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ABSTRACT
This paper presents an approach to automatically optimizing the retrieval quality of search engines using clickthrough
data. Intuitively, a good information retrieval system should
present relevant documents high in the ranking, with less
relevant documents following below. While previous approaches to learning retrieval functions from examples exist,
they typically require training data generated from relevance
judgments by experts. This makes them difficult and expensive to apply. The goal of this paper is to develop a
method that utilizes clickthrough data for training, namely
the query-log of the search engine in connection with the
log of links the users clicked on in the presented ranking.
Such clickthrough data is available in abundance and can
be recorded at very low cost. Taking a Support Vector Machine (SVM) approach, this paper presents a method for
learning retrieval functions. From a theoretical perspective,
this method is shown to be well-founded in a risk minimization framework. Furthermore, it is shown to be feasible
even for large sets of queries and features. The theoretical results are verified in a controlled experiment. It shows
that the method can effectively adapt the retrieval function
of a meta-search engine to a particular group of users, outperforming Google in terms of retrieval quality after only a
couple of hundred training examples.

1.

INTRODUCTION

Which WWW page(s) does a user actually want to retrieve when he types some keywords into a search engine?
There are typically thousands of pages that contain these
words, but the user is interested in a much smaller subset.
One could simply ask the user for feedback. If we knew the
set of pages actually relevant to the user’s query, we could
use this as training data for optimizing (and even personalizing) the retrieval function.
Unfortunately, experience shows that users are only rarely
willing to give explicit feedback. However, this paper argues
that sufficient information is already hidden in the logfiles
of WWW search engines. Since major search engines re-
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ceive millions of queries per day, such data is available in
abundance. Compared to explicit feedback data, which is
typically elicited in laborious user studies, any information
that can be extracted from logfiles is virtually free and substantially more timely.
This paper presents an approach to learning retrieval functions by analyzing which links the users click on in the presented ranking. This leads to a problem of learning with
preference examples like ”for query q, document da should
be ranked higher than document db ”. More generally, I will
formulate the problem of learning a ranking function over a
finite domain in terms of empirical risk minimization. For
this formulation, I will present a Support Vector Machine
(SVM) algorithm that leads to a convex program and that
can be extended to non-linear ranking functions. Experiments show that the method can successfully learn a highly
effective retrieval function for a meta-search engine.
This paper is structured as follows. It starts with a definition of what clickthrough data is, how it can be recorded,
and how it can be used to generate training examples in
the form of preferences. Section 3 then introduces a general framework for learning retrieval functions, leading to
an SVM algorithm for learning parameterized orderings in
Section 4. Section 5 evaluates the method based on experimental results.

2.

CLICKTHROUGH DATA IN SEARCH
ENGINES

Clickthrough data in search engines can be thought of
as triplets (q, r, c) consisting of the query q, the ranking r
presented to the user, and the set c of links the user clicked
on. Figure 1 illustrates this with an example: the user asked
the query “support vector machine”, received the ranking
shown in Figure 1, and then clicked on the links ranked
1, 3, and 7. Since every query corresponds to one triplet,
the amount of data that is potentially available is virtually
unlimited.
Clearly, users do not click on links at random, but make
a (somewhat) informed choice. While clickthrough data is
typically noisy and clicks are not “perfect” relevance judgments, the clicks are likely to convey some information. The
key question is: how can this information be extracted? Before deriving a model of how clickthrough data can be analyzed, let’s first consider how it can be recorded.

2.1

Recording Clickthrough Data

Clickthrough data can be recorded with little overhead
and without compromising the functionality and usefulness
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Figure 1: Ranking presented for the query “support vector machine”. Marked in bold are the links the user
clicked on.
of the search engine. In particular, compared to explicit user
feedback, it does not add any overhead for the user. The
query q and the returned ranking r can easily be recorded
whenever the resulting ranking is displayed to the user. For
recording the clicks, a simple proxy system can keep a logfile.
For the experiments in this paper, the following system was
used.
Each query is assigned a unique ID which is stored in
the query-log along with the query words and the presented
ranking. The links on the results-page presented to the user
do not lead directly to the suggested document, but point
to a proxy server. These links encode the query-ID and the
URL of the suggested document. When the user clicks on
the link, the proxy-server records the URL and the queryID in the click-log. The proxy then uses the HTTP Location command to forward the user to the target URL. This
process can be made transparent to the user and does not
influence system performance.
This shows that clickthrough data can be recorded easily
and at little cost. Let’s now address the key question of how
it can be analyzed in a principled and efficient way.

2.2

What Kind of Information does Clickthrough Data Convey?

There are strong dependencies between the three parts of
(q, r, c). The presented ranking r depends on the query q
as determined by the retrieval function implemented in the
search engine. Furthermore, the set c of clicked-on links
depends on both the query q and the presented ranking r.
First, a user is more likely to click on a link, if it is relevant
to q [16]. While this dependency is desirable and interesting
for analysis, the dependency of the clicks on the presented
ranking r muddies the water. In particular, a user is less
likely to click on a link low in the ranking, independent
of how relevant it is. In the extreme, the probability that
the user clicks on a link at rank 10.000 is virtually zero
even if it is the document most relevant to the query. No
user will scroll down the ranking far enough to observe this
link. Therefore, in order to get interpretable and meaningful

avg. clickrank

retrieval function
bxx
tfc
hand-tuned
6.26±1.14 6.18±1.33 6.04± 0.92

Table 1: Average clickrank for three retrieval functions (“bxx”, “tfc” [23] , and a “hand-tuned” strategy that uses different weights according to HTML
tags) implemented in LASER. Rows correspond to
the retrieval method used by LASER at query time;
columns hold values from subsequent evaluation
with other methods. Figures reported are means
and two standard errors. The data for this table is
taken from [5] .
results from clickthrough data, it is necessary to consider
and model the dependencies of c on q and r appropriately.
Before defining such a model, let’s first consider an interpretation of clickthrough data that is not appropriate. A
click on a particular link cannot be seen as an absolute relevance judgment. Consider the empirical data in Table 1.
The data is taken from [5] and was recorded for the search
engine LASER covering the WWW of the CMU School of
Computer Science. The table shows the average rank of
the clicks per query (e.g. 3.67 in the example in Figure 1).
Each table cell contains the average clickrank for three retrieval strategies averaged over ≈ 1400 queries. The average
clickrank is almost equal for all methods. However, according to subjective judgments, the three retrieval functions
are substantially different in their ranking quality. The lack
of difference in the observed average clickrank can be explained as follows. Since users typically scan only the first
l (e.g. l ≈ 10 [24]) links of the ranking, clicking on a link
cannot be interpreted as a relevance judgment on an absolute scale. Maybe a document ranked much lower in the
list was much more relevant, but the user never saw it. It
appears that users click on the (relatively) most promising
links in the top l, independent of their absolute relevance.
How can these relative preference judgments be captured

and analyzed?
Consider again the example from Figure 1. While it is
not possible to infer that the links 1, 3, and 7 are relevant
on an absolute scale, it is much more plausible to infer that
link 3 is more relevant than link 2 with probability higher
than random. Assuming that the user scanned the ranking
from top to bottom, he must have observed link 2 before clicking on 3, making a decision to not click on it. Given that
the abstracts presented with the links are sufficiently informative, this gives some indication of the user’s preferences.
Similarly, it is possible to infer that link 7 is more relevant
than links 2, 4, 5, and 6. This means that clickthrough data
does not convey absolute relevance judgments, but partial
relative relevance judgments for the links the user browsed
through. A search engine ranking the returned links according to their relevance to q should have ranked links 3 ahead
of 2, and link 7 ahead of 2, 4, 5, and 6. Denoting the ranking
preferred by the user with r∗ , we get partial (and potentially
noisy) information of the form
link3 <r∗ link2

link7 <r∗
link7 <r∗
link7 <r∗
link7 <r∗

link2
link4

(1)

link5
link6

This strategy for extracting preference feedback is summarized in the following algorithm.
Algorithm 1. (Extracting Preference Feedback
from Clickthrough)
For a ranking (link1 , link2 , link3 , ...) and a set C containing the ranks of the clicked-on links, extract a preference
example
linki <r∗ linkj
for all pairs 1 ≤ j < i, with i ∈ C and j 6∈ C.
Unfortunatly, this type of feedback is not suitable for standard machine learning algorithms. The following derives a
new learning algorithm, so that this “weak” type of relative
feedback can be used as training data.

3.

A FRAMEWORK FOR LEARNING OF
RETRIEVAL FUNCTIONS

The problem of information retrieval can be formalized
as follows. For a query q and a document collection D =
{d1 , ..., dm }, the optimal retrieval system should return a
ranking r∗ that orders the documents in D according to their
relevance to the query. While the query is often represented
as merely a set of keywords, more abstractly it can also
incorporate information about the user and the state of the
information search.
Typically, retrieval systems do not achieve an optimal ordering r∗ . Instead, an operational retrieval function f is
evaluated by how closely its ordering rf(q) approximates the
optimum. Formally, both r∗ and rf(q) are binary relations
over D × D that fulfill the properties of a weak ordering,
i.e. r∗ ⊂ D × D and rf(q) ⊂ D × D being asymmetric, and
negatively transitive. If a document di is ranked higher than
dj for an ordering r, i.e. di <r dj , then (di , dj ) ∈ r, otherwise (di , dj ) 6∈ r. If not stated otherwise, let’s assume for
simplicity that r∗ and rf(q) are both strict orderings. This

means that for all pairs (d1 , d2 ) ∈ D × D either di <r dj or
dj <r di . However, it is straightforward to generalize most
of the following result to r∗ being a weak ordering.
What is an appropriate measure of similarity between the
system ranking rf(q) and the target ranking r∗ ? For a binary relevance scale, Average Precision [1] is most frequently
used in information retrieval. However, most information retrieval researchers agree that binary relevance is very coarse
and that it is merely used as as simplifying assumption.
Since the method presented in the following does not require such a simplification, we will depart from a binary
relevance scheme and adapt Kendall’s τ [19][21] as a performance measure. For comparing the ordinal correlation
of two random variables, Kendall’s τ is the most frequently
used measure in statistics. For two finite strict orderings
ra ⊂ D × D and rb ⊂ D × D, Kendall’s τ can be defined
based on the number P of concordant pairs and the number
Q of discordant pairs (inversions). A pair di 6= dj is concordant, if both ra and rb agree in how they order di and dj . It
is discordant if they disagree. Note, that on a finite
 domain
m
D of m documents, the sum of P and Q is
for strict
2
orderings. In this case, Kendall’s τ can be defined as:
τ (ra , rb ) =

2Q
P −Q
=1−  
P +Q
m
2

(2)

As an example, consider the two rankings ra and rb as follows:
d1 <ra d2 <ra d3 <ra d4 <ra d5

(3)

d3 <rb d2 <rb d1 <rb d4 <rb d5

(4)

The number of discordant pairs is 3 (ie. {d2 , d3 }, {d1 , d2 },
{d1 , d3 }), while all remaining 7 pairs are concordant. Therefore, τ (ra , rb ) = 0.4.
Why is this similarity measure appropriate for information retrieval? Equation (2) depends only on Q for a fixed
collection. Taken as a distance measure, Q fulfills the axioms
of Kemeny and Snell [18] for strict orderings. Furthermore,
it is proportional to the measure of Yao [26] proposed for
evaluating information retrieval systems. If applied to a binary relevance scale, it is easy to see that maximizing (2)
is equivalent to minimizing the average rank of the relevant
documents. And finally, τ (rf(q) , r∗ ) is related to Average
Precision [1]. In particular, the number of inversions Q gives
a lower bound on the Average Precision as follows.
!2


−1 X
R
√
1
R+1
AvgP rec(rf(q) ) ≥
Q+
i
(5)
2
R
i=1
R is the number of relevant documents. The proof is given
in the appendix. These arguments show how τ (rf(q) , r∗ )
relates to retrieval quality. They demonstrate that maximizing τ (rf(q) , r∗ ) is connected to improved retrieval quality
in multiple frameworks.
We are now in a position to define the problem of learning a ranking function. For a fixed but unknown distribution
Pr(q, r∗ ) of queries and target rankings on a document collection D with m documents, the goal is to learn a retrieval
function f(q) for which the expected Kendall’s τ
Z
τP (f) = τ (rf(q) , r∗ )d Pr(q, r∗ )
(6)

is maximal. Note that (6) is (proportional to) a risk functional [25] with −τ as the loss function. While the goal of
learning is now defined, the question remains whether it is
possible to design learning methods that optimize (6)?

4.

(q1 , r∗1 ), (q2 , r∗2 ), ..., (qn , r∗n ).

(7)

the learner L will select a ranking function f from a family
of ranking functions F that maximizes the empirical τ
τS (f) =

n
1X
τ (rf(q ) , r∗i ).
i
n i=1

(8)

δ1
4

Figure 2: Example of how two weight vectors w
~ 1 and
w
~ 2 rank four points.
the following inequalities is fulfilled.
∀(di , dj ) ∈ r∗1 : wΦ(q
~
~
1 , di ) > wΦ(q
1 , dj )

(10)

...
∀(di , dj ) ∈ r∗n : wΦ(q
~
~
n , di ) > wΦ(q
n , dj )

(11)

Unfortunately, a direct generalization of the result in [13]
shows that this problem is NP-hard. However, just like in
classification SVMs [7], it is possible to approximate the
solution by introducing (non-negative)
slack variables ξi,j,k
P
and minimizing the upper bound
ξi,j,k . Adding SVM regularization for margin maximization to the objective leads
to the following optimization problem, which is similar to
the ordinal regression approach in [12].
Optimization Problem 1. (Ranking SVM)
X
~ = 1w
~ ·w
~ +C
ξi,j,k
(12)
minimize:
V (w,
~ ξ)
2
subject to:
∀(di , dj ) ∈ r∗1 : wΦ(q
~
~
1 , di ) ≥ wΦ(q
1 , dj ) + 1 − ξi,j,1

The Ranking SVM Algorithm

Is it possible to design an algorithm and a family of ranking functions F so that (a) finding the function f ∈ F maximizing (8) is efficient, and (b) that this function generalizes
well beyond the training data. Consider the class of linear
ranking functions
(di , dj ) ∈ fw~ (q) ⇐⇒ wΦ(q,
~
di ) > wΦ(q,
~
dj ).

δ2

1

on the training sample. Note that this setup is analogous to
e.g. classification by minimizing training error, just that the
target is not a class label, but a binary ordering relation.

4.1

3

w1

AN SVM ALGORITHM FOR LEARNING
OF RANKING FUNCTIONS

Most work on machine learning in information retrieval
does not consider the formulation of above, but simplifies
the task to a binary classification problem with the two
classes “relevant” and “non-relevant”. Such a simplification
has several drawbacks. For example, due to a strong majority of “non-relevant” documents, a learner will typically
achieve the maximum predictive classification accuracy, if it
always responds “non-relevant”, independent of where the
relevant documents are ranked. But even more importantly,
Section 2.2 showed that such absolute relevance judgments
cannot be extracted from clickthrough data, so that they
are simply not available. Therefore, the following algorithm
directly addresses (6), taking an empirical risk minimization approach [25]. Given an independently and identically
distributed training sample S of size n containing queries q
with their target rankings r∗

w2

2

...

(13)

∀(di , dj ) ∈ r∗n : wΦ(q
~
~
n , di ) ≥ wΦ(q
n , dj ) + 1 − ξi,j,n
∀i∀j∀k : ξi,j,k ≥ 0
(14)

(9)

w
~ is a weight vector that is adjusted by learning. Φ(q, d) is
a mapping onto features that describe the match between
query q and document d like in the description-oriented retrieval approach of Fuhr et al. [10][11]. Such features are,
for example, the number of words that query and document
share, the number of words they share inside certain HTML
tags (e.g. TITLE, H1, H2, ...), or the page-rank of d [22]
(see also Section 5.2). Figure 2 illustrates how the weight
vector w
~ determines the ordering of four points in a twodimensional example. For any weight vector w,
~ the points
are ordered by their projection onto w
~ (or, equivalently, by
their signed distance to a hyperplane with normal vector w).
~
This means that for w
~ 1 the points are ordered (1, 2, 3, 4),
while w
~ 2 implies the ordering (2, 3, 1, 4).
Instead of maximizing (8) directly, it is equivalent to minimize the number Q of discordant pairs in Equation (2). For
the class of linear ranking functions (9), this is equivalent to
finding the weight vector so that the maximum number of

C is a parameter that allows trading-off margin size against
training error. Geometrically, the margin δ is the distance
between the closest two projections within all target rankings. This is illustrated in Figure 2.
Optimization Problem 1 is convex and has no local optima. By rearranging the constraints (13) as
w
~ (Φ(qk , di ) − Φ(qk , dj )) ≥ 1 − ξi,j,k ,

(15)

it becomes apparent that the optimization problem is equivalent to that of a classification SVM on pairwise difference
vectors Φ(qk , di ) − Φ(qk , dj ). Due to this similarity, it can
be solved using decomposition algorithms similar to those
used for SVM classification. In the following, an adaptation
of the SV M light algorithm [14] is used for training1 .
It can be shown that the learned retrieval function fw~ ∗ can
always be represented as a linear combination of the feature
1
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vectors.
(di , dj ) ∈ fw~ ∗ (q)

(16)

∗

∗

⇐⇒ w
~ Φ(q, di ) > w
~ Φ(q, dj )
(17)
X ∗
X ∗
⇐⇒
αk,l Φ(qk, dl)Φ(q, di) >
αk,l Φ(qk, dl)Φ(q, dj) (18)
This makes it possible to use Kernels [4][25] and extend the
Ranking SVM algorithm to non-linear retrieval functions.
∗
The αk,l
can be derived from the values of the dual variables
at the solution.
Most commonly, fw~ ∗ will be used for ranking the set of
documents according to a new query q. In this case it is
sufficient to sort the documents by their value of
X ∗
rsv(q, di ) = w
~ ∗ Φ(q, di ) =
αk,l Φ(qk , dl )Φ(q, dj ). (19)
If Kernels are not used, this property makes the application of the learned retrieval function very efficient. Fast
algorithms exists for computing rankings based on linear
functions by means of inverted indices (see e.g. [1]).

4.2

Using Partial Feedback

If clickthrough logs are the source of training data, the full
target ranking r∗ for a query q is not observable. However,
as shown in Section 2.2, a subset r0 ⊆ r∗ can be inferred
from the logfile. It is straightforward to adapt the Ranking
SVM to the case of such partial data by replacing r∗ with
the observed preferences r0 . Given a training set S
(q1 , r01 ), (q2 , r02 ), ..., (qn , r0n )

(20)

with partial information about the target ranking, this results in the following algorithm.
Optimization Problem 2. (Ranking SVM
tial))
X
~ = 1w
~ ·w
~ +C
ξi,j,k
minimize:
V (w,
~ ξ)
2
subject to:

(par(21)

∀(di , dj ) ∈ r01 : wΦ(q
~
~
1 , di ) > wΦ(q
1 , dj ) + 1 − ξi,j,1
∀(di , dj ) ∈

r0n

...
(22)
: wΦ(q
~
~
n , di ) > wΦ(q
n , dj ) + 1 − ξi,j,n

∀i∀j∀k : ξi,j,k ≥ 0

(23)

The resulting retrieval function is defined analogously. Using this algorithm results in finding a ranking function that
has a low number of discordant pairs with respect to the
observed parts of the target ranking.

5. EXPERIMENTS
The following experiments verify whether the inferences
drawn from the clickthrough data are justified, and whether
the Ranking SVM can successfully use such partial preference data. First, the experiment setup in the framework
of a meta-search engine is described. It follow the results
of an offline experiment and an online experiment. The offline experiment is designed to verify that the Ranking SVM
can indeed learn a retrieval function maximizing Kendall’s τ
on partial preference feedback. The online experiment goes
further and verifies that the learned retrieval function does
improve retrieval quality as desired.

Experiment Setup: Meta-Search

To elicit data and provide a framework for testing the algorithm, I implemented a WWW meta-search engine called
“Striver”. Meta-search engines combine the results of several basic search engines without having a database of their
own. Such a setup has several advantages. First, it is easy
to implement while covering a large document collection —
namely the whole WWW. Second, the basic search engines
provide a basis for comparison.
The “Striver” meta-search engine works as follows. The
user types a query into Striver’s interface. This query is forwarded to “Google”, “MSNSearch”, “Excite”, “Altavista”,
and “Hotbot”. The results pages returned by these basic
search engines are analyzed and the top 100 suggested links
are extracted. After canonicalizing URLs, the union of these
links composes the candidate set V . Striver ranks the links
in V according to its learned retrieval function fw~ ∗ and
presents the top 50 links to the user. For each link, the
system displays the title of the page along with its URL.
The clicks of the user are recorded using the proxy system
described in Section 2.1.
To be able to compare the quality of different retrieval
functions, the method described in [16] is used. The key
idea is to present two rankings at the same time. This particular form of presentation leads to a blind statistical test
so that the clicks of the user demonstrate unbiased preferences. In particular, to compared two rankings A and B,
they are combined into a single ranking C so that the following condition holds for any top l links of the combined
ranking. The top l links of the combined ranking C contain
the top ka links from A and the top kb links from B, with
|ka − kb | ≤ 1. In other words, if the user scans the links of C
from top to bottom, at any point he has seen almost equally
many links from the top of A as from the top of B. It is
shown in [16] that such a combined ranking always exists
and that it can be constructed efficiently.
An example is given in Figure 3. The results of two retrieval functions are combined into one ranking that is presented to the user. Note that the abstracts and all other
aspects of the presentation are unified, so that the user cannot tell which retrieval strategy proposed a particular page.
In the example, the user clicks on links 1, 3, and 7. What
inference can one draw from these clicks?
In the example, the user must have seen the top 4 links
from both individual rankings, since he clicked on link 7 in
the combined ranking. He decided to click on 3 links in the
top 4 in ranking A (namely 1, 2, and 4), but only on 1 link
in ranking B (namely 1). It is reasonable to conclude, that
(with probability larger than random) the top 4 links from
A were judged to be better than those from B for this query.
It is straightforward to design hypothesis tests regarding the user preferences based on such a combined ranking.
Roughly speaking, if a user does not have any preference
regarding A or B, he will click equally often on links in the
top k of each ranking. If for a sample of pairs (A1 , B1 ), ...
, (As , Bs ) the user clicks on significantly more links from A
than from B, then A must contain more relevant links than
B in the following sense. Formalizing the assumption that
• users click by some  > 0 more often on a more relevant
link than on a less relevant link
• and that the decision of the user to click on a link is
not influenced by other factors (i.e. links from both A
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Figure 3: Example for query “support vector machine”. The two upper boxes show the rankings returned
by retrieval functions A and B. The lower box contains the combined ranking presented to the user. The
links the user clicked on are marked in bold.
and B are presented in the same way)
it is proven and empirically verified in [16] that the conclusions drawn from this method lead to the same result as
an evaluation with explicit manual relevance judgments for
large s.

5.2

Offline Experiment

This experiment verifies that the Ranking SVM can indeed learn regularities using partial feedback from clickthrough data. To generate a first training set, I used the
Striver search engine for all of my own queries during October, 2001. Striver displayed the results of Google and
MSNSearch using the combination method from the previous section. All clickthrough triplets were recorded. This
resulted in 112 queries with a non-empty set of clicks. This
data provides the basis for the following offline experiment.
To learn a retrieval function using the Ranking SVM, it
is necessary to design a suitable feature mapping Φ(q, d)
describing the match between a query q and a document d.
The following features are used in the experiment. However,
this set of features is likely to be far from optimal. While
the attributes reflect some of my intuition about what could
be important for learning a good ranking, I included only
those features that were easy to implement. Furthermore,
I did not do any feature selection or similar tuning, so that
an appropriate design of features promises much room for
improvement. The implemented features are the following:
1. Rank in other search engines (38 features total):
rank X: 100 minus rank in X ∈ {Google, MSN-Search,

Altavista, Hotbot, Excite} divided by 100 (minimum 0)
top1 X: ranked #1 in X ∈ {Google, MSNSearch, Altavista, Hotbot, Excite} (binary {0, 1})
top10 X: ranked in top 10 in X ∈ {Google, MSNSearch, Altavista, Hotbot, Excite} (binary {0, 1})
top50 X: ranked in top 50 in X ∈ {Google, MSNSearch, Altavista, Hotbot, Excite} (binary {0, 1})
top1count X: ranked #1 in X of the 5 search engines
top10count X: ranked in top 10 in X of the 5 search
engines
top50count X: ranked in top 50 in X of the 5 search
engines
2. Query/Content Match (3 features total):
query url cosine: cosine between URL-words and
query (range [0, 1])
query abstract cosine: cosine between title-words
and query (range [0, 1])
domain name in query: query contains domainname from URL (binary {0, 1})
3. Popularity-Attributes (∼ 20.000 features total):
url length: length of URL in characters divided by
30
country X: country code X of URL (binary attribute
{0, 1} for each country code)

Comparison
Learned vs. Google
Learned vs. MSNSearch
Learned vs. Toprank

more clicks on learned
29
18
21

less clicks on learned
13
4
9

tie (with clicks)
27
7
11

no clicks
19
11
11

total
88
40
52

Table 2: Pairwise comparison of the learned retrieval function with Google, MSNSearch, and the non-learning
meta-search ranking. The counts indicate for how many queries a user clicked on more links from the top of
the ranking returned by the respective retrieval function.

25

ences. The test error decreases to around 10%. The graph
also shows the number of constraints violated by the rankings produced by Google and MSNSearch. Their error rates
are substantially larger than for the learned retrieval function.
These results provide a first proof of concept and justify
a larger-scale experiment with multiple users. In particular,
while the offline experiment verifies that the Ranking SVM
can learn to predict the preference constraints, it is not clear
whether the learned retrieval function does improve the retrieval quality objectively. This question is addressed by the
following experiment.

MSNSearch
Google
Learning

Prediction Error (%)
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0
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Number of Training Queries
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Figure 4: Generalization error of the Ranking SVM
depending on the size of the training set. The error
bars show one standard error.
domain X: domain X of URL (binary attribute {0, 1}
for each domain name)
abstract contains home: word “home” appears in
URL or title (binary attribute {0, 1})
url contains tilde: URL contains “∼” (binary attribute {0, 1})
url X: URL X as an atom (binary attribute {0, 1})
From the 112 queries, pairwise preferences were extracted
according to Algorithm 1 described in Section 2.2. In addition, 50 constraints were added for each clicked-on document indicating that it should be ranked higher than a random other document in the candidate set V . While the latter constraints are not based on user feedback, they should
hold for the optimal ranking in most cases. These additional constraints help stabilize the learning result and keep
the learned ranking function somewhat close to the original
rankings.
Figure 4 shows the predictive performance of the Ranking
SVM. To produce the graph, the full data set is split randomly into a training and a test set. The x-axis shows the
number of training queries. The y-axis shows the percentage of pairwise preference constraints that are not fulfilled in
the test set. Each point is an average over 10 (5-20 training
queries) / 20 (40-80 training queries) different test/training
splits. When training the Ranking SVM, no kernel was used
and C, the trade-off between training error and margin, was
selected from C ∈ {0.001, 0.003, 0.005, 0.01} by minimizing
leave-one-out error on the training set. The graph shows
that the Ranking SVM can learn regularities in the prefer-

Interactive Online Experiment

To show that the learned retrieval function improves retrieval, the following online experiment was conducted. Starting on October 31st , 2001, the Striver search engine was
made available to a group of approximately 20 users. The
group consisted of researcher and students of the AI unit
at the University of Dortmund headed by Prof. K. Morik.
They were asked to use Striver just like they would use any
other WWW search engine. By November 20th , the system
had collected 260 training queries (with at least one click).
On these queries, the Ranking SVM was trained using the
same Φ(q, d) and the same general setup as described above.
The learned function was then implemented in Striver and
used for ranking the candidate set V . During the evaluation period lasting until December 2nd , the learned retrieval
function is compared against:
• Google
• MSNSearch
• Toprank: A baseline meta-search engine that ranks
links retrieved at rank 1 by either Google, MSNSearch,
Altavista, Excite, or Hotbot, before links ranked 2,
before those ranked 3 etc.
The different strategies are compared using the method described in Section 5.1. The learned retrieval strategy is presented in combination with one of the three baseline rankings selected at random. Table 2 shows for how many queries
users click on more/less links from the top of the learned retrieval function. The first line of the table compares the
learned retrieval function with Google. On 29 queries, the
users click on more links from the learned function, on 13
queries they click on more links from Google, and on 27+19
queries they click on an equal number (or none). Using a
two-tailed binomial sign test, the difference is significant at
a 95%-level, leading to the conclusion that the learned retrieval function is better than that of Google for this group
of users. The same applies to the other two comparisons.

weight
0.60
0.48
0.24
0.24
0.24
0.22
0.21
0.19
0.17
0.17
...
0.16
0.16
...
0.14
...
-0.13
-0.15
-0.16
-0.17
-0.32
-0.38

feature
query abstract cosine
top10 google
query url cosine
top1count 1
top10 msnsearch
host citeseer
domain nec
top10count 3
top1 google
country de
abstract contains home
top1 hotbot
domain name in query
domain tu-bs
country fi
top50count 4
url length
top10count 0
top1count 0

Table 3: Features with largest and smallest weights
as learned from the training data in the online experiment.

5.4

Analysis of the Learned Function

The previous result shows that the learned function improves retrieval. But what does the learned function look
like? Is it reasonable and intuitive? Since the Ranking SVM
learns a linear function, one can analyze the function by
studying the learned weights. Table 3 displays the weights
of some features, in particular, those with the highest absolute weights. Roughly speaking, a high positive (negative)
weight indicates that documents with these features should
be higher (lower) in the ranking.
The weights in Table 3 are reasonable for this group of
users. Since many queries were for scientific material, it appears natural that URLs from the domain “citeseer” (and
the alias “nec”) received positive weight. The most influential weights are for the cosine match between query and
abstract, whether the URL is in the top 10 from Google,
and for the cosine match between query and the words in
the URL. A document receives large negative weights, if it is
not ranked top 1 by any search engine, if it not in the top 10
of any search engine (note that the second implies the first),
and if the URL is long. All these weights are reasonable and
make sense intuitively.

6.

DISCUSSION AND RELATED WORK

The experimental results show that the Ranking SVM can
successfully learn an improved retrieval function from clickthrough data. Without any explicit feedback or manual parameter tuning, it has automatically adapted to the particular preferences of a group of ≈ 20 users. This improvement
is not only a verification that the Ranking SVM can learn
using partial ranking feedback, but also an argument for personalizing retrieval functions. Unlike conventional search
engines that have to “fit” their retrieval function to large
and therefore heterogeneous groups of users due to the cost

of manual tuning, machine learning techniques can improve
retrieval substantially by tailoring the retrieval function to
small and homogenous groups (or even individuals) without
prohibitive costs.
While previous work on learning retrieval functions exists
(e.g. [10]), most methods require explicit relevance judgments. Most closely related is the approach of Bartell et
al. [2]. They present a mixture-of-experts algorithms for
linearly combining ranking experts by maximizing a different rank correlation criterion. However, in their setup they
rely on explicit relevance judgments. A similar algorithm for
combining rankings was proposed by Cohen at al. [6]. They
show empirically and theoretically that their algorithm finds
a combination that performs close to the best of the basic
experts. The boosting algorithm of Freund et al. [9] is an approach to combining many weak ranking rules into a strong
ranking functions. While they also (approximately) minimize the number of inversions, they do not explicitly consider a distribution over queries and target rankings. However, their algorithm can probably be adapted to the setting
considered in this paper. Algorithmically most closely related is the SVM approach to ordinal regression by Herbrich
et al. [12]. But, again, they consider a different sampling
model. In ordinal regression all objects interact and they are
ranked on the same scale. For the ranking problem in information retrieval, rankings need to be consistent only within
a query, but not between queries. This makes the ranking
problem less constrained. For example, in the ranking problem two documents di and dj can end up at very different
ranks for two different queries qk and ql even if they have
exactly the same feature vector (i.e. Φ(qk , di ) = Φ(ql , dj )).
An elegant perceptron-like algorithm for ordinal regression
was recently proposed by Crammer and Singer [8]. An interesting question is whether such an online algorithm can
also be used to solve the optimization problem connected to
the Ranking SVM.
Some attempts have been made to use implicit feedback
by observing clicking behavior in retrieval systems [5] and
browsing assistants [17][20]. However, the semantics of the
learning process and its results are unclear as demonstrated
in Section 2.2. The commercial search engine “Direct Hit”
makes use of clickthrough data. The precise mechanism,
however, is unpublished. While for a different problem, an
interesting use of clickthrough data was proposed in [3].
They use clickthrough data for identifying related queries
and URLs.
What are the computational demands of training the Ranking SVM on clickthrough data? Since SV M light [15] solves
the dual optimization problem, it depends only on inner
products between feature vectors Φ(q, d). If these feature
vectors are sparse as above, SV M light can handle millions
of features efficiently. Most influential on the training time
is the number of constraints in Optimization Problem 2.
However, when using clickthrough data, the number of constraints scales only linearly with the number of queries, if
the number of clicks per query is upper bounded. In other
applications, SV M light has already showed that it can solve
problems with several millions of constraints using a regular
desktop computer. However, scaling to the order of magnitude found in major search engines is an interesting open
problem.

7.

CONCLUSIONS AND FUTURE WORK

This paper presented an approach to mining logfiles of
WWW search engines with the goal of improving their retrieval performance automatically. The key insight is that
such clickthrough data can provide training data in the form
of relative preferences. Based on a new formulation of the
learning problem in information retrieval, this paper derives an algorithm for learning a ranking function. Taking a
Support Vector approach, the resulting training problem is
tractable even for large numbers of queries and large numbers of features. Experimental results show that the algorithm performs well in practice, successfully adapting the
retrieval function of a meta-search engine to the preferences
of a group of users.
This paper opens a series of question regarding the use
machine learning in search engines. What is a good size
of a user group and how can such groups be determined?
Clearly, there is a trade-off between the amount of training data (ie. large group) and maximum homogeneity (ie.
single user). Is it possible to use clustering algorithms to
find homogenous groups of users? Furthermore, can clickthrough data also be used to adapt a search engine not to
a group of users, but to the properties of a particular document collection? In particular, the factory-settings of any
off-the-shelf retrieval system are necessarily suboptimal for
any particular collection. Shipping off-the-shelf search engines with learning capabilities would enable them to optimize (and maintain) their performance automatically after
being installed in a company intranet.
However, the algorithm is not limited to meta-search engines on the WWW. There are many situations where the
goal of learning is a ranking based on some parameter (e.g.
query). In particular, most recommender problems can be
cast in this way. Particularly interesting in the recommender
setting is the fact that the Ranking SVM can be trained
with partial preference data. For example, consider a recommender system that aims to learn my TV watching preferences. By observing my “channel surfing” behavior, the
system can infer which shows I prefer over other programs
at a particular time. But again, this is a relative preference,
not a preference on an absolute scale.
Open questions regarding the algorithm itself concern its
theoretical characterization and its efficient implementation.
Is it possible to prove generalization bounds based on the
margin? Or, even more interesting from a practical point
of view, is it possible to analyze the process of multiple
learning/feedback steps in the sense of an incremental online algorithm? As elaborated before, there is a dependence
between the links presented to the user, and those for which
the system receives feedback. It would be interesting to explore active learning ideas to optimize this feedback. In this
framework it might also be possible to explore mechanisms
that make the algorithm robust against “spamming”. It
is currently not clear in how far a single user could maliciously influence the ranking function by repeatedly clicking
on particular links. Regarding algorithms for solving the
optimization problem, it seems likely that they can be further sped up, since the constraints have a special form. In
particular, online algorithms would be most appropriate in
many application settings.
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APPENDIX

(25)

It is now possible to write the lower bound as the following integer optimization problem. It computes the worst
possible Average Precision for a fixed value of Q.
minimize:
subject. to:

R
1 X i
(26)
R i=1 pi


R+1
(27)
p1 + ... + pR = Q +
2

P (p1 , ..., pR ) =

1 ≤ p1 < ... < pR

(28)

p1 , ..., pR integer

(29)

Relaxing the problem by removing the last two sets of constraints can only decrease the minimum, so that the solution
without the constraints is still a lower bound. The remaining problem is convex and can be solved using Lagrange
multipliers. The Lagrangian is
" R

#
R
X
1 X i
R+1
L(p1 , ..., pR , β) =
+β
pi−Q −
. (30)
2
R
pi
i=1

i=1

At the minimum of the optimization problem, the Lagrangian
is known to have partial derivatives equal to zero. Starting
with the partial derivatives for the pi
δ L(p1 , ..., pR , β)
.
= −i R−1 p−2
+ β = 0,
i
δ pi

(31)

solving for pi , and substituting back into the Lagrangian
leads to



R
1
1 X 1
R+1
L(p1 , ..., pR , β) = 2 R− 2 β 2
i 2 − β Q−
. (32)
2
i=1

Now taking the derivative with respect to β



R
X
1
δL(p1 , ..., pR , β)
R+1 .
−1
−1
2
2
2
=R β
i − Q−
= 0, (33)
2
δβ
i=1

Theorem 1. Let rrel be the ranking placing all relevant
documents ahead of all non-relevant documents and let rsys
be the learned ranking. If Q is the number of discordant
pairs between rrel and rsys , then the average precison is at
least
!2


−1 X
R
√
1
R+1
Q+
i
AvgP rec(rsys , rrel ) ≥
2
R
i=1

if there are R relevant documents.

Proof. If p1 , ..., pR are the ranks of the relevant documents in rsys sorted in increasing order, then Average Precision can be computed as
AvgP rec(rsys , rrel ) =

number of discordant Q as follows.


R+1
p1 + ... + pR = Q +
2

R
1 X i
R i=1 pi

(24)

What is the minimum value of AvgP rec(rsys , rrel ), given
that the number of discordant pairs is fixed. It is easy to
see that the sum of the ranks p1 + ... + pR is related to the

solving for β, and again substituting into the Lagrangian
leads to the desired solution.

