 shows the effectiveness of a query-weighted
LambdaMART (wAMART)® based on the Kullback-Leibler Importance Es-
timation Procedure (KLIEP) [32], measured with NDCG@10, when it was
trained with different sizes of source queries pooled from MSLR® and tested
on LETORA4.0. The settings of the transfer are similar to Li et al. [32], except
that the test set is used for density ratio estimation.

o
LO;
o
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2 -- source ranker
- WAMART
g <
® o
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z O oA H
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24 6 8 10 2!12
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Figure 1: Effectiveness of wAMART versus source sample size

The results in Figure 1 show that the effectiveness of the source ranker
on the target dataset varies across training samples and degrades with the

4A loss function is a function to quantify the difference between the ground-truth labels
and the predictions of a model.

5The specific algorithm used here was document-level-weight-aggregation: kliep.doc.

Shttps://www.microsoft.com/en-us/research/project/mslr/
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size of the training sample. More concerning is the fact that the performance
of the instance-weighting algorithm is not consistent, but jumps above and
below the blue line (representing the source ranker).

Thus far, we have seen that the performance of instance-weighting can
be unreliable. Two factors can be the cause of the issue: the inaccuracy
of the density estimation for the queries, or the unrealistic assumption that
the mapping from documents to relevance judgments, p*°(r|z) = p'(r|z),
remains the same across the collections. Moreover, in the standard learning-
to-rank setup, the learned ranking function actually only re-ranks the top-k
documents pooled by an initial base ranker. As a result, even if only a
covariate shift is present, the resulting conditional distribution will likely be
different across the source and target collections.

3. Related Work

In this section, we review the fundamentals of learning to rank, unsuper-
vised TR algorithms, as well as related work on self-labeling.

3.1. Learning to Rank

For the sake of efficiency, modern IR systems usually first retrieve a pool
of candidate documents that contain certain keywords in the search query
from the document corpus, using an inverted index. A conventional retrieval
model will be used as a base ranker to initialize the ranking order of the
retrieved documents, and the models are usually light in computation. For
example, BM25 [43] is a widely used IR retrieval model. One of the most
famous variants of BM25 is the ATIRE BM25 [50], which can be computed
as:

BM25(d, q.C) ::25310g6521>k (ki +1) - tf(t,d) (1)

c(d
= 1«1—b+b-w;@9+¢auf)

where N is the number of documents, df (¢) is the number of documents con-
taining the term ¢, tf(t,d) is the frequency of term ¢ in document d, ¢(d) is
the document length (number of words in d), avg ¢(d) is the average docu-
ment length in the collection, and k1 and b are two user-specified parameters.
However, the ranking order of documents by the base ranker is usually not
optimal for a particular document collection. Past research [24] has shown

10
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that users tend to only look at the top-ranked search results. As a result,
ranking optimization is required for IR systems.

An L2R system is a set of algorithms that use machine learning techniques
to solve ranking problems. Given a set of queries and their corresponding
documents retrieved by a conventional retrieval model, the objective of L2R
is to optimize a ranking function that can predict the optimal permutations
of the document lists according to their relevance to queries. The relevance
of a document to a query is given by a human-generated relevance label
assigned to the pair, typically on a binary or graded relevance scale [30].
L2R algorithms can be classified into one of three categories according to
their optimisation level: pointwise algorithms [16] aim to minimize the loss
at individual document level (i.e. the loss between the observed relevance
label and the predicted label on each document), pairwise algorithms [25]
aim to minimize the pairwise-preference loss at the document-pair level (i.e.
the loss between the observed ordering and the predicted ordering on each
pair of documents), and listwise algorithms [8, 13] aim to minimize the query-
level loss over the predicted ranking as a whole (i.e. the loss, measured by
IR ranking metrics, between the ground-truth ranking, and the predicted
ranking of a set of retrieved documents for the query).

3.2. Unsupervised TR

Training a reliable and robust learning to rank algorithm that can gen-
eralize to a ranking task, requires a massive number of relevance labels.
However, obtaining the relevance labels for training L2R is expensive, tech-
niques such as crowd-sourcing [4] have been used in the past. Active learning
algorithms [33] is a machine learning technique that can selectively choose
training instances for label annotation as well as for training. It has been
shown that, by using a small set of training instances that are representative
and informative for training, one can obtain an accurate prediction model
with minimum cost. Active learning methods were also applied in attempts
to solve the lack of labels problem for L2R. For example, Mehrotra and Yil-
maz [38] proposed to select a subset of search queries following two criteria:
informativeness and representativeness. Informativeness of the query selec-
tion process is instantiated by choosing the query with the lowest certainty
scores, measured by a ranking probability computed using a committee of
ranking functions trained with a random sample of already labeled queries.
By doing so, the queries with the largest uncertainty will be selected for la-
belling. Representativeness of the query selection is instantiated by selecting

11
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queries that are topically similar to the large volumes of unlabeled data in
the collection. The algorithm showed some performance uplift on a small
L2R test collection compared with previous approaches. One challenge for
active learning to rank is that one has to manage the selection of both the
queries and the documents.

Additionally, semi-supervised L2R [20] looks to leverage unlabeled data in
the collection using only a small number of already labeled target instances.

Transfer learning, including domain adaptation and multi-task learning,
has successfully been applied to many classification and regression problems.
Domain adaptation is a transfer learning technique that applies when the
source and target datasets are from different domains. An example would
be adapting a spam classifier for the IT domain to the medical domain.
Multi-task learning is a series of techniques that simultaneously train multiple
models for different tasks by sharing commonalities among those tasks. Most
of these algorithms have investigated methods for modifying the source data
(via some form of weighting) to make its distribution as similar to that of the
target data as possible. Solutions for minimizing the difference between the
source and target data distribution include sample-based methods, feature-
based methods, and miscellaneous methods. Sample-based transfer learning
algorithms train on weighted (or selected) training instances from the source
collection, such that the weighted data approaches the data distribution in
the target collection [46, 28], while feature-based methods conduct a similar
task by training on subsets or weighted versions of the features (using latent
feature spaces), such that the divergence in distribution between the modified
source data and the target data is minimized. There are also numerous
miscellaneous methods, such as self-labeling [15], which impute labels for
unlabeled data from the target collection, and co-regularization [34], which
optimizes the model by regularizing the similarity between the source and
target tasks, which can be used to perform knowledge transfer in certain
scenarios.

Most of the algorithms discussed above apply to TR problems. However,
due to the difficulty of formalizing the concept of the “query space distri-
bution” for L2R datasets, most of these algorithms have only been applied
to pairwise algorithms, since the objective of L2R algorithms is to maximize
the query-level ranking effectiveness. A more natural and effective mecha-
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nism is to attempt to minimize the query distribution” divergence, i.e., the
differences in the probability distribution of the queries.

Increasingly, researchers study Transfer Ranking (TR) in both transfer
learning unsupervised forms [11, 22, 32|. In unsupervised TR, instance-
weighting has been used as the transferring process [11, 22, 32]. Most un-
supervised TR solutions assume that the difference between the source and
target collection only exist in the input feature space, and it is usually re-
ferred to as the Cowariate shift problem. Instance weighting is one of the
most widely used solutions for the covariate shift problem in transfer learn-
ing, and it has also been used to address covariate shift in ranking problems.
Intuitively, instance weighting algorithms assign weights to the training sam-
ples in the source collection to make the data distribution more like the data
distribution of the target collection. Through optimizing the cost function
over the weighted samples, the algorithm can help improve the generalization
on the target collection.

As discussed before, the training data for L2R are used in different ways.
As a result, and therefore the instance weighting for L2R can be conducted at
three different levels, i.e., document level, pair level, and query level. In Gao
et al. [22], the authors generated instance weights at different levels for L2R
datasets. Since documents are independent of each other, the document-pair
weights are the multiplication of the documents’ weights. The query weights
were generated by the average weights of document pairs in the query. They
tested their instance weights with RankSVM and RankNet (two pairwise L2R
algorithms®) on the six topic sets in LETORS3.0 and showed some significant
improvements. Cai et al. [10] further improved the algorithm by classifying
the queries directly. The algorithms were tested on a set of small datasets
and showed only limited improvements in ranking effectiveness.

An importance-weighted AdaRank approach was proposed by Ren et al.
[42]. The authors used the Kullback-Leibler Importance Estimation Proce-
dure (KLIEP) [46] to estimate document weights, which were then incorpo-
rated into the AdaRank algorithm. However, the algorithm was not tested
under an unsupervised TR scenario. Instead, the authors tested the algo-
rithm in a supervised learning environment. The density ratio was estimated
according to the test set and was tested on the test set as well. Li et al.

"Query distribution refers to the probability distribution of search queries.
8AdaRank and LambdaMART are more effective [48].
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[32] showed that the effectiveness of instance-weighting cannot be general-
ized to different transferring scenarios due to the inaccuracy of density-ratio
estimates for queries. More details on why instance-weighting is problematic
for unsupervised TR have been discussed in section 2.1.

3.3. Self-Labeling Algorithms

An alternative approach to unsupervised transfer learning is self-labeling
[35]. Self-labeling propagates labels from the source to the target data by
directly imputing relevance labels for unlabeled instances in a target collec-
tion. A study by Triguero et al. [49] found that self-labeling methods are
effective for various semi-supervised learning tasks.

Several solutions have been investigated to implement self-labeling, in-
cluding EM algorithms [17], self-training algorithms [37], and multi-view
learning [47], which includes co-training [7]. All three solutions were origi-
nally utilized for semi-supervised learning, but have been extended to unsu-
pervised transfer learning by Chen et al. [15]. In Chen et al. [15], the authors
developed an algorithm called CODA (Co-training for Domain Adaptation)
that uses a co-training method to adapt review sentiment classifiers across
different domains. The objective of a sentiment classifier is to determine
whether a review for a product is positive or negative. The CODA algo-
rithm iteratively imputes sentiment labels for unlabeled reviews according to
the current model’s confidence score on the data. More specifically, at each
iteration, CODA trains a classifier using labeled data, which includes data
with imputed labels. As the algorithm was designed for domain adaptation,
the model was initially trained with the source data only. Provided with
predicted labels and the confidence of the model on the prediction, CODA
then decides on which imputed labels to add to the training set. Moreover, a
feature weighting process is applied during the iterations to ensure that the
algorithm focuses on features that have commonalities among different do-
mains. The performance of CODA was evaluated on the “Amazon reviews”
benchmark data sets, which have four different domains for sentiment clas-
sification adaption. Results show that CODA can significantly outperform
other domain adaption algorithms, even when there are no relevance labels
from the target collection.

Preliminary works investigating self-training ideas in unsupervised trans-
fer ranking scenarios was performed by Goswami et al. [23] who propagated
initial pseudo-relevance preferences for pairs of documents drawn from related
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collections. A pairwise ranking function was trained iteratively with a dis-
criminant classification EM algorithm, beginning with the pseudo-preference
labels. The results from that study suggested significant improvements in
some TREC ad-hoc collections with eight term-based features. However, the
algorithm was designed for a scenario where multiple source collections were
available for selection, and the content of documents was known.

Drawing inspiration from Goswami et al. [23], our algorithms fit into
the unsupervised TR scenario where only one source collection is available
for transferring (and the source text for each document is not the primary
information used to perform the transfer). It is worth mentioning that most
publicly available L2R collections do not have information on the original
queries and documents. The only available resources are the extracted and
normalized features for query-document pairs in the collection. We note that,
while inspired by their work, the algorithms we develop in this paper are quite
different (and in a sense more general) than the of work of Goswami et al.
[23]. In our solution, we only make use of the extracted features from the
query-document pairs instead of the raw text features. One of the reason for
this is that, in most publicly available test collections, the extracted features
are the only provided information of a document. In some datasets, the
details of the features are also unknown. Indeed they are not even directly
comparable given that they are tackling different problems with different
(and in their case more specific) assumptions.

The idea of applying self-labeling methods to unsupervised TR was in-
spired by two branches of prior work: a TR algorithm that infers labels from
other collections [23] and pseudo-relevance feedback (PRF) [6]. The assump-
tion in PRF is that the top-k retrieved documents for a query are relevant
documents to the query, and they can be used to exploit more relevant doc-
uments from the corpus. Self-labeling by imputed relevance labels shares
commonalities with PRF in that both algorithms make assumptions about
relevance and the initial set. However, PRF is typically utilized for reformu-
lating queries, while label imputation is used to train better ranking models.
Moreover, PRF algorithms are usually conducted on a per-query basis, while
label imputation is performed on a per-collection basis.

Existing solutions to solve the unsupervised TR, which are mostly based
on instance weight, have shown their weakness in their reliability under dif-
ferent transfer scenarios. The most important reason why these algorithms
don’t work well in practice is because of the difficulties of measuring the sim-
ilarities between different L2R collections in order to quantify the changes in
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distribution. Self-labeling, on the other hand, does not require any process
for estimating the changes in L2R data distribution, and has shown to be ef-
fective for solving other related problems. As a result, self-labeling methods
for unsupervised TR constitute a promising approach that deserves further
investigation.

4. EM for Unsupervised TR

A widely used self-labeling approach in the machine learning community
is the Expectation-Maximization (EM) algorithm. The EM algorithm is a
process used to estimate the parameters of a statistical model that is con-
trolled by some hidden (i.e. unobserved) variables. It has therefore been
widely studied and applied for training semi-supervised models when there
is an absence of adequate labels [39]. The EM algorithm can potentially
be used for solving TR problems because of its ability to leverage unlabeled
training data.

The EM algorithm generates maximum likelihood estimates for the pa-
rameters of a statistical model via iterations. Given a joint distribution of
p(X, Z|0) governed by parameters 6, where X are the observed variables, and
Z are some hidden or missing values, the EM algorithm attempts to estimate
parameters by maximizing the likelihood p(X6) as follows:

1. Initialize parameters 6(),
2. E-step: Evaluate p(Z|X, 0% V) oc p(X, Z|0®1).
3. M-step: Evaluate 8% by:

0" = arg max ZP(Z|X7 e(t_l)) log p(X, Z|0) (5)
0
Y

4. Repeat steps 2 and 3 until parameters or log likelihood (summation in
3) converges.

4.1. EM algorithm for TR with Pairwise Preferences

In this section, we apply a modified EM algorithm to tackle the TR prob-
lem. The implementation of the EM algorithm for TR (RankPairwiseEM) is
present in Algorithm 1. Assuming the unlabeled target data is drawn from
a joint distribution of p(X, R|@), governed by some parameters 0. X is a set
of observed feature vectors for a document set, and R is their unobserved
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relevance labels. An EM algorithm estimates the parameters 6 by maximiz-
ing the likelihood, p(X, R). In the E-step, the EM algorithm computes the
probability of each discrete value for an individual document, p(r = 1|x, 0)
and p(r = 0|x,6). We assume the parameters 6 to be the parameters of a
function mapping a query-document pair to a relevance label (y(x,0) — r).
The mapping function can be decomposed into two functions: 1) a scoring
function that estimates a similarity score’ for a query-document pair; and
2) a (possibly random) assignment function that maps each query-similarity
score to a relevance label.

Estimating p(R|X,#) requires making strong assumptions about how
scores map to relevance labels. We can avoid this issue by using the pairwise
ranking preferences as the hidden values instead. The pairwise probability
of a document pair {d;;, d;;} can be estimated using a logistic function as in
Burges et al. [9]:

1
T4 e B ®)
Here o is a parameter controlling the shape of the logistic function'®; As;;, =
sij — S 1s the difference between the query-similarity scores for the two
documents as predicted by a ranking function.

We propose a pairwise-preference based EM algorithm, called RankPair-
wiseEM, to tackle the unsupervised TR problem. Here we consider the joint
distribution of p(X?, AR|#) over pairs of documents with different relevance
labels X? = {(wij, zi) Yij<k S.t. 7ij # Tk, where AR denotes the ranking
preferences (Ar;jp = 1, if rij > 1y Arije = =1, if 7y < ).

In the E-step of EM, the algorithm evaluates the pairwise preference prob-
ability based on parameters estimated in the last iteration, p(Y'|®, 0¢~1), and
this can be approximated using the probability model:

p(rij > i) =

1

(t=1)
1 + 6—0’ Asijk

(t—1)

Wi = plry > ra0¢Y) =

(7)

t—1 t—1 t—1) . . .
where Asgjk ) = sgj ) _ sgk ) is the difference in the document scores Sij =

f(Xij; Q(til)) .

9The output of a ranking function is a similarity score between a query and a document.
0L ater in the experiments, o was set to 1, which is the same value used for Lamb-
daMART.
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In the M-step, the estimation of the new parameters is performed by max-
imizing the expected likelihood based on the probabilities estimated in the
E-step. Instead of maximizing the expected likelihood, however, we minimize
the expected cost, which depends on the particular rank learning algorithm
being used. In this work, we apply the state-of-the-art L2R algorithm, Lamb-
daMART [8], which learns a boosted regression tree model for ranking and
has been shown to be highly effective [48].

The LambdaMART algorithm iteratively builds an additive ensemble of
regression trees for calculating document scores.

F@) = hi(F6) (8)
=1

where f(.) is the trained ranking function, h; is the ['* regression tree, ; are

the parameters for the regression tree, « is the weight for the regression tree.

On each iteration, the algorithm computes the cost between the ground-
truth pairwise probabilities and the probabilities inferred by the current en-
semble (f(~Y) using Equation 6. The ground truth pairwise probability is
modeled as: P, = %(1 + Aryj). For each pair of documents for the same
query, the cost function can be rewritten as:

—o AsliD o AsttD

Cijk’ = ’AZZJk"([[T”>TZk] 10g(1 +e ik ) + [[nj<7’¢k} log(l +e A )) (9)
where AZ;;; is the change of the ranking evaluation score (e.g, NDCG) that
results from swapping the position of documents d;; and d;, while I} de-
notes an indicator function. The cost of an individual document Z;; is then
aggregated over the pairs: Cj; = 1, Cijp.

A regression tree is then trained to minimize the cost by fitting the deriva-
tives of the cost, denoted \;;, with respect to the query-similarity score pre-
dicted using the current ensemble:

oC;; —0 —0
/\ij — 501 E |AZijk‘|(I[T’m>mk] > As-D I[?“z'j<n'k] . As(pl)))
s oy 14" Tk e ik

(10)
According to Burges [8], the value of the k" leaf in the ['* tree is then updated
using a second-order approximation:
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Under the unsupervised TR scenario, the ground truth relevance labels
are unknown, but since we have computed the pairwise probability for all
the target document pairs in the E-step, we can calculate expected costs for
target documents:

o As(.t.’l o As( ti=1)
= > |AZiil (Wl Vlog(1+ e uk)+wm log(1 4 €7 A%k )

k:k#j
(12)
(tl-1) _

where w;j;, and w;; are probabilities computed using Equation 7, and As; ) mn

(L1=1) _ (L1-1) 4

Sij ik enotes the difference in the scores computed using the model

with (I — 1) trees trained for ¢ iterations. The corresponding derivative is:

= 3 EllaZi)(- “’Z;’“Z,Z,U R (13)
kik£j Pigk l+e
In this paper, we use NDCG@10 as the training metric for LambdaMART
(i.e. Z = NDCGQ]10). Later in the paper, NDCG at cut-off 10 is also used
as the evaluation metric for the experiments. For other optimization objec-
tives, Z can be replaced by the expected metric for optimization. Because
the relevance labels and the ranking orders of documents are unknown, we
need to compute the expected |[AN DCG@10[" based on parameters trained
in the last iteration, 8¢9, The query-similarity score predicted with the
parameters trained in the last iteration for each document are used as the
expected relevance labels: E[r;;] ~ S(t 2 = f(Z;;00Y).

oE[rir] _ QJE[m-]] 1 1

100G logy@ 1) logy (- D)

(14)
where Wg;’l_l) denotes the rank of the j document for query i, according
to the scoring function f(z;; 6®=1) . The ground truth labels for the docu-

E[|[ANDCG@10,;,]] =

" Replacing AZ by the fixed value 1 was also investigated but resulted in poor perfor-
mance.
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ments for the queries are unknown, and therefore we use the similarity score
predicted in the last iteration as the label for estimating IDCG. As a result,
IDCG is calculated as:

Ay

IDCG = Z 2 1 (15)
log,(g + 1

(t _11)(
with the ranking function f¢—1

The expected lambdas E[A] are then used to fit the regression trees. The
expected value for each leaf is updated as:

ZdijeRk'm E[)\lj]
SE[Ni;]
Zdi]'Eka 8s(t‘,lj1)
ij
The parameters will be updated after the ensemble has been trained, and
the process will be repeated until convergence.

In line 2 of Algorithm 1, the parameters are initialized by training a
LambdaMART with source data:

00 = argmln Z Z Cij (17)

q;€ ng d’Lj €4qi

where s; ) is the score of the document ranked at ¢** position of query 7,

E[Ykm] = (16)

In the E-step (line 4 to 9), each document is assigned a similarity score
predicted by the ranking function with parameters trained in the last itera-
tion. The pairwise preference probability of document pairs is then computed
using Equation 7.

In the M-step (line 10 to 14), the parameters are re-estimated with the
expected LambdaMART together with the labeled source data:

g+ —arg min Z Z Ci; + Z Z (18)

q; €Q%° dLJEQz ;i€ Qtu dL]EqZ

The algorithm repeats the E-step and M-step until the parameters con-
verge, or until the maximum iteration I' is met. In practice, we have found
that the performance of the algorithm reaches its peak after a few iterations
and then it fluctuates within a small region. The parameter I' is used to
terminate the process early for efficiency consideration.
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Input: Source queries Q% and judgements R*°, target queries Q*°,
max iterations I', 7 threshold e
Output: Ranking function f
1 RankPairwiseEM(Q*°,R*°,Q"T")
2 Train ranker f(© using (Q*°,R*°) with Eq. 17;
3 forte {1,..,'} do
/* E-step */

4 foreach z;; € Q™ do
5 sij = f(xi5; 007 1)
6 end
7 foreach {w;;, z;x} € Q™ do
8 Estimate p(r;; > r4) using Eq. 7;
9 end
/* M-step */
10 Train f(x;6®) using pairwise probs, Eq. 18;
11 if 9 == 9~ then
12 return f¢-U:
13 end
14 end
15 return f®):

Algorithm 1: LABEL-IMPUTATION VIA RANKPAIRWISEEM

4.2. EM for TR with “Hard” Assignment

It has been shown that, in certain cases, an EM algorithm with a hard
deterministic label assignment can be more efficient and effective than the
original EM algorithm for particular tasks [45]. This so-called hard EM
algorithm is a variant of the original EM algorithm, which assigns the best
possible label to each training instance at the E step, rather than computing
the probability of each label. In the M step, the hard EM algorithm updates
the parameters using the updated labels. The RankHardLabelEM algorithm
is given in Algorithm 2.

To employ the hard EM algorithm for unsupervised TR, one needs to
determine the most likely label for each unlabeled document in the target
collection according to the current model. Here we only consider the binary
relevance case and simply label documents with the highest similarity scores
as relevant. Intuitively, allocating the relevant labels to a smaller fraction
of top-ranked documents will preserve more accuracy since, on those top
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Input: Source queries Q% and judgements R*°, target queries Q*°,
stopping threshold €, max iteration I'
Output: Ranking function f
1 RankHardLabelEM(Q%* R*° Q" eT)
2 Train ranker f(© using (Q*°,R*°) with Eq. 17;
3 forte {1,..,'} do
/* E-step */
4 Calculate scores for all query-doc pairs;
Sort query-doc pairs by decreasing score;
Label top k% as relevant, remainder irrelevant;

/* M-step */
7 Train f(x;60®) using Eq. 19;
8 if 0¥ == =) then
return f(—1;
10 end
11 end
12 return f®);

Algorithm 2: SELF-LABELING VIA RANKHARDLABELEM

documents, the ranker is most confidential and it tends to be better for
model transferring. In this work, only the top k percent documents with the
highest ranker score will be labeled as relevant documents.

In the M step, the ranking function will be updated by training with both
the labeled source data and unlabeled target data, together with the imputed
relevance labels:

01+ = arg min Z Z Cij + Z Z Ci;(RW) (19)
9

%E€Q%° dij€q; q:€Q' dij€q;

where Cy;(R®) is computed with the imputed relevance labels, ]%(t):{[sz(;) >

sort({sg;)}j)k]}i, generated at (t + 1)) iteration according to the query-
similarity scores predicted using ranker function trained at t*?) iteration.
With the updated ranker, the system can update the imputed labels
iteratively.
For RankHardLabelEM (Algorithm 2), the algorithm first trains a source
ranker with the labeled query document pairs from the source collection

together (line 2). In the E step (line 4 to 6), the algorithm will compute the

22



s0s similarity scores for all query-document pairs and label the top k% pairs as
so7 relevant documents, and the remaining documents as irrelevant. The ranking
s0s function will be updated in the M step (line 7 to 9) by training a new ranking
s00 function with the labeled source data and the target data together with their
s0 imputed labels. The process runs iteratively until the imputed labels stop
s changing or until the maximum iteration count is reached.

sz 9. Self-training for unsupervised TR

613 Apart from EM algorithms, self-training [1] is another approach to gener-
s1a ate imputed labels for unlabeled data in the collection to improve the training
15 process. Self-training is a form of semi-supervised learning [1, 36], with appli-
s16  cations in natural language processing [36, 37] and transfer learning [15]. Self-
sz training algorithms are similar to RankHardLabelEM except that instead of
s1s  recalculating all of the predicted labels on each iteration, the predicted pos-
s10 itive (i.e. relevant) documents are retained from the previous iteration. In
s20 each subsequent iteration, the algorithms simply add the next documents to
s21 the relevant set on which it is most confident. The implementation of the
62 self-training algorithm (RankSelfTrain) is shown in Algorithm 3.

Source
Instances

Source
Labels

—————— - -—— - Target
4 | Instances

Target
Labels

Self-Labeler

Predicted Doc
Relevance

/
\ 4 V4
/
U4
L2R Models /
/
4
4
U4
4
i,]

Figure 2: RankHardLabelEM & Self-labeling Paradigm

'

623 So the self-training algorithm (RankSelfTrain) gradually increases the
2« number of imputed relevant documents via an iterative process. Both RankHard-
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LabelEM and RankSelfTrain follow the self-labeling paradigm demonstrated
in Figure 2. The system will initialize a ranking function by the source in-
stances with their source labels using a particular L2R model. With the
trained ranker, the system predicts relevance scores for all the unlabeled
training instances in the target collection, and then uses a Self-Labeler to
assign labels for all the unlabeled target instances. With the newly updated
labels, the algorithm updates the ranker and conducts the self-labelling again.
The process runs iteratively until convergence is reached.

The difference between the RankHardLabelEM and the RankSelfTrain
algorithms lies in the fact that, once a document has been added to the
imputed relevant set, the label will not change in the next iteration.

Unlike the RankHardLabelEM algorithm, which updates imputed labels
iteratively, the RankSelfTrain gradually adds confident labels to the train-
ing set. By gradually adding a small number of accurate predictions, it
is expected that the self-trained ranker will update itself toward a ranking
function that can generalize to the target collection.

A confidence score is needed to allow label prediction. It is possible for
some classification algorithms to produce such scores; for example, logistic
regressions can output a probability for a class label. However, it is not
straightforward for ranking algorithms to produce such probabilities. 12 We
therefore developed a methodology to predict the probability of a document
being relevant or irrelevant, provided with their similarity scores predicted
by a ranking function. The probability of relevance and irrelevance can later
be used as the confidence of the labels.

Bayes rule for the probability of a document being relevant, given a sim-
ilarity score, gives:

p(r=1p(s=alr=1)
> veiony P(s = alr = v)p(r = v)

pir=1ls=a)= (20)

where s denotes the score predicted by a ranking function. The densities
p(s = alr = 1) and p(s = a|r = 0) can be estimated via the kernel density
estimation (KDE)[5] on a collection, while the prior probability p(r = 1) is
estimated by the percentage of relevant documents in the collection:

12RankSVM [25] and other pairwise L2R algorithms might be able to output a proba-
bility for ranking preferences; however, the probabilities for preferences will not directly
infer the labels of a document.

24



653

654

655

656

657

658

659

660

661

662

663

664

665

666

667

668

669

|relevant documents|

|documents| (21)

Initially, the target collection contains no imputed relevant documents so
the probabilities can only be estimated using data from the source collection.
As the relevance labels in some source collections are multi-graded, we regard
all the documents as relevant if their relevance labels are larger than zero.
In the following iterations, as some imputed labels have been generated, the
conditional probability can be estimated on the target data together with
the imputed labels:

1) (22)
P =0) (23)

where 7 denotes imputed labels.

As the imputed labels are gradually added, directly estimating the prior
probability p(r = 1) with the imputed labels is unreliable. On the other
hand, the prior probability of the target collection can be different from the
source collection. Instead, we propose a Dirichlet smoothed estimation that
can balance the impact of the source and the imputed labels from the target
adaptively:

(24)

7| +

where p is set to be half of the number of training instances in the target
collection. As a result, probability can be estimated:

pe(r = Dp(s = alf = 1)
Yvetony P(s = alf = v)p'(r = v)

p(r=1s=a) = (25)

In line 2 of the Algorithm 3, a source ranker f is initially trained with
labeled examples (Q*°, R*°) from the source collection. The source ranker is
then applied to calculate similarity scores for all the query-document pairs
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in the target collection (line 4). In the first iteration (line 7 to 8), the al-
gorithm calculates the relevance probability for each query-document pair,
the probability that a document is relevant to a query, via Equation 20 with
probabilities in the source data. If the probability of a relevance label for a
given pair is larger than the threshold, the query-document pair will be added
to the labeled document set (line 12 to 15). The system will then re-train
a ranking function with both the data from the source collection and previ-
ously labeled documents from the target collection using Equation 19 (line
20). In the following iterations, the algorithm will continue to compute the
probabilities via the imputed labels from the target collection using Equa-
tion 25, conduct the labeling and update the ranker iteratively until no more
confident labels can be added, or until the maximum iteration is met, where
maximum iteration is a pre-set parameter. At the end of the iterations, if
only a small number of relevance labels remain, the algorithm will continue
updating and train very similar models while only introducing a very small
number of target data to the training set. At the same time, training Lamb-
daMART algorithm is very expensive. As a result, the maximum iteration
threshold is applied to reduce the computational cost.

6. Data and Methods

6.1. Datasets

Three public L2R test collections are used in our experiments: MSLR,
LETORA4.0, and the Yahoo! Learning to Rank (Yahoo! L2R) dataset. Details
of these collections are presented in Table 1.

LETOR4.0' was built using the million query tracks [2, 3] from TREC
2007 and TREC 2008, which corresponds to query sets in LETOR4.0: MQ2007
and MQ2008. The GOV2 collection was used as the corpus for LETORA4.0.
The average number of documents pooled for each query in MQ2007 is 41.1,
while it is 19.4 in MQ2008.

The Microsoft learning-to-rank dataset (MSLR) is a large L2R test col-
lection developed based on Bing’s retired collections. MSLR contains two
collections, namely MSLR-30K and MSLR-~10K. MSLR-10K is composed of

3https://www.microsoft.com/en-us/research/project/
letor-learning-rank-information-retrieval/
Yhttps://www.microsoft.com/en-us/research/project/mslr/
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Input: Source queries Q% and judgements R*°, target queries Q*°,
confidence threshold 7
Output: Ranking function f
1 SelfTrain(Q*,R*°,Q" n)

Initialize set of labeled docs to be empty: Q@ = (;

2
3 Train ranker f(© using (Q*°, R*°) with Eq. 17;
4 forte{l, ..} do

5 Calculate similarities for all query-doc pairs;
6 foreach unlabeled pair r;; ¢ QY do

7 if t==1 then

8 Compute p(r;;|si;) following Eq. 20;
9 else

10 Compute p(r;;|s;;) following Eq. 25;
11 end

12 if p(r;; = 1]s;;) > n then

13 Add (z5,1) to QO;

14 else if p(r;; = 0]s;;) > n then

15 Add (z4,0) to Q®);

16 end

17 if (|Q®] —Q¢Y|) == 0 then

18 return f¢-1:

19 end

20 Train ranker f® using Eq. 19;

21 end

Algorithm 3: SELF-TRAINING FOR RANKING

30k queries, whereas MSLR-10K is a small sample of MSLR-30K, which con-
tains 10k queries. The average pooling depth is 120 documents for queries
in MSLR. The documents pooled for queries are judged at 5-levels, from
irrelevant (0) to perfectly relevant (4).

The Yahoo! learning-to-rank (Yahoo!L2R)' [14] is an L2R collection
published by Yahoo!. Yahoo!L2R consists of two collections: Set 1 and Set
2. Set 1 and Set 2 are built to facilitate research on TR. Set 1 was built based
on the US web search market while Set 2 was built on an Asian web search

5https://webscope. sandbox.yahoo.com/catalog.php?datatype=c
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Table 1: Statistics of public L2R datasets

Collection ‘ Corpus Query Set #Queries #Features

MQ2007 1,692 46

LETOR 4.0 ‘ Gov2 MQ2008 rea 16
Web 10k 10k 136

MSLR Web 30k 30k 136
Set 1 20k 700

Yahoo ‘ Web Set 2 6k 700

700 market. Set 1 has more queries than Set 2. The relevance of the documents
70 was also judged at five levels. Yahoo!L2R has a rather shallow pooling depth,
m  with only 23.9 documents judged per query. The number of features is dif-
712 ferent for the two collections. There are 519 and 596 anonymous'® features
713 respectively in the two collections, with some overlap. All the features are
72 rank-normalized as:

1
715 The total number of distinct features is 700, and the values for missing
76 features are set as 0.
717 Three groups of transfer settings are studied:

718 1. Transferring between MQ2007 and MQ2008, which share the same doc-

710 ument collection but have different query sets. Since the two datasets

720 differ only on the queries, this can be viewed as an in-domain transfer.

721 2. Transferring between MSLR and LETOR 4.0: We merged the two
722 datasets in LETOR 4.0 to make a larger dataset, and then we conducted

723 the transfer between the merged LETOR 4.0 dataset and MSLR-WEB10K.
724 The two datasets have few commonalities, with different document sets,

725 query sets, and methods for gathering relevance. Thus transferring here

726 can be viewed as a cross-domain transfer. In the experiments the 45

727 features common to both collections were used to train the L2R mod-

728 618.17

6By "anonymous’ here we mean that the functions used to compute the feature values
are unknown.

1"The features in LETOR 4.0 were normalized via a query-level feature normal-
ization method [12]. For all the documents belonging to the same query, a min-max
normalization is applied to every feature. In this work, we conducted normalization for
all the test collections. It turned out that conducting feature normalization, in the same
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3. Transferring between Set 1 and Set 2 of Yahoo! L2R: each set represents
web documents written in different regional languages, thus transferring
between the two is also cross-domain transfer. The original Yahoo!
L2R collection has 700 features. However, we found that only 415 were
common to both sets, and utilized them in the experiments.

One dataset from each pairing was taken to be the source collection,
and the other to be the target. Each target collection was split randomly
into five folds for cross-validation based evaluation. In each experimental
run, four folds were utilized as examples for the target collection. To create
an unsupervised TR environment, all relevance labels were removed from
these folds. The remaining fold of the target collection was used to test the
effectiveness of the transfer algorithms. We note that this setup, in which the
target queries used during the transfer were not used for the evaluation, was
particularly challenging. The details of the transfer settings are provided in
Table 2. All reported results are averages over the five-fold cross-validation.

Table 2: Transfer Settings for testing different algorithms

LETOR 4.0 MSLR-LETOR4.0 Yahoo! L2R
Collection  Queries Features | Collection Queries Features | Collection Queries Features
Source MQ2007 1,692 46 LETOR 4.0 2,476 45 Set 1 19,944 415
Target training | MQ2008 627 46 MSLR 8k 45 Set 2 5,064 415
Target testing | MQ2008 157 46 MSLR 2k 45 Set 2 1,266 415
Source MQ2008 784 46 MSLR 10k 45 Set 2 6,330 415
Target training | MQ2007 1,353 46 LETOR 4.0 1,980 45 Set 1 15,955 415
Target testing | MQ2007 339 46 LETOR 4.0 496 45 Set 1 3,080 415

6.2. Setup and Measurements

The RankLib 2.1. implementation of LambdaMART was used as the base
ranker.'® The tree size was set to 1000, and the maximum number of leaves
was set to 10. For the instance-weighting-based KLIEP method, we applied
Sugiyama-Sato’s Matlab implementation.'

For all the algorithms, we set the maximum iteration, I' as 20. The
percentage of imputed relevance labels k% was set to 5% for the RankHard-
LabelEM algorithm. For the RankSelfTrain algorithm, the threshold on con-

way, can lead to a better generalization for another collection.
18http://sourceforge.net/p/lemur /wiki/RankLib/
Yhttp:/ /www.ms.k.u- tokyo.ac.jp/software.html
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fidence was set at 95%. The o for pairwise probability was set as 1 in the
RankPairwiseEM algorithm.
The following baselines were considered:

e BM25: Retrieved documents sorted by decreasing BM25 similarity
score.

o \MART.source: LambdaMART trained with all the data from the
source collection.

e wWAMART: Weighted LambdaMART with the query-level instance-
weighting method proposed by Li et al. [32]. We used the “kliep.doc”
method proposed in the paper, which aggregated the document-level
weights for generating query-level weights. The document-level weights
are estimated via the KLIEP algorithm [46].

e \AMART.target: LambdaMART trained with data from the target

collection via cross-validation.

The following label imputation algorithms were tested:

e RankPairwiseEM: EM-inspired self-labeling algorithm, using Lamb-
daMART as the base ranker.

e RankHardLabelEM: “Hard EM”-inspired self-labeling algorithm, us-
ing LambdaMART as the base ranker.

e RankSelfTrain: Self-training-based algorithm, using LambdaMART
as the base ranker.

All models were evaluated using normalized discounted cumulative gain (NDCG) [27],
with a rank cut-off of 10. Statistical significance was tested using a two-tailed
paired t-test, with a threshold of 0.05.

7. Results and Discussion

The experimental results are presented and discussed below.

7.1. Effectiveness of Self-Labeling Methods

We compared the three proposed self-labeling-based TR algorithms on
various transfer settings. The most important aspect for distinguishing be-
tween the different transfer settings is the level of similarity between the
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source and target collections, which we consider two cases impacts the effec-
tiveness of various TR algorithms. In-domain transfer where the source and
target were drawn from the same or similar distributions, and cross-domain
transfer where the source and target data were drawn from quite different
distributions.

The results of various algorithms on both in-domain and cross-domain
transfer scenarios are illustrated in Table 3 and 4. In both cases, we observe
that when a ranking function trained on the source data is applied to the
target collection, it retains the advantage over the base ranker, BM25 (second
row of both tables).

In-domain transfers. As mentioned before, the MQ2007 and MQ2008 are
two query sets using the same document collection. Results demonstrate that
AMART .source trained with the larger query set of MQ2007, generalizes well
to the smaller set of MQ2008. AMART.source of MQ2007 is significantly
better than AMART .target trained on the MQ2008 datasets. Conversely,
AMART .source trained on MQ2008 is not as effective as AMART .target
trained on MQ2008.

Table 3: Effectiveness (NDCG@10 score) on in-domain transfer settings with label impu-
tation methods. Bold text indicates the best scores of each column, 1 denotes the figure
is significantly better than AMART .source, | denotes the figure is significantly worse than
AMART .source, 1 denotes the figure is significantly better than wAMART. p < 0.05

MQ2007- MQ2008-
MQ2008 MQ2007
BM25 0.335 (-32.7%) | 0.249 (-39.6%) |
AMART .source 0.498 0.412
WAMART 0498 0.8/ (-6.8%) |
RankPairwiseEM | 0.507 (+1.8%) 11 0.434 (+5.3%) 11
RankHardLabelEM | 0.501 0.426 (+3.4%) 11
RankSelfTrain 0.505 1 0.438 (+6.3%) 11
AMART .target | 0.487 (-2.2%) | 0.445 (+8%) 11

In this in-domain transfer scenario, all the unsupervised TR algorithms
performed better, although not always significantly, than the source ranker.
When transferring from the larger sample, MQ2007, to the smaller sample,
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MQ2008, most of the unsupervised TR methods, including wAMART, did
not show significant improvements, except the RankPairwiseEM algorithm.
In this particular transferring setting, the source data has a wider coverage
of queries from the same distribution, which turned out to generate a more
general ranking function that performs better than the target model (i.e.,
the model trained directly on the target data). The new transfer methods
can further improve the effectiveness over the source ranker.

When the source collection has a smaller size (MQ2008 to MQ2007), the
generalization of the source ranker becomes so poor that it is not compa-
rable with the target model. All the new proposed methods have shown to
be significantly more effective than the source ranker on the target collec-
tion. Meanwhile, the previous instance-based transfer model, wAMART, has
shown to be significantly worse than the source ranker. Transferring from
MQ2008 to MQ2007 can be seen of as a special case of semi-supervised learn-
ing. The results in LETORA4.0 showed that self-labeling based methods can
help improve ranking effectiveness under the semi-supervised L2R /in-domain
transfer setting.

Table 4: Effectiveness (NDCG@10 score) on cross-domain transfer settings with label
imputation methods. Bold text indicates the best scores of each column, 1 denotes the
figure is significantly better than AMART.source, | denotes the figure is significantly worse
than AMART .source, 1 denotes the figure is significantly better than wAMART. p < 0.05

MSLR- LETORA4.0- Yahoo.Set1- Yahoo.Set2-
LETORA4.0 MSLR Yahoo.Set2 Yahoo.Set1
BM25 0.276 (-29.8%) | 0.180 (-7.2%) | 0.540 (-5.3%) | 0.507 (-27.6%) |
AMART .source 0.393 0.194 0.723 0.700
wAMART | 0.367 (-6.6%) | 0.147 (-24.2%) | 0.712 (-1.5%) | 0.703 (+0.4%) 1
RankPairwiseEM | 0.402 (2.3%) 11 0.193 1 0.734 (+1.5%) 11 0.709 (+1.3%) 1t
RankHardLabelEM | 389 f 0.202 (+4.1%) 11 0.731 (+1.1%) 11 0.707 (+1%)
RankSelfTrain 0.410 (+1.8%) 11 0.194 1 0.725 (+0.3%) 1t 0.708 (+1.1%) 1t
AMART target | 0.461 (+17.3%) 1 0.423 (+11.8%) 11 0.761 (+5.3%) 1 0.743 (+6.1%) 1t

Cross-domain transfers Transferring between MSLR and LETORA4.0 is
the first cross-domain transfer scenario. As explained earlier, conducting
query-level feature normalization for both the source and target collection
helps increase the generalization performance of LambdaMART over the tar-
get collection. In contrast to the results obtained by Li et al. [32], when
transferring between MSLR and LETORA4.0, via query-level feature normal-
ization, AMART .source shows better generalization on the target collection.
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826 When transferring from MSLR to LETORA4.0, both RankPairwiseEM and
g2z RankSelfTrain significantly outperform AMART.source. All the proposed
28 self-labeling algorithms have shown significant improvements over wAMART.
820 Transferring from LETOR4.0 to MSLR is harder than transferring in the
30 opposite direction because MSLR has a wider coverage of queries. wAMART
sn  failed to improve the performance of \MART .source. Moreover, both RankPair-
sz wiseEM and RankSelfTrain showed no significant improvement on this trans-
s13  fer setting. The RankHardLabelEM algorithm can significantly improve the
s:a effectiveness over AMART .source, and it is also significantly more effective
g5 than wWAMART. Transfer learning from LETORA4.0 is a scenario that is un-
s3s  likely to occur in reality as the source collection is too small for effective
s37  transfer to be possible. The assumption TR makes, is that the source col-
sss lection has abundant training data with relevance labels, which can train a
30 well-generalized ranking function for the source collection.

840 Transferring between Yahoo! L2R Set 1 and Set 2 is more difficult, be-
s cause of the cross-language setting. Moreover, because Set 1 has a larger
sz query set than Set 2, the generalization of the source model is relatively
g3 good compared with others. As a result, TR can be challenging to even com-
sas  pete with the source model. On the other hand, Set 2 is too small compared
sas  with Set 1, and therefore transfer from a smaller set to a large set can be dif-
sas  ficult too. When transferring from Set 1 to Set 2, the effectiveness of all the
sar  proposed algorithms show significant improvements when compared with the
ss AMART.source and the instance-weighting method wAMART. When trans-
ss0 ferring from the small set to the larger set (Set 2 to Setl), all the algorithms
so can significantly outperform AMART.source. For this particular task, the
ss1  generalization gap between the source and large collection is smaller com-
ss2  pared with other scenarios, even though the document corpus of Set 1 and
ss3 oet 2 are from different countries with different languages. For instance:
s+ 1) the features for Yahoo! L2R datasets have been normalized using rank-
s normalization, and therefore the differences in the data distribution of the
s input feature spaces are smaller; 2) the sample size of both the source and
ss7  target collection are larger than other cases, which in effect, reduces the vari-
g3 ations in the query distribution; 3) although the tasks are cross-lingual, the
o features used for ranking are independent of languages. For example, term
g0 frequency is only the counts of a query term appearing in a document, which
g1 Will, in most cases, not be affected by language.

862 Under the cross-domain transferring scenario, most of the new algorithms
g3 have shown some improvements over the source ranker. However, these im-
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provements can be varied under different test environments.

7.2. Consistency of Unsupervised TR Approaches

In this section, we compare the consistency of different algorithms across
different settings. Although all the proposed algorithms showed better trans-
fer effectiveness compared with the source ranker, it is not clear how consis-
tent the performance was.

We compare the effectiveness of unsupervised TR algorithms using average-
rank-based visualization [32]. The average rank of all the systems over all
the folds in the different collections is computed, and shown in Figure 3.
The average rank of a system across the test collections is calculated as
Mj = % > ;rank;;, where N is the number of collections, and rank;; is
the rank of the j model in the i"* collection. We applied the Nemenyi test
of significance [18], which is used to determine whether there is a significant
difference between the average rank of any two systems. The Nemenyi test
is used to determine whether there is a significant difference between the av-
erage rank of any two systems. It can be performed after first checking with
the Friedman test [21] (a non-parametric alternative to repeated measures
ANOVA) that the systems are not independent of rank (across the datasets).

The differences between models are compared against the critical dis-
tance (CD), i.e., two models are not considered significantly different if their
average ranks lie within the CD. The CD is computed as:

k(k+1)

6N
where k is the number of the algorithms, N is the number of datasets, and ¢,
is the confidence level of the test, which can be computed with a Studentised
range statistics, divided by v/2.

The results of the tests are displayed in Figure 3. The black dots show
the average rank of each model and the lines show the CD. If the average
rank (dot) of a model lies outside the CD of another model, then they are
significantly different.

According to Figure 3, under current settings, the average rank of all
the proposed methods are lower (better) than the AMART.source. Among
them, both RankPairwiseEM and RankSelfTrain are significantly better than
the AMART .source across different collections, and there was no significant
difference from AMART .target. RankSelfTrain is also the most effective al-
gorithm compared to all the other self-labeling methods.

CD =q, (27)
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Figure 3: Plots of average rank across the 6 test environments for the 6 different Transfer
Learning techniques and the AMART.source and baseline AMART.target system (where
no TR was applied). The lower the rank the better performance of the approach. The
critical distance (CD) for the Nemenyi test (at the 5% confidence level)

Interestingly, wAMART appears less effective than the AMART .source,
which differs from what was found in previous research. The reason for this
is possibly that the difference between the feature distributions has been re-
duced by performing query-level feature normalization on the MSLR dataset.
As a result, MSLR showed better generalization on the LETOR4.0 dataset,
and the instance-weighting methods failed to show their advantage in mini-
mizing the gap between feature distributions.

7.8. Analysis of Self-Labeling Methods

To gain a better understanding of different self-labeling based approaches,
the performance over iterations of the algorithms over the iterations of three
proposed methods are illustrated in Figure 4. The learning curves presented
are averaged over the five runs.

The x-axis in the figure represents the number of the iterations, starting
from the 0™ iteration (where the source ranker was applied). The y-axis is the
average performance of the rankers tested on the target training set, which is
the unlabeled target set used for training, together with their ground-truth

35



o
n
L
e Algorithms
RankHardLabelEM
< = RankPairwiseEM
S i RankSelfTrain
é') o
!
Q 8 /Pwmpissr=zmer=="==.. %"
Z Oy = = - = = = R ———
o ©
j=2}
o
g
< ¥
(=]
o
n
X
°9 5 10 15 20

Iteration

(a) LETOR4.0 MQ2007 to MQ2008

Figure 4: Performance vs iteration curve of different self-labeling methods under various

settings.

(=]
n
]
e Algorithms
RankHardLabelEM
& = RankPairwiseEM
o RankSelfTrain
@ S
8
Q 8| gl vwe-- e mem e
z Y 4
0 Ol = = = == L ———
j=2}
o
g
< o
o
(=3
n
o
) 5 19 15 20
Iteration
(c) MSLR to LETOR4.0
o
o
a3
e Algorithms
RankHardLabelEM
(@ = RankPairwiseEM
g N RankSelfTrain
@ o
!
a 8
z ™~
o ©
g
5 @ 'o._'-.------~.__--------"'
I LS rramr e S
(=]
o
o
R
°0 5 19 15 20
Iteration

(e) Yahoo Set 1 to Set 2

36

Average NDCG@10

o
(=]
ol
© Algorithms
RankHardLabelEM
2 = RankPairwiseEM
< RankSelfTrain
o
(=]
5]
Q]
<]
& e eimmsommmaoe=="=""
S
o /
o
o
S
o8 3 10 15 2
Iteration

(b) LETOR4.0 MQ2008 to MQ2007

Average NDCG@10

Average NDCG@10

(=]
0
&
e Algorithms
RankHardLabelEM
o) = RankPairwiseEM
vl RankSelfTrain
o
o
&
O = N, e T e - - .‘:’-I =
~
n
~
«—
<]
(=3
wn
=l
°70 5 10 15 20
Iteration
(d) LETORA4.0 to MSLR
o
n
2
e Algorithms
RankHardLabelEM
S = RankPairwiseEM
I~ RankSelfTrain
o
8 "' b R e N o el ol E T
(S ol el
S
n
~
eyl
o
o
0
@
°0 5 10 15 20

Iteration

(f) Yahoo Set 2 to Set 1



914

915

916

917

918

919

920

921

922

923

924

925

926

927

928

929

930

931

932

933

934

935

936

937

938

939

940

941

942

943

044

945

946

947

labels. The black dashed line in the figures shows the performance of the
source ranker.

An ideal self-labeling algorithm would gradually increase its effective-
ness on the target collection until the imputed labels converge. In most of
the transferring settings, we have observed that both RankPairwiseEM and
RankSelfTrain gradually update themselves to gain better effectiveness in the
target collection. RankHardLabelEM, on the other hand, does not appear
to be stable across all different transfer scenarios (collections).

When transferring from LETOR4.0 to MSLR, none of the algorithms
have performed as expected. We argue that this is a challenging transferring
scenario where there is a much smaller query coverage in the source collection,
and the TR algorithm cannot transfer knowledge from the source to the
target.

The similarity between the source and target collections, as well as the
quality of the source collection have an impact on the effectiveness of an
unsupervised TR algorithm. When the source collection is similar to the
target collection, TR is not required. Under those circumstances, a good
unsupervised TR algorithm should at least not harm the performance of the
original source model. As a result, RankPairwiseEM and RankSelfTrain tend
to be more reliable than the RankHardLabelEM algorithm.

However, the performance of different algorithms is limited by the pa-
rameter selection. In the following section, the impact of the parameters on
the performance of the algorithms will be analyzed.

8. Sensitivity of Parameter Settings

The sensitivity of the parameter settings for different transfer algorithms
will be discussed in this section. The RankPairwiseEM algorithms do not
require any other parameter setting except for the o parameter of the sigmoid
function, which is usually set as 1 for the LambdaMART algorithm. The
RankHardLabelEM algorithm has a parameter k£, which is the percentage
of imputed relevant labels in each iteration. For RankSelfTrain algorithm,
the percentage is controlled by a confidence score, which could be set as a
constant as 95%. Alternatively, the percentage can be set manually as it is
for the RankHardLabelEM, both the manually setting and confidence score
based methods will be compared in the following section.
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8.1. Threshold setting for RankHardLabel EM

In the RankHardLabelEM algorithm, the percentage of documents be-
ing labeled as a relevant document is manually defined. In this section, we
compare the performance of the RankHardLabelEM algorithm with differ-
ent parameter settings. As the source collection we randomly sample 1,000
queries from the MSLR dataset, and as the target collection we sample 1,000
queries from the LETORA4.0 dataset. The RankSelfTrain algorithm with
different settings for k% is evaluated for four times. The performance vs
iteration curve for each of the four scenarios is shown in Figure 5.
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Figure 5: Comparing the parameter settings for RankHardLabelEM.

The x-axis in Figure 5 is the number of the iterations, the y-axis is the

sss  NDCG@10 scores measured on the unlabeled target set, and the black dashed
o9 lines are the source rankers. In most cases, the effectiveness of the trained
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rankers is observed to increase over the iterations, but the increase is not
monotonic. In some cases, RankHardLabelEM achieves more than 30% im-
provement over the source ranker. However, the algorithm performs different
at different runs with a different setting of k%. For example, when k% was
set as 1%, its performance increased gradually over the iterations at the
first run (Figure 5a), while in the other cases, the performance kept drop-
ping (Figure 5¢), indicating a significant amount of variance in performance.
Moreover, in some cases, we have seen that the performance of the algorithm
will start to decrease after a certain point (50% in Figure 5c¢), so it is also
important to determine when to stop the iterations. Notice that, although
20% seems to be optimal for this particular transfer setting, it may not be
the best threshold for other transfer settings.

In RankSelfTrain, there are two parameters, which are the o for the
pairwise preference probability in Equation 7 and the confidence threshold
1. The setting of ¢ is usually determined by the implementation of the
LambdaMART algorithm, and is usually set as 1. The confidence threshold
n is set as 95%, following the probability convention.

Under the unsupervised TR scenario, it is hard to determine the parame-
ters without any supervised label information from the target collection. As
a result, a smaller percentage was chosen based on previous experience in IR
collections.

8.2. Confidence Versus Fized-Increments for RankSelfTrain

In the RankSelfTrain algorithm, we have determined to set a threshold for
confidence for the label prediction so that only the more confident labels are
used (as impute labels) in the next iteration. Alternatively, at each iteration
of the RankSelfTrain algorithm, one could label a fixed percentage (Ak%)
of unlabeled pairs as relevant, and leave the remaining pairs unlabeled as
irrelevant. The top Ak% version RankSelfTrain is shown in Algorithm 4.
The main difference between the fixed-increments-based RankSelfTrain and
confidence-based RankSelfTrain is that the number of relevant labels is fixed,
and all the unlabeled documents will also be labeled as irrelevant.

The main challenge with this algorithm is how to set a proper parameter
of Ak% for a particular transfer setting. To compare the algorithms, we
used the same sampling and testing strategy utilized in the last section. The
learning curves of different runs are plotted in Figure 6.

A glance at the figure above illustrates the effectiveness of RankSelfTrain
with different parameter settings. Most of the algorithms tested so far have
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Input: Source queries Q% and judgements R*°, target queries Q*°,
maximum number of iterations

Output: Ranking function f
1 SelfTrain(Q%*,R*,Q", T")
2 Initialize set of relevant docs to be empty: QO = ()
3 Initialize set of irrelevant docs to be empty: U = ();
4 Train ranker f(© using (Q*°, R*°) with Eq. 17;
5 fort e {1,..,I'} do

/* E-step */
6 Calculate scores for all query-doc pairs;
7 Sort unlabeled pairs (i,5) ¢ Q¢ by score;

Label top Ak% pairs as newly relevant:

QW = Q=Y U {topk};

9 Set remaining query-doc pairs as irrelevant: 0 = Xt — Q®),

/* M-step */
10 Train ranker f® using Eq. 19;
11 end

12 Return f®);
Algorithm 4: RANKSELFTRAIN WITH TOP A PERCENTAGE

shown a gradual increase in the effectiveness of the ranker with each iteration,
starting from the source ranker (0% iteration).

The performance of the algorithm is different with different parameter
settings across different runs. For example, when Ak% is set to 2%, the
algorithm gained the best effectiveness at the 2"¢ run at the 20** iteration,
while it performs the worst at the 3™ run.

Another challenge with this approach is knowing when to terminate the
process. The algorithm can gradually label a certain amount of query-
document pairs as relevant until all the pairs are labeled as relevant. It
is not clear when the algorithm should add more relevant labels. Although
we only plot the first 20 iterations of the process in Figure 6, the five lines
cross over at many iterations during the training. This suggests that, if the
algorithm was halted at different iterations, the relative performance of dif-
ferent parameter settings would vary. Under the unsupervised TR scenario,
it is difficult to determine which parameter to use and when to terminate.

Alternatively, the confidence-based approach provided a parameter-free
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Figure 6: Comparing the parameter settings for RankSelfTrain.

setting except for the confidence threshold. It is arguable that the threshold
can always be set as a high value constant so that it is “parameter-free”. The
performance of the confidence-based approach is relatively stable compared
with other settings, and it converges quickly. Although the performance may
not be comparable to the best performance of other settings, it provides a
more robust performance across different transferring settings.

8.3. Discussion

The results discussed above have illustrated that all the three proposed
algorithms, RankPairwiseEM, RankHardLabelEM and RankSelfTrain can
increase transferring effectiveness in most of the in-domain and cross-domain
transferring scenarios. However, improvements of the algorithms may not be
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consistent under different transferring settings (i.e. the dataset). By “con-
sistent”, we mean the improvements of ranking effectiveness on the target
collection with an unsupervised TR across all circumstances, namely, the
transferred model performs no worse than the source model in various trans-
fer settings. The RankPairwiseEM and RankSelfTrain algorithms tend to be
more robust as they consistently outperform the source ranker across various
test collections. RankSelfTrain showed slightly better consistency compared
with the RankPairwiseEM and is easier to implement.

Parameter settings are critical for both RankHardLabelEM and Rank-
SelfTrain algorithms. Setting the parameters for both algorithms based on
some assumptions, can gain acceptable results. However, reliability and ef-
fectiveness could likely be improved if some supervision is provided.

9. Conclusion

Aiming to improve learning to rank for scenarios where a ranker has to
be transferred to a new collection with no available training data, we demon-
strate three novel self-labeling unsupervised transfer ranking (TR) algo-
rithms, RankPairwiseEM, RankHardLabelEM and RankSelfTrain. RankPair-
wiseEM is an application of an EM algorithm on unsupervised TR problems,
which looks to achieve transfer effectiveness via maximizing the pairwise pref-
erence probabilities in the target collection. RankHardLabelEM is inspired
by a hard EM approach, which applies an iterative process that predicts im-
puted relevance labels and updates models iteratively, while RankSelfTrain
employs self-training (by gradually increasing the relevant label set) for semi-
supervised learning.

The three algorithms were tested on six transferring scenarios, with Lamb-
daMART used as the base ranker. The results of the six scenarios show
that, with some simple parameter settings, all the algorithms can achieve
improvements over the source ranking function. In some cases, however, the
improvements are minimal. Self-labeling methods are showed to be more
effective than instance-weighting algorithms.

To confirm whether the effectiveness of self-labeling methods can perform
consistently over different transferring collections, we demonstrated improve-
ments via an average rank-based visualization method. The Nemenyi test on
the results showed that both RankPairwiseEM and RankSelfTrain can sig-
nificantly outperform AMART .source across different test collections.
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For RankHardLabelEM and RankSelfTrain, we have illustrated that both
algorithms can achieve better results with optimal parameter setting. How-
ever, it is difficult to estimate the parameters under the unsupervised TR
setting. Instead, our confidence-based approach for RankSelfTrain has shown
to be effective and stable.

Further research is needed to understand how to use common or latent
features to better exploit the labeling process. Apart from the proposed
self-labelling approaches, there are other related algorithms, such as multi-
viewing learning, that could be explored for unsupervised TR problems.
Moreover, the similarity of the source and target collection has been shown
to be correlated with transfer effectiveness. Thus, investigations are needed
to identify the impact of collection similarity on the performance of unsuper-
vised TR algorithms. In particular, finding the best method for measuring
the similarities between different L2R collections could help to avoid some
negative transfer effects.
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