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WEB SEARCH RANKING

BACKGROUND

#6861} Many modern search engines retrieve Web documents by literally matching
terms in the Web documents with those in a search query using lexical matching methods.
However, such lexical matching methods can be inaccurate due to language discrepancies
between Web documents and search queries. For example, language discrepancies often
occur because concepts are expressed using different vocabularies and language styles in
Web documents versus search queries. Therefore, in many cases, the retrieval of
appropriate Web documents relating to a particular search query may be difficult due to
such language discrepancies.

SUMMARY
{48621  The following presents a simplified summary of the subject innovation in order
to provide a basic understanding of some aspects described herein. This summary is not
an extensive overview of the claimed subject matter. It is intended to neither identify key
or critical elements of the claimed subject matter nor delineate the scope of the subject
innovation. Its sole purpose is to present some concepts of the claimed subject matter in a
simplified form as a prelude to the more detailed description that is presented later.
#0831  The subject innovation relates to a system and method for Web search ranking
using a discriminatively trained translation model. An embodiment provides a computer-
implemented method for Web search ranking. The method includes generating a number
of training samples from clickthrough data, wherein the training samples include positive
query-document pairs and negative query-document pairs. The method also includes
discriminatively training a translation model based on the training samples and ranking a
number of documents for a Web search based on the translation model.
{#6384]  Another embodiment provides a system for Web search ranking. The system
includes a processor that is adapted to execute stored instructions and a system memory.
The system memory includes code configured to generate a number of training samples
from clickthrough data, wherein position bias within the clickthrough data is removed
during generation of the training samples. The system memory also includes code
configured to discriminatively train a sparse log-linear translation model based on the
training samples and rank a number of documents for a Web search based on the sparse

log-linear translation model.
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{3085}  In addition, another embodiment provides one or more computer-readable
storage media for storing computer-readable instructions. The computer-readable
instructions provide a Web search ranking system when executed by one or more
processing devices. The computer-readable instructions include code configured to
generate a number of training samples from clickthrough data, wherein the training
samples include positive query-document pairs and negative query-document pairs, and
wherein position bias within the clickthrough data is removed during generation of the
training samples. The computer-readable instructions also include code configured to
discriminatively train a translation model based on the training samples and rank a number
of documents for a Web search based on the translation model.

{6686} The following description and the annexed drawings set forth in detail certain
illustrative aspects of the claimed subject matter. These aspects are indicative, however,
of but a few of the various ways in which the principles of the innovation may be
employed and the claimed subject matter is intended to include all such aspects and their
equivalents. Other advantages and novel features of the claimed subject matter will
become apparent from the following detailed description of the innovation when
considered in conjunction with the drawings.

BRIEF DESCRIPTION OF THE DRAWINGS

138671  Fig. 1 is a block diagram of a networking environment in which a system and
method for Web search ranking may be implemented;

{4808 Fig. 2 is a block diagram of a computing environment that may be used to
implement a system and method for Web search ranking;

[86%  Fig. 3 is a generalized process flow diagram of a method for ranking documents
for a Web search using a translation model; and

{6618 Fig. 4 is a process flow diagram of a method for training a translation model and
performing Web search ranking using the trained translation model.

DETAILED DESCRIPTION

{8011} Query-based Web search engines are useful online services. The value of such
search engines may be measured by their ability to rank relevant documents higher in a
search result list for a particular query than irrelevant documents. However, lexical gaps
often exist between queries and documents corresponding to the queries. The term
“lexical gap” refers to word mismatching between the query and the corresponding
documents. Such lexical gaps may be caused by the presence of synonyms, typos, or

words that are different but semantically related. Furthermore, in many cases, such lexical
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gaps result in difficulties in determining the relevance of documents to a corresponding
query.

(#0312} Thus, embodiments described herein are directed to the mitigation of the effects
of such lexical gaps with respect to Web search ranking techniques. This may be
accomplished by using textual information within documents for a Web search to rank the
documents based on their relevance to a query corresponding to the Web search. More
specifically, documents for a Web search corresponding to a particular query may be
ranked using a translation model that has been trained based on textual similarities
between the documents and the query. In various embodiments, the translation model
utilized herein is a sparse log-linear model that is trained using an L1-norm regularization
algorithm, such as the Orthant-Wise Limited-memory Quasi-Newton (OWL-QN)
algorithm, as discussed further below.

{313}  As a preliminary matter, some of the figures describe concepts in the context of
one or more structural components, variously referred to as functionality, modules,
features, elements, etc. The various components shown in the figures can be implemented
in any manner, for example, by software, hardware (e.g., discreet logic components, etc.),
firmware, and so on, or any combination of these implementations. In one embodiment,
the various components may reflect the use of corresponding components in an actual
implementation. In other embodiments, any single component illustrated in the figures
may be implemented by a number of actual components. The depiction of any two or
more separate components in the figures may reflect different functions performed by a
single actual component. Fig. 1, discussed below, provides details regarding one system
that may be used to implement the functions shown in the figures.

180314}  Other figures describe the concepts in flowchart form. In this form, certain
operations are described as constituting distinct blocks performed in a certain order. Such
implementations are exemplary and non-limiting. Certain blocks described herein can be
grouped together and performed in a single operation, certain blocks can be broken apart
into plural component blocks, and certain blocks can be performed in an order that differs
from that which is illustrated herein, including a parallel manner of performing the blocks.
The blocks shown in the flowcharts can be implemented by software, hardware, firmware,
manual processing, and the like, or any combination of these implementations. As used
herein, hardware may include computer systems, discreet logic components, such as
application specific integrated circuits (ASICs), and the like, as well as any combinations

thereof.
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{8415} As to terminology, the phrase “configured to” encompasses any way that any
kind of functionality can be constructed to perform an identified operation. The
functionality can be configured to perform an operation using, for instance, software,
hardware, firmware and the like, or any combinations thereof.

{8816} The term “logic” encompasses any functionality for performing a task. For
instance, each operation illustrated in the flowcharts corresponds to logic for performing
that operation. An operation can be performed using, for instance, software, hardware,

firmware, etc., or any combinations thereof.

2% ¢ 2% ¢

#3171 Asused herein, terms “component,” “system,” “client” and the like are intended
to refer to a computer-related entity, either hardware, software (e.g., in execution), and/or
firmware, or a combination thereof. For example, a component can be a process running
on a processor, an object, an executable, a program, a function, a library, a subroutine,
and/or a computer or a combination of software and hardware.

{8618} By way of illustration, both an application running on a server and the server can
be a component. One or more components can reside within a process and a component
can be localized on one computer and/or distributed between two or more computers. The
term “processor” is generally understood to refer to a hardware component, such as a
processing unit of a computer system.

{#01%} Furthermore, the claimed subject matter may be implemented as a method,
apparatus, or article of manufacture using standard programming and/or engineering
techniques to produce software, firmware, hardware, or any combination thereof to control
a computer to implement the disclosed subject matter. The term “article of manufacture”
as used herein is intended to encompass a computer program accessible from any
computer-readable storage device, or media.

2% ¢

{#628]  As used herein, terms “component,” “search engine,” “browser,” “server,” and
the like are intended to refer to a computer-related entity, either hardware, software (e.g.,
in execution), and/or firmware. For example, a component can be a process running on a
processor, a processor, an object, an executable, a program, a function, a library, a
subroutine, and/or a computer or a combination of software and hardware. By way of
illustration, both an application running on a server and the server can be a component.
One or more components can reside within a process and a component can be localized on
one computer and/or distributed between two or more computers.

{6821} Furthermore, the claimed subject matter may be implemented as a method,

apparatus, or article of manufacture using standard programming and/or engineering
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techniques to produce software, firmware, hardware, or any combination thereof to control
a computer to implement the disclosed subject matter. The term “article of manufacture”
as used herein is intended to encompass a computer program accessible from any
computer-readable storage device, or media.

#6221 Computer-readable storage media can include but are not limited to magnetic
storage devices (e.g., hard disk, floppy disk, and magnetic strips, among others), optical
disks (e.g., compact disk (CD), and digital versatile disk (DVD), among others), smart
cards, and flash memory devices (e.g., card, stick, and key drive, among others). In
contrast, computer-readable media generally (i.c., not storage media) may additionally
include communication media such as transmission media for wireless signals and the
like.

{4623} In order to provide context for implementing various aspects of the claimed
subject matter, Figs. 1-2 and the following discussion are intended to provide a brief,
general description of a computing environment in which the various aspects of the
subject innovation may be implemented. For example, a method and system for Web
search ranking can be implemented in such a computing environment. While the
claimed subject matter has been described above in the general context of computer-
executable instructions of a computer program that runs on a local computer or remote
computer, those of skill in the art will recognize that the subject innovation also may be
implemented in combination with other program modules. Generally, program modules
include routines, programs, components, data structures, etc., that perform particular
tasks or implement particular abstract data types.

{8624 Moreover, those of skill in the art will appreciate that the subject innovation
may be practiced with other computer system configurations, including single-processor
or multi-processor computer systems, minicomputers, mainframe computers, as well as
personal computers, hand-held computing devices, microprocessor-based or
programmable consumer electronics, and the like, each of which may operatively
communicate with one or more associated devices. The illustrated aspects of the
claimed subject matter may also be practiced in distributed computing environments
wherein certain tasks are performed by remote processing devices that are linked
through a communications network. However, some, if not all, aspects of the subject
innovation may be practiced on stand-alone computers. In a distributed computing
environment, program modules may be located in local or remote memory storage

devices.
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{80251  Fig. 11is a block diagram of a networking environment 100 in which a system
and method for Web search ranking may be implemented. The networking

environment 100 includes one or more client(s) 102. The client(s) 102 can be
hardware and/or software (e.g., threads, processes, or computing devices). The
networking environment 100 also includes one or more server(s) 104. The server(s)
104 can be hardware and/or software (e.g., threads, processes, or computing devices).
The servers 104 can house threads to perform search operations by employing the
subject innovation, for example.

#0326} One possible communication between a client 102 and a server 104 can be in
the form of a data packet adapted to be transmitted between two or more computer
processes. The networking environment 100 includes a communication framework 108
that can be employed to facilitate communications between the client(s) 102 and the
server(s) 104. The client(s) 102 are operably connected to one or more client data
store(s) 110 that can be employed to store information local to the client(s) 102. The
client data store(s) 110 may be stored in the client(s) 102, or may be located remotely,
such as in a cloud server. Similarly, the server(s) 104 are operably connected to one or
more server data store(s) 106 that can be employed to store information local to the
servers 104.

18427 Fig. 2 is a block diagram of a computing environment that may be used to
implement a system and method for Web search ranking. The computing environment
200 includes a computer 202. The computer 202 includes a processing unit 204, a
system memory 206, and a system bus 208. The system bus 208 couples system
components including, but not limited to, the system memory 206 to the processing
unit 204. The processing unit 204 can be any of various available processors. Dual
microprocessors and other multiprocessor architectures also can be employed as the
processing unit 204.

13328} The system bus 208 can be any of several types of bus structures, including the
memory bus or memory controller, a peripheral bus or external bus, or a local bus using
any variety of available bus architectures known to those of ordinary skill in the art.
The system memory 206 is computer-readable storage media that includes volatile
memory 210 and non-volatile memory 212. The basic input/output system (BIOS),
containing the basic routines to transfer information between elements within the
computer 202, such as during start-up, is stored in non-volatile memory 212. By way of

illustration, and not limitation, non-volatile memory 212 can include read-only memory
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(ROM), programmable ROM (PROM), electrically-programmable ROM (EPROM),
electrically- erasable programmable ROM (EEPROM), or flash memory.

{46329} Volatile memory 210 includes random access memory (RAM), which acts as
external cache memory. By way of illustration and not limitation, RAM is available in
many forms, such as static RAM (SRAM), dynamic RAM (DRAM), synchronous
DRAM (SDRAM), double data rate SDRAM (DDR SDRAM), enhanced SDRAM

(ESDRAM), SynchLink™ DRAM (SLDRAM), Rarnbus® direct RAM (RDRAM),

direct Rarnbus® dynamic RAM (DRDRAM), and Rarnbus® dynamic RAM (RDRAM).
1803¢] The computer 202 also includes other computer-readable storage media, such
as removable/non-removable, volatile/non-volatile computer storage media. Fig. 2
shows, for example, a disk storage 214. Disk storage 214 includes, but is not limited

to, devices like a magnetic disk drive, floppy disk drive, tape drive, Jaz drive, Zip drive,
LS-100 drive, flash memory card, or memory stick.

{6631} In addition, disk storage 214 can include storage media separately or in
combination with other storage media including, but not limited to, an optical disk drive
such as a compact disk ROM device (CD-ROM), CD recordable drive (CD-R Drive),
CD rewritable drive (CD-RW Drive) or a digital versatile disk ROM drive (DVD-
ROM). To facilitate connection of the disk storage 214 to the system bus 208, a
removable or non- removable interface is typically used, such as interface 216.

{66332} It is to be appreciated that Fig. 2 describes software that acts as an intermediary
between users and the basic computer resources described in the computing environment
200. Such software includes an operating system 218. The operating system 218, which
can be stored on disk storage 214, acts to control and allocate resources of the computer
202.

#6333} System applications 220 take advantage of the management of resources by the
operating system 218 through program modules 222 and program data 224 stored either
in system memory 206 or on disk storage 214. It is to be appreciated that the claimed
subject matter can be implemented with various operating systems or combinations of
operating systems.

{#634] A user enters commands or information into the computer 202 through input
devices 226. Input devices 226 include, but are not limited to, a pointing device (such
as a mouse, trackball, stylus, or the like), a keyboard, a microphone, a gesture or touch

input device, a voice input device, a joystick, a satellite dish, a scanner, a TV tuner card,
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a digital camera, a digital video camera, a web camera, or the like. The input devices
226 connect to the processing unit 204 through the system bus 208 via interface port(s)
228. Interface port(s) 228 include, for example, a serial port, a parallel port, a game
port, and a universal serial bus (USB). Output device(s) 230 may also use the same
types of ports as input device(s) 226. Thus, for example, a USB port may be used to
provide input to the computer 202 and to output information from the computer 202 to
an output device 230.

{3335} An output adapter 232 is provided to illustrate that there are some output
devices 230 like monitors, speakers, and printers, among other output devices 230,
which are accessible via the output adapters 232. The output adapters 232 include, by
way of illustration and not limitation, video and sound cards that provide a means of
connection between the output device 230 and the system bus 208. It can be noted that
other devices and/or systems of devices provide both input and output capabilities, such
as remote computer(s) 234.

{8636} The computer 202 can be a server hosting an event forecasting system in a
networking environment, such as the networking environment 100, using logical
connections to one or more remote computers, such as remote computer(s) 234. The
remote computer(s) 234 may be client systems configured with web browsers, PC
applications, mobile phone applications, and the like. The remote computer(s) 234 can
be a personal computer, a server, a router, a network PC, a workstation, a
microprocessor based appliance, a mobile phone, a peer device or other common
network node and the like, and typically includes many or all of the elements described
relative to the computer 202. For purposes of brevity, the remote computer(s) 234 is
illustrated with a memory storage device 236. Remote computer(s) 234 is logically
connected to the computer 202 through a network interface 238 and then physically
connected via a communication connection 240.

133371 Network interface 238 encompasses wire and/or wireless communication
networks such as local-area networks (LAN) and wide-area networks (WAN). LAN
technologies include Fiber Distributed Data Interface (FDDI), Copper Distributed Data
Interface (CDDI), Ethernet, Token Ring and the like. WAN technologies include, but
are not limited to, point-to-point links, circuit switching networks like Integrated
Services Digital Networks (ISDN) and variations thereon, packet switching networks,

and Digital Subscriber Lines (DSL).
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{3038} Communication connection(s) 240 refers to the hardware/software employed to
connect the network interface 238 to the system bus 208. While communication
connection 240 is shown for illustrative clarity inside computer 202, it can also be
external to the computer 202. The hardware/software for connection to the network
interface 238 may include, for example, internal and external technologies such as
mobile phone switches, modems including regular telephone grade modems, cable
modems and DSL. modems, ISDN adapters, and Ethernet cards.

{#33%]  Fig. 3 is a generalized process flow diagram of a method 300 for ranking
documents for a Web search using a translation model. The method 300 begins at block
302, at which a number of training samples are generated from clickthrough data. The
clickthrough data may include user queries, documents corresponding to the user queries,
and user click information corresponding to the user queries. Such clickthrough data may
be obtained from commercial search engine log files, for example. The training samples
may include a number of features represented by positive query-document pairs and
negative query-document pairs. The negative query-document pairs include query-
document pairs that are retrieved by a search engine for a particular query and are rarely
or never clicked on by users.

1#34¢] Each query-document pair may be generated based on a similarity between a
document and a corresponding query. More specifically, each query-document pair may
be generated based on a similarity between terms in a query and terms in a specified field
of a document corresponding to the query. Such a specified field may include a title field,
keywords field, or body content field of the document. For example, if the specified field
is a title field of the document, query-title pairs may be generated.

{6041} The clickthrough data that are used to generate the training samples may include
some amount of position bias. The term “position bias” refers to the likelihood of a user
clicking on, or not clicking on, a particular document for a query based on the document’s
position in the search result list for the query. For example, a document that is
consistently listed in a first page of the search result list has an advantage over a
document that is listed in the second page of the search result list. Specifically, the
document that is listed in the first page is more likely to be clicked on by the user,
regardless of whether the document is more relevant to the query. Therefore, in various
embodiments, position bias within the clickthrough data is removed during generation of
the training samples. This may be accomplished by assigning a weight to each query-

document pair based on a location of a corresponding document within a search result list
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for the query. For example, documents that are higher in the search result list may be
assigned a lower weight.

{48421 At block 304, a translation model is discriminatively trained based on the generated
training samples. The translation model may be a sparse log-linear translation model, as
discussed further below. The translation model may be trained using an L1-norm
regularization algorithm. For example, a specific type of L1-norm regularization algorithm
referred to as the OWL-QN algorithm may be used to train the translation model, as
discussed further below.

{343} At block 306, a number of documents for a Web search are ranked based on the
translation model. This may be accomplished by assigning a relevance score to each of the
documents based on a relevance of the document to a corresponding query for the Web
search. In addition, the documents may be reordered within the search result list for the
Web search based on their relevance scores. For example, documents may be listed in
descending order in the search result list according to their relevance scores.

{3844} The process flow diagram of Fig. 3 is not intended to indicate that the blocks of the
method 300 are to be executed in any particular order, or that all of the blocks are to be
included in every case. Further, any number of additional blocks not shown in Fig. 3 may be
included within the method 300, depending on the details of the specific implementation.
{1345}  As discussed above, the translation model is discriminatively trained. Such
discriminative translation models differ from typical generative translation models in that,
instead of calculating the joint probability for parameters, discriminative translation models
predict the posterior probability directly. In other words, while generative translation models
are used to model the probability distribution of P(Q|D), discriminative translation models
are used to directly model P(relevance|Q, D). This difference between discriminative
translation models and generative translation models also results in a difference in the manner
in which clickthrough data is used to train each type of translation model. Specifically, only
positive, i.e., relevant, query-document pairs are used to train generative translation models.
However, both positive query-document pairs and negative, i.e., irrelevant, query-document
pairs are used to generate discriminative translation models, as discussed further below.
{1346}  One representative discriminative translation model is the logistic classifier, also
known as MaxEnt classifier. Instead of designing a separate process to generate
observations, the logistic classifier uses training samples to generate observations. This type

of translation model has the exponential shown below in Eq. 1.

10



10

15

20

25

30

WO 2014/085776 PCT/US2013/072502

exp(Xidifi(xy))
— ey

p*(ylx) =

In Eq. 1, Z(x) is the partition function for sample x, which is the summation of the potentials

over all possible labels, as shown below in Eq. 2.
Z(x) = Xyexp (X; A;ifi(x, ) )

In a binary classification scenario, y can take on two values, namely, y = {1, —1}. With
some manipulation, the model form becomes as shown below in Eq. 3, which is the logistic

classifier.

1
1+exp(—y X Aifi(x))

p(ylx) = 3)

{60471 Given training samples {(x;, y;),i = 1 ... N}, a maximum log-likelihood estimation
may be used to learn the model weights of a logistic classifier. In this case, the utility

function for optimization is as shown below in Eq. 4.

0. = argmax, ¥, 1og(p(yilx;, ) “)

In Eq. 4, the goal is to find a model parameter, 8, which is essentially a feature weight, A,
which gives the maximum likelihood on the training samples.

{(¢8#48] Regularization terms are often used in training discriminative translation models.
Regularization terms may be used to prevent excessively large coefficient weights, which are
usually caused by over fitting issues. L1-norm and L2-norm regularization terms are
commonly used regularization terms. Using regularization terms, the utility function is

modified as shown below in Eq. 5.
0, = argmaxg X;log(p(yilx, 0)) + Allwll + Azlwl|? (%)
In Eq. 5, regularization terms A, ||w|| + A,||w||? can be used as priors on the parameter

space. The use of L1-norm regularization terms may prevent the model from over fitting,

and may prune the weights for less contributing training samples to zero. Because the
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gradient of the L1-norm regularization term at any point has an absolute value pointing
toward the origin, all training samples that are not contributing significantly would eventually
be pruned with a weight equal to zero. For this reason, L.1-norm regularization can be
considered as a feature selection process integrated in the training process. However, L1-
norm regularization makes the utility function no longer differentiable near the origin. Thus,
special handling is performed in the numerical optimization steps. According to
embodiments described herein, OWL-QN techniques are used to handle such numerical
optimization steps. Such techniques are particularly useful for producing sparse translation
models from very large datasets with very large corresponding feature spaces.

{134%}  The OWL-QN algorithm that is utilized according to embodiments described herein
is based on L-BFGS (limited-memory Broyden-Fletcher-Goldfarb-Shanno) for training large-
scale log-linear models using L1-norm regularization. At each iteration, the OWL-QN
algorithm computes a search direction by approximately minimizing a quadratic function that
models the objective over an orthant containing the previous point. The OWL-QN algorithm
can efficiently optimize the L1-norm regularized log-likelihood of log-linear models with
billions of parameters.

{4856]  Discriminative translation models may use a variety of different types of features
generated from training data. Features that may be utilized according to embodiments
described herein include unigram-pair features, bigram-pair features, and proximity term
features. For unigram-pair features, the value is true if the word ¢ exists in the query and the
word d exists in the document. For bigram-pair features, the value is true if the bigram g/q2
exists in the query and the bigram d/d2 exists in the document. For proximity term features,
the value is #rue if the word ¢/ and the word ¢2 appear together within a windows size of W
in the query and the word d exists in the document.

{4631 The binary feature function may be coupled with a corresponding sample label.

The sample label indicates whether a feature is a positive instance in which the query and the
document are relevant, or a negative instance in which the query and the document are
irrelevant. If a vocabulary size of V' is assumed, V**2 feature functions for unigram-pair
features, V4*2 features for bigram-pair features, and V3*2 features for proximity term
features are obtained. This sums to a total V2#2+ V*4#2+ V32 features.

{38521  In various embodiments, clickthrough data for training the translation model is
collected from a search engine log. The clickthrough data may include users’ queries,

resulting documents, and users’ click information in the session. In some embodiments, the
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translation model is trained based on clickthrough data obtained from the search engine log
spanning several months or even years.

{48531  In general, documents obtained for Web searches are semi-structured text
documents that contain several different fields. For example, each document may include a
title field, a keyword field, and a body content field, among others. Such fields may be
referred to as “content fields.” There may also be fields corresponding to text from other
sources, which may be referred to as “popularity fields.” Such popularity fields may include
anchor text fields and query text fields. Popularity fields typically depend on the popularity
of particular Web documents.

{1384}  According to embodiments described herein, any of the fields described above may
be used to generate features based on the clickthrough data. However, because features grow
very fast with the length of the field, it may be difficult to use fields such as the body content
field or the keyword field to generate the features. Thus, in various embodiments, title fields
of the documents are used to generate the features from the clickthrough data.

{3853}  In various embodiments, aggregation of the clickthrough data in the search engine
log may be performed prior to model training in order reduce the amount of noise within the
clickthrough data. For example, a search engine log may contain(Q, D, isClick,rank), in
which @ is the user issued query, D is the document on the result page, isClick is a binary
indicator, and rank is the position of result D in the search result list for query Q. In this
case, the results may be aggregated by Q and D. After aggregation, an impression field, a
click count field, a skip count field, and a miss count field are obtained. The impression field
includes the number of times that @, D appear. The click count field is the number of times
that D was clicked in a query session with Q. The skip count field is the number of times D
was marked skipped in a query session with Q. In general, a document may be considered to
be marked skipped if the document is not clicked and is above the lowest ranking document
that a user clicked in a query session. The miss count field is the number of times D was
marked missed in a query session with Q. In general, a document may be considered to be
marked missed if the document is below the lowest ranking clicked document in a query
session.

{4856} In order to generate the features for training the translation model, the relevance of
each query-document pair is determined. However, the documents’ relevance to a query
cannot be determined directly by the number of times or rate at which the document is

clicked within the search result list for the query. Unfortunately, clicks within the
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clickthrough data are heavily distorted by many factors other than the actual relevance of the
documents. The factor that results in the most distortion within the clickthrough data is the
order in which the documents are presented in the search result list, since documents that are
higher in the search result list are more likely to be clicked on by a user. This may be
referred to as “click position bias,” or simply “position bias.”

{68377 A number of generative models have been developed for modeling the clicking
behavior of users conditioned on the ranked search result list and the relevance of the
document through latent variables. One such model is the examination model. The
examination model assumes that the probability of a document being clicked on is
conditioned on the document’s relevance to a query as well as the document’s rank within the

search result list, as shown below in Eq. 6.

P(click|d,,rank) = r4 * Xpank 6)
In Eq. 6, the term x,.4,, s called a trust bias that represents a user’s trust for the item
appearing at a certain rank. The term 7 is equal to r; € [0,1]. The term x4y 1S equal to
Xrank € [0,1] and is a fixed discount function conditioned only on the rank. With a set of

observations O = {rank, click} for document D and query Q, the relevance rel,; can be

inferred using log likelihood as the loss function according to Eq. 7.

Loss = Yaccuick 103(1 - xrdreld) + Laenoctick 108(xr4rely) (7)

Thus, the optimum rely value disregards all the position discount x,., of the clicked

document. In addition, the mean square loss may be as shown below in Eq. §.
Loss = Ygecrick(1 — xryrely)® + Taenocuick(Xr relq)? (8)

A closed form solution on rel; may be determined according to Eqgs. 9 and 10 in order to

minimize the loss function.

Loss' = Yacciick —2 * (1 - xrdreld) * Xp, + Laenoclick 2 * (xrdreld) *Xpy =0 )
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Yicclick X%,
eClick Xt (10)

rela = Yiectick X7;+ XjeNoClick xfj
{6838}  Another model that has been developed for modeling the clicking behavior of users
is the cascade model. According to the cascade model, it is assumed that a reader reads a
document from top to bottom. It is also assumed that a user clicks on a document with a
probability of 7; and skips the document with a probability of 1-r,. Further, it is assumed
that a user never comes back after one click on a document, and never stops until he clicks on

cach document. According to these assumptions, the probability of a user clicking on a

document at rank i is given below in Eq. 11.
Ca; = Ta ;;11(1 —Tdin rankj) 11

Following the above assumptions, each click in the clickthrough data only occurs when a
user decides to click on a specific document, as well as skip every document above the
specific document.

{4859}  The dynamic Bayesian model may be considered as an extended version of the
cascade model. In order to model the users’ click behavior, the dynamic Bayesian model
defines several hidden variables. Hidden variable E means that the user examined a
particular URL. Hidden variable A means that the user was attracted by the URL. Hidden
variable S means that the user was satisfied with the URL. A Bayesian network may then be
built with the probability assumptions shown below in Egs. 12-18.

A=1Eo1C=1 (12)
PA4;=1) = a, (13)
P(S; =1|C; =1) = s, (14)
C;=0-S5=0 (15)
S;=1 —>E;;=0 (16)
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P(Ey, =1E; =15 =0)=y (17)

E;=0 - E4; =0 (18)

{¢8#68{ The dynamic Bayesian model assumes that a URL is clicked if a user is attracted by
it with a probability of a,,. A user can only be attracted by a URL if it is examined. The user
will stop if he is satisfied by a clicked URL. However, a user can stop examining the next
URL with a random probability of 1 — y without satisfaction. The relevance of a document
is the probability of the user being satisfied after examining the document P(S = 1|E = 1),

as shown below in Eq. 19.

= P(Sl = 1|El = 1) = P(Sl = 1|Cl = 1)P(Cl = 1|El = 1) = aySy (19)

To inference the hidden variable from clicking observations, an expectation maximization
algorithm may be used to find the maximum likelihood estimation of the clickthrough data.
{1361}  If an assumption on the value of y = 1 is made, the inference process becomes
much simpler. When y = 1, this means that a user never stops until a satisfactory document
is found. Following this assumption, @, and s,, can be derived as shown below in Egs. 20

and 21.

a, = (a{LV + aa)/(ag + aq + Ba) (20)

Sy = (5111\, + as)/(sg + as + Bs) (21

In Egs. 20 and 21, the terms « and £ represent the prior beta distributions for «,, and s,,. The
term a represents the document’s click count. The term a® represents the number of times
the document D was examined, which is equal to the number of times it is above the last
clicked URL in a session. The term S¥represents the number of times document is a
satisfactory document, that is, when it is the last clicked URL in a session. This simplified
version of Bayesian Network has very good performance when y is not equal to 1.

{1362}  In some embodiments, at least three different settings may be used to train the
discriminative translation model. For the first setting, training samples with binary labels are

used. For the second setting, training samples with binary labels are still used, but sample
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weights are also adjusted by the corresponding label confidence. For the third setting, a
learning to rank approach is used.

{4863} A relevance binary labeling technique may be used to determine the relevance of
cach document-query pair. Specifically, the training samples set may be labeled using
inferred relevance. First, all document-query pairs that have under10 impressions are
removed. The remaining document-query pairs are then ordered by their relevance.

{#864]  Either hard cutting or soft cutting assignment techniques may be used to label the
document-query pairs. For the hard cutting assignment technique, top and bottom document-
query pairs from the ordered list are chosen as positive and negative instances. According to
the defined ratio of training labels, a specified number, P, of most relevant document-query
pairs are chosen as positive instances, and a specified number, N, of most irrelevant
document-query pairs are chosen as negative instances. For the soft cutting assignment
technique, instead of using only the most relevant and irrelevant document-query pairs,
sample weights are used to interpolate between positive and negative instances. This may be
accomplished using linear interpolation or a sigmoid function, for example.

{@#¢63  In some embodiments, a heuristic relevance function is used to determine the
relevance of query-document pairs. This may be accomplished by applying heuristic
relevance functions on the aggregated statistics for relevance. In some cases, in order to
quickly find suitable heuristic relevance functions, human judgment labels are used as the
ground truth for relevance.

{¢8e6] A simple linear function is trained using statistics from aggregating the training
samples identified from the clickthrough data as features. In order to find good weights for
the features, an intersection set between the clickthrough data set and the human judgment
data set may be found. A grid search may then be performed to find the optimal weight of
the function. For each point in the search, a Normalized Discounted Cumulative Gain
(NDCG) score may be calculated using the weights at the current step. The point with the
maximum NDCG score is then used as the optimal weight combination.

{1367} The NDCG evaluation metric used according to embodiments described herein
places more importance on accurately ranking items are higher ranks, while discounting
items at lower ranks. The DCG score may be calculated as shown below in Eq. 22, wherein

rel; is a predetermined gain for each document label.

DCG, = rel, + P, — 24 (22)

=2 10g, (i+1)
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However, the DCG scores of ranked lists of different lengths and different label distributions
may vary significantly. Thus, the normalized DCG may be calculated by dividing by a DCG
score of perfect ranking, i.e., a document ordered by its reference gains. This may guarantee
that the DCG score will be between 0 and 1.

{1368]  In some embodiments, the discriminative translation model is trained according to a
pairwise training technique. The pairwise training technique also uses a binary classifier to
approximate a learning to rank problem. However, instead of generating a label for each
individual training sample, a pair of samples is used as an input. Furthermore, instead of
learning a feature weight for a single point, the features differences between positive and
negative query-document pairs are learned.

1686% A clickthrough data set may be aggregated by the corresponding queries. Within
cach list, documents may be ordered by their inferred relevance. Pairs of samples in which
one pair’s relevance is significantly higher than the other pair’s relevance may be found.
Two-sample t-tests with unequal sample sizes and unequal variances may be used. For each
pair (x1,x2), two instances are generated, including {x = x2 —x1,y = —1}} and {x =

x1 — x2,y = —1}. These instances are then are used to train a logistic classifier. The
resulting classifier can be used to work directly on the feature for a point sample, and its
resulting posterior probabilities for labels are used for ranking.

{¢87¢1 Fig. 4 is a process flow diagram of a method 400 for training a translation model
and performing Web search ranking using the trained translation model. The method begins
at block 402, at which query-document pairs are extracted from clickthrough data. The
clickthrough data may be obtained from a search engine log, and may include clickthrough
data collected over several days, months, or years. At block 404, position bias is removed
from the query-document pairs by generating training samples including positive and
negative query-document pairs. Each positive and negative query-document pair may be
assigned a weight that is determined at least in part based on its position in a search result list
for a corresponding query. For example, documents listed higher in the search result list are
assigned a lower weight.

{71} Atblock 402, a list of all training samples is obtained. At block 408, the translation
model is trained based on the training samples using OWL-QN techniques. The trained
translation model is then obtained at block 410. In various embodiments, the translation
model is a sparse log-linear model.

{08721 Atblock 412, a user query and a list of corresponding documents are obtained. The

user query and the corresponding documents may be obtained in the form of a number of

18



10

15

WO 2014/085776 PCT/US2013/072502

query-document pairs. At block 414, the query-document pairs are ranked based on their
relevance to the user query using the trained translation model. Further, in some
embodiments, the documents are ordered in descending order according to their relevance to
the user query within a search result list that is displayed to the user. Thus, the method 400
may provide for more efficient Web searching by allowing the user to more readily obtain a
document that is relevant to the user query.

{46731 The process flow diagram of Fig. 4 is not intended to indicate that the blocks of the
method 400 are to be executed in any particular order, or that all of the blocks are to be
included in every case. Further, any number of additional blocks not shown in Fig. 4 may be
included within the method 400, depending on the details of the specific implementation.
{#374] Although the subject matter has been described in language specific to structural
features and/or methodological acts, it is to be understood that the subject matter defined
in the appended claims is not necessarily limited to the specific features or acts described
above. Rather, the specific features and acts described above are disclosed as example

forms of implementing the claims.
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CLAIMS
1. A computer-implemented method for Web search ranking, comprising:
generating a plurality of training samples from clickthrough data, wherein the
plurality of training samples comprises positive query-document pairs and
negative query-document pairs;
discriminatively training a translation model based on the plurality of training
samples; and

ranking a plurality of documents for a Web search based on the translation model.

2. The method of claim 1, wherein ranking the plurality of documents
comprises reordering the plurality of documents for the Web search based on a relevance

of each of the plurality of documents to a query.

3. The method of any combination of claims 1-2, wherein each of the positive

query-document pairs and the negative query-document pairs comprises a query-title pair.

4. The method of any combination of claims 1-3, wherein the translation

model comprises a sparse log-linear model.

5. The method of any combination of claims 1-4, comprising discriminatively
training the translation model using an L1-norm regularization technique, wherein the L1-
norm regularization technique comprises an Orthant-Wise Limited-memory Quasi-

Newton (OWL-QN) technique.

6. The method of any combination of claims 1-5, comprising removing
position bias from the clickthrough data during generation of the plurality of training

samples.

7. A system for Web search ranking, comprising:
a processing means that is adapted to execute stored instructions; and
a system memory , wherein the system memory comprises code configured to:
generate a plurality of training samples from clickthrough data, wherein
position bias within the clickthrough data is removed during

generation of the plurality of training samples;
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discriminatively train a sparse log-linear translation model based on the
plurality of training samples; and
rank a plurality of documents for a Web search based on the sparse log-

linear translation model.

8. The system of claim 7, wherein ranking the plurality of documents for the
Web search comprises assigning a relevance score to each of the plurality of documents

based on a relevance of the document to a query.

9. The system of any combination of claims 7 or 8, wherein the plurality of
training samples comprises positive query-document pairs and negative query-document

pairs.

10.  The system of claim 9, wherein each of the positive query-document pairs
and each of the negative query-document pairs is generated based on a similarity between

terms in a query and terms in a specified field of a document corresponding to the query.

11.  The system of claim 10, wherein the specified field comprises a title field

of the document.

12. The system of any combination of claims 7-11, wherein the clickthrough
data comprise user queries, documents corresponding to the user queries, and user click

information corresponding to the user queries.

13.  The system of any combination of claims 7-12, wherein the sparse log-
linear translation model is discriminatively trained using an L1-norm regularization
technique, wherein the L1-norm regularization technique comprises an Orthant-Wise

Limited-memory Quasi-Newton (OWL-QN) technique.

14. The system of any combination of claims 7-13, wherein removing the
position bias comprises assigning a weight to each query-document pair based on a
location of a corresponding document within a search result list of a corresponding query,

and wherein documents that are higher in the search result list are assigned a lower weight.

21



WO 2014/085776 PCT/US2013/072502

15.  One or more computer-readable storage media for storing computer-
readable instructions, the computer-readable instructions to implement a method or realize

a system as claimed in any preceding claim.
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