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1
PREDICTING AND RANKING SEARCH
QUERY RESULTS

FIELD OF THE INVENTION

The present invention relates to search engines, and more
particularly, to image, video, and multimedia search engines.

BACKGROUND

A search engine is software that searches a variety of
objects in order to find objects that match a particular search
query. Examples of the objects include, but are not limited to,
web pages, images, video, and other information.

As search engines become more integrated with other
applications, the reliability and relevance of the information
returned by the search engine gains importance. For example,
Yahoo! Local allows a user to search directory listings for
local information about goods, services, and entertainment in
the user’s local area or another area designated by the user.
The results of such a search include a map with the locations
of'the results, as well as ratings about a particular business and
other relevant information.

Search engines use many methods of determining the rel-
evance, to a search query, of the objects being searched. One
method of determining relevance is to create an index of the
text associated with an object. For example, a web page
typically consists of a document that contains text and refer-
ences to other objects such as images and multimedia files.
These references cause the images and multimedia files to be
displayed as part ofa single web page. A “spider,” which finds
and indexes web pages and objects, may create a copy of the
text portion of the web page. In such a system, a search query
received by the search engine may contain words that exist in
the indexed web page. The user is then provided a means to
navigate to the particular web page, as well as other relevant
web pages.

Although some multimedia files are capable of being
searched for text within the files, reliability of search results is
often based on the text in proximity to an object. For example,
an image within a web page may be surrounded by text when
displayed to a user. This text often describes the image, so an
indexing program such as a spider may index the image in a
database, along with text that is considered to meet a thresh-
old of association with the image in the web page.

While a minimum level of relevance is determined by
matching words, other indicators often assist in creating a
ranking score used to sort objects that match a search query.
One such indicator may be the historical number of times
users have chosen a particular object when the object was
displayed in response to a particular search query. Other
factors may be the frequency of particular key words in a
document, the location of key words in a document, and the
number of outside references (such as links) to the document.
In some cases, the location of key words within the text of an
outside link to the document may influence the weight given
to a particular document for a particular query. As the ranking
score for a particular object changes, the order in which the
object is returned in response to a search query changes.

The approaches described in this section are approaches
that could be pursued, but not necessarily approaches that
have been previously conceived or pursued. Therefore, unless
otherwise indicated, it should not be assumed that any of the
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approaches described in this section qualify as prior art
merely by virtue of their inclusion in this section.

BRIEF DESCRIPTION OF THE DRAWINGS

The present invention is illustrated by way of example, and
not by way of limitation, in the figures of the accompanying
drawings and in which like reference numerals refer to similar
elements and in which:

FIG. 1 is a block diagram illustrating an example of a
system on which an embodiment of the invention may be
implemented.

FIG. 2 is a flow diagram that illustrates an example of a
technique for ranking objects based on a predictor.

FIG. 3 is a flow diagram that illustrates an example of a
technique for ranking objects based on the overall selections
expected.

FIG. 4 is a flow diagram that illustrates an example of a
technique for ranking objects based on the expected number
of selections for each position in a list.

FIG. 5 is a block diagram of a computer system on which
embodiments of the invention may be implemented.

DETAILED DESCRIPTION

In the following description, for the purposes of explana-
tion, numerous specific details are set forth in order to provide
a thorough understanding of the present invention. It will be
apparent, however, that the present invention may be prac-
ticed without these specific details. In other instances, well-
known structures and devices are shown in block diagram
form in order to avoid unnecessarily obscuring the present
invention.

Overview

Typically, when searching for information or objects that
match a search query, users expect objects that are most
relevant to the search query to be displayed at the beginning of
a list that is returned in response to the search query (“results
list”). The objects may be images, but this is not required. In
some cases, a popularity ranking of objects determines the
most relevant results. For example, if a majority of users that
search for images matching the search query “fish” select a
particular image from the web page received in response to
the search query, then that particular image will receive a
ranking based on its popularity with users searching for
“fish.” In order to convert popularity into a metric for deter-
mining the most relevant results, the influence of the position
at which an object was listed is taken into consideration, in
accordance with an embodiment of the present invention.
Since objects listed at higher positions on the results list may
be expected to receive more selections (such as “clicks”), the
popularity may be normalized by comparing some measure
of the actual number of selections received for a particular
object at a particular position to the expected number of
selections for an arbitrary object at the particular position.

When the number of actual selections an object receives at
a particular position on the results list exceeds the number of
selections an object is expected to receive if placed at the
particular position, it is said to “overperform” the particular
position. Likewise, an object that receives less than the
expected number of selections at a particular position is said
to “underperform” the particular position.

Techniques are described herein for providing search
results that are ranked based on a predictor that predicts, for
each of a number of objects, likelihoods that each particular
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object will be selected at different positions on a results list.
Predicting the likelihood that an object, such as an image or
video, will be selected (by “clicking” on the object, for
example) assists in ranking the object. The likelihood of
selection of an object provides an indication of the user’s
opinion of the quality of the object with respect to a particular
query.

In one embodiment, the predictor is based at least in part on
selections such as those found in a historical log. The perfor-
mance of a particular object in the past gives an indication of
the probable performance of the object in the future. For
example, the log may contain data that indicates how many
times each object was selected by users when a results list for
a particular search query was provided to the users. More
particularly, for each object, the data may indicate the number
of times that the particular object was selected when the
object was ranked at one or more particular positions on the
results list. This information is particularly indicative of
object relevance to a particular query in cases where the
objects returned are graphical in nature, such as image and
video objects. This is because an opinion of relevance to the
query is determined by the user before selecting the object.

Based at least in part on the data in a historical log, a
prediction is made as to how many times the particular object
would be selected if the particular object had been ranked in
other positions on the result list for the search query. Predic-
tions are also made for how other objects would perform (e.g.,
be selected) at positions other than those for which data is
available. Then, the objects are ranked based, at least in part,
on these predictions.

In one embodiment, ranking is performed based on permu-
tations representing orderings of objects. A permutation is an
ordered list. For a set of objects, there exists a finite number of
ways to order the objects. For each permutation, a determi-
nation is made of the number of selections that are expected to
result if a results list is provided in response to queries for
objects that match a search query. For example, if objects are
listed in order (1,2,3,4,5), then it might be determined, based
on the predictor results for each object at each position, that
10 selections are expected to occur over a period of time. If a
different ordering, (2,3,1,5,4) for example, is expected to
bring a larger number of selections, then the second ordering
is more desirable. In this embodiment, all permutations are
compared against one another to determine the permutation
that is expected to receive the largest number of selections.

In one embodiment, ranking is performed based on a con-
tention game. A predictor determines a number of selections
that each object is expected to receive at each position on a
results list. The object expected to receive the maximum
number of selections at a particular position is placed at the
particular position. This determination may be made for each
position, with each object competing for each position on the
list. This ensures that each position contains the object
expected to earn the maximum number of selections for that
position.

The search request and result may pertain to any data in any
available format. For example, the data may comprise
images, video, word processing documents, computer code,
or plain text.

Structural Overview

In one embodiment, a client 110 containing a web browser
120 connects to a web server 140 via a network 130. Client
110 then sends a search query 121 to web server 140 in an
attempt to retrieve a list of objects 151, such as images,
relevant to search query 121. Web server 140, receiving
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search query 121, contains software which allows interaction
with a data storage module 150 containing objects 151. In one
embodiment, data storage module 150 is a database server.
Web server 140 forwards search query 121 to data storage
module 150 in a format understood by data storage module
150. Data storage module 150 then returns a list of objects
151 matching search query 121.

Once web server 140 has a list of objects 151 that match
(i.e., are determined to be relevant to) search query 121, web
server 140 in this embodiment passes list of objects 151,
along with search query 121, to a predictor 160. Predictor 160
may determine a number of selections expected for each
object 151 at each position on a list that is provided in
response to search query 121. For example, through web
browser 120, a user may submit, to web server 140, a request
for images that match (i.e., are relevant to) search query 121.
Web server 140 communicates a portion of the resulting list to
web browser 120 in the form of a web page. The web page
provides a visual list of images, and may include thumbnail
(smaller) versions of each image represented in the list. In
alternative embodiments, predictor 160 determines other
expected results, such as the percentage of overall expected
selections that an object 151 is expected to receive. Predictor
160 may then forward these expected results, in the form of a
prediction 161, to web server 140.

Before web server 140 sends results to requesting client
110, a ranking module 170 may rank and order the results
based on prediction 161. In one embodiment, ranking module
170 determines, based on prediction 161 from predictor 160,
aranking order 171 of objects 151. Ranking module 170 then
sends ranking order 171 to web server 140. In one embodi-
ment, ranking module 170 (or some other mechanism) may
determine a ranking for a particular query before client 110
issues a query.

After receiving ranking order 171 of objects 151 from
ranking module 170, web server 140 may format the data (in
the form of a web page, for example) and send results 122
(e.g. within a results web page) to requesting client 110 over
network 130. Client 110 may pass results 122 along to web
browser 120 in order to allow web browser 120 to display
results 122 to the user.

Functional Overview

FIG. 2 illustrates a process 200 of providing a ranking for
objects 151, in accordance with an embodiment of the present
invention. In step 210, an object 151 that matches a search
query 121 is determined. Search query 121 may be in any
format. In one embodiment, object 151 is an image. One way
of determining whether an image matches a search query 121
is by comparing metadata (e.g., text) associated with the
image to search query 121. However, other techniques can be
used to determine whether an image matches search query
121. Moreover, object 151 is not limited to being an image.

In one embodiment of the invention, at step 220, the system
determines a predictor for object 151 based on established
selections. In one embodiment of the invention, established
selections consist of selections recorded in historical logs.
The predictor predicts the likelihood that a particular object
151 will be selected, given a position of object 151 in a
potential results list.

If another object 151 matches (i.e., is relevant to) search
query 121, the step of determining a predictor is repeated for
that object 151 at step 230. A predictor will be determined for
each successive object 151. There may be more than one
object 151 that matches the search query 121. In such a case,
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the step of determining a predictor may be repeated for as
many objects 151 as the system is configured to require.

Ranking module 170 then ranks the objects 151 based on
the predictor at step 240. The predictor provides the basis for
the ranking. Because the predictor determines the likelihood
that an object 151 will be selected at a particular position, any
method of ranking that uses this information from the predic-
tor may be used. For example, in one embodiment of the
invention, ranking module 170 may rank objects 151 in such
a way that a group of objects 151 most likely to be selected
alternate at each of the first ten positions on a list.

At step 250, web server 140 provides at least a portion of
the ranking. In an embodiment of the invention, web server
140 provides the ranking in the form of a web page that
includes representations of objects 151, such as thumbnails of
images or other metadata associated with objects 151, listed
in an order that is in accordance with the ranking determina-
tion given at step 240.

FIG. 3 is a flow diagram that illustrates an example of a
technique for ranking objects based on the overall selections
expected, according to an embodiment of the invention. In
block 310, an object matches a search query. In block 320, for
each position of a plurality of positions in a list of search
results, a determination is made as to the number of times that
the object is predicted to be selected if that object were to be
placed that that position in the list of search results. In block
330, a determination is made as to whether there are any more
objects that match the search query. If at least one more object
matches the search query, then control passes back to block
310. Otherwise, if no further objects match the search query,
then control passes to block 340.

In block 340, permutations that represent possible order-
ings of objects are determined. In block 350, an ordering of
the objects is determined based on one of the permutations. In
block 360, at least a portion of the set of objects is provided
(e.g., within a web page, to web browser 120) in the deter-
mined order.

FIG. 4 is a flow diagram that illustrates an example of a
technique for ranking objects based on the expected number
of selections for each position in a list, according to an
embodiment of the invention. In block 410, an object matches
a search query. In block 420, for each position of a plurality of
positions in a list of search results, a determination is made as
to the number of times that the object is predicted to be
selected if that object were to be placed that that position in
the list of search results. In block 430, a determination is made
as to whether there are any more objects that match the search
query. If at least one more object matches the search query,
then control passes back to block 410. Otherwise, if no further
objects match the search query, then control passes to block
440.

In one embodiment of the invention, the operations of
blocks 440-470 are performed for each particular object in the
set of objects that matches the search query. In block 440, a
particular object of the set of objects that match the search
query is selected to be placed at a particular position in a list
of search results. The particular object is selected based at
least in part on the number of selections that the particular
object is expected (e.g., based on historical selection statis-
tics) to receive if the particular object were to be placed at the
particular position. In block 450, the particular object is
placed at the particular position in the list. In block 460, the
particular object is removed from consideration in determin-
ing positions of other objects in the set of object that match the
search query. In block 470, a determination is made as to
whether any positions in the list remain unfilled. If at least one
position in the list remains unfilled, then control passes back
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to block 440. Otherwise, if all of the positions in the list have
been filled, then control passes to block 480.

In block 480, at least a portion of the set of objects is
provided (e.g., within a web page, to web browser 120) in
accordance with the positions determined for the objects in
the set.

The Predictor

Expected Selections

In one embodiment of the invention, predictor 160 deter-
mines the likelihood that an object 151 will be selected if
object 151 were to be placed at a particular position on a list
of results 122 returned in response to search query 121.
Although predictor 160 may determine a raw number of
selections, predictor 160 also may determine other useful
information. One example of such other useful information is
a metric that describes the expected performance (e.g., in
attracting user selections) of an object 151 at a given position
in a ranked list to be displayed within a search results web
page. To assist in determining the performance at a given
position, certain embodiments of the invention assign an
expected percentage of selections to a particular position in a
potential ranked list.

An object 151 in a list returned in response to a search
query 121 tends to receive a number of selections (or
“clicks”) based on the position that the object occupies in the
list. Typically, lower objects 151 in list of objects 122 are
expected to receive a smaller percentage of selections. For
example, under one set of circumstances, the percentage of
selections that any object 151 is expected to receive if placed
at a particular position might be represented by the following
list:

TABLE 1

Expected

Position Selections (%)

10%
8%
7%
6%

5.5%
5%
4%

3.5%
3%
2%

Position 1
Position 2
Position 3
Position 4
Position 5
Position 6
Position 7
Position 8
Position 9
Position 10

Under the circumstances assumed in the foregoing
example, using the example list of expected selections in
Table 1, in any given search query 121, the object 151 occu-
pying position 1 is “expected” to receive 10% of the selec-
tions that occur as a result of that particular list being dis-
played. The number of expected selections for each position
may be a variable that changes, or simply a stated value.

Underperformance and Overperformance

The percentage of expected selections assists in determin-
ing the level of overperformance and underperformance of an
object 151 at a particular position. Overperformance and
underperformance are ways of describing a performance met-
ric. If an object 151 is said to overperform, then that object
151 has received more selections at a position than the
expected percentage of selections. Likewise, if an object 151
is said to underperform, then that object 151 has not received
the expected percentage of selections.

For example, if the expected percentage of selections for
any object 151 at position 1 is 10%, and if an object 151 has
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received 11% of overall selections for that particular query at
position 1, then that object 151 is said to have overperformed
position 1. By contrast, if the object 151 has received 9% of
overall selections for the particular query at position 1, then
the object 151 is said to have underperformed position 1.

In one embodiment of the invention, a performance metric
is used to quantify the level of overperformance and under-
performance. One way to create a metric using the expected
level of performance and historical data about the perfor-
mance is to divide the actual percentage of selections received
by the expected percentage of selections received:

i % of Selections (actual)
Performance Metric =

% of Selections (expected)

Taking the earlier example of an object 151 receiving 11%
of the overall selections, calculating a performance metric
would include the operations of dividing 0.11 (11%) by 0.10
(expected selections=10%) for a total of 1.1. The resulting
number is a measure of performance and has no specific unit.
It is clear from this example technique, however, that any
resulting performance metric reached that is greater than 1
shows overperformance, while any number less than one
shows underperformance. To complete the example, if the
object 151, instead, received 9% of overall selections, but was
expected to receive 10% of overall selections (per the
expected selections table 1), then the performance metric
would be the result of dividing 0.09 by 0.10, for a resulting
performance level of 0.9. In such a case, the object 151 has
underperformed.

Performance need not be measured by percentages. In fact,
using raw numbers of expected selections and actual selec-
tions would work as well.

Historical Data

Much of the information used to build a predictor 160 may
be gathered from historical data found in logs. Logs are often
created automatically by server software in order to gather
statistics about use of a particular system. In the context of
web-based systems, data about the selection of a particular
object 151 may gathered by parsing web server log files, by
passing selections through software that does more detailed
tracking, or other methods.

Data gathered may include: (a) instances of selections of
individual objects 151, (b) the position an object 151 was at
when object 151 was selected, (¢) an identity of a search query
121 relative to which object 151 was selected in response, (d)
time, and/or (e) a history of list ordering. The history of list
ordering provides information about the particular ordering
of a list, which may change periodically. From this informa-
tion, a determination about how many times a particular
object 151 was selected in response to a particular query may
be made.

Also, in one embodiment of the invention, the number of
times that an object 151 was selected after a ranking change
occurred is determined. If object 151 moves from one posi-
tion to another, then a determination of how the movement
affected the number of times that object 151 was selected may
be made.

In one embodiment of the invention, the total number of
times that all objects 151 have been selected for a particular
search query 121 is determined by analyzing historical logs.
In one embodiment of the invention, this information, along
with information about the ranking of objects 151 based on
search query 121, is combined with the total number of times
that a particular object 151 has been selected in response to

25

35

40

45

50

55

60

65

8

the same search query 121. This is enough information to
provide a historical performance metric. In one embodiment
of the invention, the performance metric discussed above is
derived by dividing the total number of times that object 151
was selected at a particular position by the total number of
times that the particular list was displayed in response to a
particular query. Thus, historical underperformance and over-
performance may be determined.

Predicting Future Performance

In one embodiment of the invention, history assists in
predicting the future selections of objects 151. For example,
if objects 151 that overperform position 5 with a performance
metric of 2.6 tend to overperform with a metric of 1.3 when
moved to position 2, then it is likely that future objects 151
will overperform under the same circumstances.

One method of determining a prediction of performance
based on the change in position of an object 151 is to average
the performance change over all objects 151 that change from
one position to another, independent of the query. As an
example, the following table represents the performance met-
rics of several objects 151 that have changed from position 5
to position 3.

TABLE 2
Object Position Performance Position Performance
Object 1 5 2.6 3 1.6
Object 2 5 2.6 3 9
Object 3 5 2.6 3 1.4

As is evident from Table 2, the performance change was not
the same for each object 151. In one embodiment of the
invention, instead of relying on the performance change of
any one particular object 151, the average expected perfor-
mance is predicted. By taking the average of the new perfor-
mance metric at position 3, a system according to an embodi-
ment of the invention may predict that an object 151 that is at
position 5, when moved to position 3, will have a performance
metric of:

16+9+14
— =13
3

As more information is gathered, the prediction for each
position and performance change becomes more stable. Fur-
ther, other techniques for determining the predicted perfor-
mance given the same information are used in various alter-
native embodiments of the invention; for example, the mean
or the mode may be taken rather than the average. Other
techniques used in artificial intelligence applications may
also be applied to this information.

Alternative Embodiments

In one embodiment of the invention, the expected percent-
age of selections is predetermined or specified by a user.
However, in an alternative embodiment of the invention, the
expected percentage of selections is not predetermined or
specified by a user. As more data about the number of selec-
tions at each position becomes available, the expected num-
ber of selections may change. For example, predictor 160,
along with any one of the ranking methods discussed below,
may increase the quality of the search results such that a
higher number of selections will be expected for objects 151
occupying the first positions on the list of results.
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Ranking

Ranking based on a predictor 160 can be done in a variety
of' ways. A particular goal may make one technique for rank-
ing more attractive than other techniques. Two distinct tech-
niques for ranking are disclosed herein.

Permutation Ranking

In one embodiment, ranking is performed based on permu-
tations representing orderings of objects 151. For a set of
objects 151, there exists a finite number of ways to order the
objects 151. Each permutation represents one such ordering.
Using the predictor 160, a permutation to be used for ranking
is determined.

For each permutation, a determination by a predictor func-
tion of predictor 160 is made of the number of selections that
are expected to result if a results list is provided in response to
queries for objects 151 that match search query 121. Predictor
160 predicts the number of user selections that each object
151 will receive if that object were to be placed at a particular
position on a list of search results. After the expected number
of selections for each object 151 at each position has been
predicted, then the result is applied to each permutation to
determine the permutation representing the largest number of

expected selections.
TABLE 3
Position 1 Position 2 Position 3 Position 4
Object A 14 12 10 8
Object B 14 13 10 8
Object C 15 15 8 6
Object D 13 12 5 8
Expected
Permutation Selections
ABCD 42
ABDC 37
ACBD 46
ACDB 41
ADBC 41

41

Expected

Permutation Selections
DABC 41
DACB 41
DBAC 42
DBCA 42
DCAB 46
DCBA 46

For illustration purposes, a set of four objects 151 may be
assumed. These objects 151 are represented in Table 3 as
Object A, Object B, Object C, and Object D. If objects 151 are
listed in order (A,B,C,D), it may be determined, based on the
predictor 160 for each object 151 at each position given in
Table 4, that 42 selections are expected to occur over a period
of time. If a different ordering, (B,C,A,D) for example, is
expected to bring a larger number of selections, then the
second ordering is more desirable. In the example, (B,C,A,D)
offers 47 expected selections, the highest number of expected
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selections of all permutations. In this embodiment, all per-
mutations are compared against one another to determine the
permutation that is expected to receive the largest number of
selections.

In one embodiment of the invention, permutation ranking
is used on the entire set of objects 151 that match a query.
However, in an alternative embodiment of the invention, per-
mutation ranking is used on only a partial subset of the objects
151 that match the query. In one embodiment of the invention,
the system is configured to require a minimum number of
expected selections at a given position threshold in order to
allow participation in the permutation ranking. For example,
a permutation ranking method may be used for the first 60
positions while a different ranking method is used for the
remaining positions in a list returned in response to a search
query 121. In such an embodiment, the predictor 160 predicts
the number of expected selections for all of the objects 151,
but only allows an object 151 to participate in the permutation
ranking if a specified minimum number of selections is
expected at one or more particular positions. Likewise, a
threshold may be set to disqualify an object 151 from partici-
pation in the permutation ranking.

Contention Game Ranking

In one embodiment, ranking is performed based on a con-
tention game. The predictor 160 determines a number of
selections that each object 151 is expected to receive at each
position on a results list, and the object 151 expected to
receive the maximum number of selections at a particular
position is placed at the particular position.

Each object 151 competes for each position on the list, and
is taken out of play when that object is placed. In other words,
in one embodiment of the invention, an object 151 will not
compete for position 1 and then also compete for position 2.
This ensures that each position contains the object 151
expected to earn the maximum number of selections for that
position without repeating results that are available at a higher
position.

In the example shown in Table 3, Object C is expected to
receive the most selections if placed in position 1. If Object C
is placed in position 1, then Object C is expected to receive 15
selections over the relevant period. Object B is next, with 13
selections expected at position 2, and then Object A, with 10
selections expected at position 3, and finally Object D, with 8
selections expected at position 4. This result, (C,B,A,D), is
different than the result from the permutation ranking of
(B,C,A,D). According to Table 4, the contention ranking
offers a total of 46 expected selections over the relevant
period. While this total is lower than the total number of
expected selections using the permutation method, the con-
tention game ensures that each position contains the object
151 considered most likely to be selected at that position.

In one embodiment of the invention, contention ranking is
used on the entire set of objects 151 that match a query.
However, in an alternative embodiment of the invention, con-
tention ranking is used on only a partial subset of the objects
151 that match the query. The system may be configured to
require a minimum number of expected selections at a given
position threshold in order to allow participation in the con-
tention ranking. In one embodiment, only objects 151 that
have been selected a predetermined number of times partici-
pate in the contention game. For example, an object 151
might not be considered in the contention game if that object
has not been selected five times in response to a search query
121. Such a rule reduces the number of comparisons required
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to be made for each position available. Likewise, a threshold
may be set to disqualify an object 151 from participation in
the contention ranking.

Hardware Overview

FIG. 5 is ablock diagram that illustrates a computer system
500 upon which an embodiment of the invention may be
implemented. Computer system 500 includes a bus 502 or
other communication mechanism for communicating infor-
mation, and a processor 504 coupled with bus 502 for pro-
cessing information. Computer system 500 also includes a
main memory 506, such as a random access memory (RAM)
or other dynamic storage device, coupled to bus 502 for
storing information and instructions to be executed by pro-
cessor 504. Main memory 506 also may be used for storing
temporary variables or other intermediate information during
execution of instructions to be executed by processor 504.
Computer system 500 further includes a read only memory
(ROM) 508 or other static storage device coupled to bus 502
for storing static information and instructions for processor
504. A storage device 510, such as a magnetic disk or optical
disk, is provided and coupled to bus 502 for storing informa-
tion and instructions.

Computer system 500 may be coupled via bus 502 to a
display 512, such as a cathode ray tube (CRT), for displaying
information to a computer user. An input device 514, includ-
ing alphanumeric and other keys, is coupled to bus 502 for
communicating information and command selections to pro-
cessor 504. Another type of user input device is cursor control
516, such as a mouse, a trackball, or cursor direction keys for
communicating direction information and command selec-
tions to processor 504 and for controlling cursor movement
ondisplay 512. This input device typically has two degrees of
freedom in two axes, a first axis (e.g., X) and a second axis
(e.g.,y), that allows the device to specify positions in a plane.

The invention is related to the use of computer system 500
for implementing the techniques described herein. According
to one embodiment of the invention, those techniques are
performed by computer system 500 in response to processor
504 executing one or more sequences of one or more instruc-
tions contained in main memory 506. Such instructions may
be read into main memory 506 from another machine-read-
able medium, such as storage device 510. Execution of the
sequences of instructions contained in main memory 506
causes processor 504 to perform the process steps described
herein. In alternative embodiments, hard-wired circuitry may
be used in place of or in combination with software instruc-
tions to implement the invention. Thus, embodiments of the
invention are not limited to any specific combination of hard-
ware circuitry and software.

The term “machine-readable medium” as used herein
refers to any medium that participates in providing data that
causes a machine to operation in a specific fashion. In an
embodiment implemented using computer system 500, vari-
ous machine-readable media are involved, for example, in
providing instructions to processor 504 for execution. Such a
medium may take many forms, including but not limited to
storage media and transmission media. Storage media
includes both non-volatile media and volatile media. Non-
volatile media includes, for example, optical or magnetic
disks, such as storage device 510. Volatile media includes
dynamic memory, such as main memory 506. Transmission
media includes coaxial cables, copper wire and fiber optics,
including the wires that comprise bus 502. Transmission
media can also take the form of acoustic or light waves, such
as those generated during radio-wave and infra-red data com-
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munications. All such media must be tangible to enable the
instructions carried by the media to be detected by a physical
mechanism that reads the instructions into a machine.

Common forms of machine-readable media include, for
example, a floppy disk, a flexible disk, hard disk, magnetic
tape, or any other magnetic medium, a CD-ROM, any other
optical medium, punchcards, papertape, any other physical
medium with patterns of holes, a RAM, a PROM, and
EPROM, a FLASH-EPROM, any other memory chip or car-
tridge, a carrier wave as described hereinafter, or any other
medium from which a computer can read.

Various forms of machine-readable media may be involved
in carrying one or more sequences of one or more instructions
to processor 504 for execution. For example, the instructions
may initially be carried on a magnetic disk of a remote com-
puter. The remote computer can load the instructions into its
dynamic memory and send the instructions over a telephone
line using a modem. A modem local to computer system 500
can receive the data on the telephone line and use an infra-red
transmitter to convert the data to an infra-red signal. An
infra-red detector can receive the data carried in the infra-red
signal and appropriate circuitry can place the data on bus 502.
Bus 502 carries the data to main memory 506, from which
processor 504 retrieves and executes the instructions. The
instructions received by main memory 506 may optionally be
stored on storage device 510 either before or after execution
by processor 504.

Computer system 500 also includes a communication
interface 518 coupled to bus 502. Communication interface
518 provides a two-way data communication coupling to a
network link 520 that is connected to a local network 522. For
example, communication interface 518 may be an integrated
services digital network (ISDN) card or a modem to provide
a data communication connection to a corresponding type of
telephone line. As another example, communication interface
518 may be a local area network (LAN) card to provide a data
communication connection to a compatible LAN. Wireless
links may also be implemented. In any such implementation,
communication interface 518 sends and receives electrical,
electromagnetic or optical signals that carry digital data
streams representing various types of information.

Network link 520 typically provides data communication
through one or more networks to other data devices. For
example, network link 520 may provide a connection through
local network 522 to a host computer 524 or to data equip-
ment operated by an Internet Service Provider (ISP) 526. ISP
526 in turn provides data communication services through the
world wide packet data communication network now com-
monly referred to as the “Internet” 528. Local network 522
and Internet 528 both use electrical, electromagnetic or opti-
cal signals that carry digital data streams. The signals through
the various networks and the signals on network link 520 and
through communication interface 518, which carry the digital
data to and from computer system 500, are exemplary forms
of carrier waves transporting the information.

Computer system 500 can send messages and receive data,
including program code, through the network(s), network
link 520 and communication interface 518. In the Internet
example, a server 530 might transmit a requested code for an
application program through Internet 528, ISP 526, local
network 522 and communication interface 518.

The received code may be executed by processor 504 as it
is received, and/or stored in storage device 510, or other
non-volatile storage for later execution. In this manner, com-
puter system 500 may obtain application code in the form of
a carrier wave.



US 7,831,595 B2

13

In the foregoing specification, embodiments of the inven-
tion have been described with reference to numerous specific
details that may vary from implementation to implementa-
tion. Thus, the sole and exclusive indicator of what is the
invention, and is intended by the applicants to be the inven-
tion, is the set of claims that issue from this application, in the
specific form in which such claims issue, including any sub-
sequent correction. Any definitions expressly set forth herein
for terms contained in such claims shall govern the meaning
of such terms as used in the claims. Hence, no limitation,
element, property, feature, advantage or attribute that is not
expressly recited in a claim should limit the scope of such
claim in any way. The specification and drawings are, accord-
ingly, to be regarded in an illustrative rather than a restrictive
sense.

What is claimed is:
1. A machine-implemented method, comprising:
for afirst object of a plurality of objects that are determined
to be relevant to a first search query, determining a first
predictor metric based at least in part on previous selec-
tions of'the first object under circumstances in which the
first object was at a first position in one or more first
ordered lists of objects generated in response to one or
more first search requests based on the first search query;

for a second object of the plurality of objects, determining
a second predictor metric based at least in part on pre-
vious selections of the second object under circum-
stances in which the second object was at a second
position in the one or more first ordered lists;
wherein each predictor metric reflects a likelihood that the
associated object will be selected at one or more posi-
tions within second ordered lists of objects that are (a)
determined to be relevant to the first search query and (b)
ordered differently than said first ordered lists;

generating a ranked list by ranking the plurality of objects
based on previous selection-based predictor metrics
determined for the first and second objects, wherein the
second object is placed at a position higher than the
second position in the ranked list, and the first object is
placed at a position lower than the first position in the
ranked list; and

in response to receiving a second search request based on

said first search query from a user, providing at least a
portion of the ranked list to said user;

wherein the method is performed by one or more comput-

ing devices.

2. The method of claim 1, wherein determining a predictor
metric for an object is based at least in part on established
selections of the object at at least one position in two or more
first ordered lists of objects that match the search query.

3. The method of claim 1, wherein determining a predictor
metric for an object is based at least in part on established
selections of objects that are not objects that match the first
search query.

4. The method of claim 1, wherein at least a portion of the
objects that match the first search query represent image files.

5. The method of claim 1, wherein the at least a portion of
objects that match the first search query represent video files.

6. A machine-implemented method, comprising:

for each particular object of a plurality of objects that are

determined to be relevant to a search query, determining
apredictor for the particular object based at least in part
on previous selections of the particular object under
circumstances in which the particular object was at a
particular position in one or more first ordered lists of
objects that match the search query,
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wherein said predictor reflects a likelihood that the particu-
lar object will be selected at various positions within
second ordered lists of objects that are (a) determined to
be relevant to the search query and (b) ordered differ-
ently than said first ordered lists;

generating a ranked list by ranking the plurality of objects

based on previous selection-based predictors deter-
mined for each object in the plurality of objects; and
in response to receiving said search query from a user,
providing at least a portion of the ranked list to said user;
wherein the predictor:
a) determines a performance metric for the particular
object at the current position;
b) determines a second position for which to predict
performance;
¢) determines an expected performance metric based at
least in part on historical selections of objects that
have:

1) moved to the second position from a previous posi-
tion that matches the current position of the par-
ticular object; and

2) previously had a performance metric matching the
performance metric of the particular object;

wherein the method is performed by one or more comput-

ing devices.

7. The method of claim 6, wherein determining a perfor-
mance metric comprises:

dividing the actual percentage of selections by an expected

percentage of selections.

8. The method of claim 7, wherein the expected percentage
of selections comprises of static data.

9. A computer-implemented method comprising:

determining a plurality of different orderings of a first of

search results;

determining, for a first ordering of the plurality of order-

ings, a selection probability that reflects a probability
that search results that are ordered according to the first
ordering will be selected by users;

determining, for a second ordering of the plurality of order-

ings, a selection probability that reflects a probability
that search results that are ordered according to the sec-
ond ordering will be selected by users;

wherein the selection probability for each particular order-

ing is based on the number of predicted selections for
each object in that ordering;

selecting, the first ordering in response to determining that

the first ordering is associated with a highest selection
probability among the selection probabilities that are
associated with the first and second orderings;

wherein the object occupying the highest position in the

first ordering is expected to receive less selections than
another object at the first position in the second ordering;
and

storing the selected ordering on a computer-readable stor-

age medium;

wherein the method is performed by one or more comput-

ing devices.

10. The method of claim 9, wherein the selection probabil-
ity is based at least in part on information concerning numbers
of previous selections of the search results under circum-
stances in which the search results were ordered according to
the particular ordering.

11. A volatile or non-volatile non-transitory computer-
readable storage medium storing instructions which, when
executed by one or more processors, causes the one or more
processors to perform the method recited in claim 1.
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12. A volatile or non-volatile non-transitory computer-
readable storage medium storing instructions which, when
executed by one or more processors, causes the one or more
processors to perform the method recited in claim 2.

13. A volatile or non-volatile non-transitory computer-
readable storage medium storing instructions which, when
executed by one or more processors, causes the one or more
processors to perform the method recited in claim 3.

14. A volatile or non-volatile non-transitory computer-
readable storage medium storing instructions which, when
executed by one or more processors, causes the one or more
processors to perform the method recited in claim 4.

15. A volatile or non-volatile non-transitory computer-
readable storage medium storing instructions which, when
executed by one or more processors, causes the one or more
processors to perform the method recited in claim 5.

16. A volatile or non-volatile non-transitory computer-
readable storage medium storing instructions which, when
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executed by one or more processors, causes the one or more
processors to perform the method recited in claim 6.

17. A volatile or non-volatile non-transitory computer-
readable storage medium storing instructions which, when
executed by one or more processors, causes the one or more
processors to perform the method recited in claim 7.

18. A volatile or non-volatile non-transitory computer-
readable storage medium storing instructions which, when
executed by one or more processors, causes the one or more
processors to perform the method recited in claim 8.

19. A volatile or non-volatile non-transitory computer-
readable storage medium storing instructions which, when
executed by one or more processors, causes the one or more
processors to perform the method recited in claim 9.

20. A volatile or non-volatile non-transitory computer-
readable storage medium storing instructions which, when
executed by one or more processors, causes the one or more
processors to perform the method recited in claim 10.

#* #* #* #* #*



