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LANGUAGE IDENTIFICATION FOR TEXT STRINGS

RELATED APPLICATIONS

10601} This international application claims the benefit of prionity to
U5, Patent Application Serial No. 15/363 283 filed on November 29, 2016,
entitled “LANGUAGE IDENTIFICATION FOR TEXT STRINGS,” which is

mcorporated herein by reference m s entirety.

TECHNICAL FIELD

10062} The present disclosure gencerally relates to the technical field of
special-purpose machines that perform natural language processing, including
computenzed varants of such special-purpose machines and improvements o
such variants, and to the technologies by which such special-purpose machings
become improved compared to other special-purpose machines that perform
natural language processing. In particular, the present disclosure addresses

systems and methods for improving language identification of text strings.

BACKGROUND

{0603} Many websites allow users to input text in their native language.
Thus, these websites must be capable of processing text entered in a variety of
different input languages. To be able to process the variety of input languages,
these websttes must first identify what the input language is before undertaking
more substantive processes with the mput. For example, prior to being able to
transiate onc language to another {c.g., English to Spanish)}, the website must
first identify the language that is to be translated. As another example, services
such as spam and profanity detection, which are emploved by many websites
that allow users to submit content, are language-specific, and hence, these
websites must have knowledge of the input language prior to 1voking the
appropriate service. While many techniques for language identification exist,
gach technique varnies in accuracy depending on the type and fength of the mput
text. For example, some of these techniques may perform well when applied on

long text, but do not perform as well on short text.
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BRIEF DESCRIPTION OF THE DRAWINGS

{8604} Various ones of the appended drawings merely illustrate example
embodiments of the present disclosure and cannot be considered as Limiting its
scope.

[0005] F1G. 1 is 2 network diagram illustrating a network environment in
which a language identification system may be implemented, according to some

example embodiments.

{03006] FIG. 2 15 a diagram #lustrating example mteractions of the
language identification system with network services, according to some

example embodiments.

{0607} FIG. 3 is a system diagram illostrating functional components of
a language identification system, according to some example crubodiments.
{6008} FIG. 4 15 a data flow diagram illustrating the functioning of the
functional components of the language identification system m providing a
language identification service, according to some example embodiments.
HEERY FIGS. 5-7 are flow charts depicting operations of the language
wdentification system in performing a method of providing a language
wlentification service, according to example embodiments.

{0018] F1G. 8 1s a flow chart depicting operations of a method for
training a gradient boosting machine, which 1s provided as part of the language
wdentification system, according to some example embodiments.

[0011] FIG. 9 is a diagrammatic representation of @ machine in the
example form of a computer system within which a set of instructions for
causing the machine to perform any one or more of the methodologies discussed

herein may be executed.

DETAILED DESCRIPTION

06012} Reference will now be made in detail to specific example
embodiments for carrying out the inventive subject matier. Examples of these
specific embodiments are illustrated in the accompanying drawings. It will be
understood that these examples are not mtended to linut the scope of the clamms
to the illastrated embodiments. On the contrary, they are intended to cover such
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alternatives, modifications, and equivalents as may be included within the scope
of the disclosure. In the following description, specific details are set forth m
order to provide a thorough understanding of the subject matter. Embodiments
may be practiced without some or all of these specific details.

0613} Aspects of the present disclosure inchude a svstem and methods
for language identification of text. Consistent with some embodiments, the
system receives a text string (e.g., any combination of leticrs. svibols. munbers,
spaces, and punctiation) that may be in any namber of different languages {¢.g.,
English, Spanish, French, German). The system includes multiple language
wdentification models, each of which utilizes a different technigue to predict a
language of the text string and provide a confidence score associated with the
predicted language. The system applies cach of the language identification
models to the text string, and cach model, in turn, provides a predicted language
and a confidence score associated with the predicted language. The system
further includes a gradient boosting machine {(GBM}) that weights each of the
confidence scores based on historical performance of the corresponding model in
accurately predicting a language of similar text strings as the current input. The
system selects one of the predicted languages provided by the multiple language
wdentification models based on the weighted confidence scores. Weights are also
generated based on past input performance.

[0014] In this way, the system may apply multiple language
wdentification techniques to any given mput text string and predict a weighte
average of these where weights are determined dynamically by prior application
of the technique to similar text strings. By applving snudtiple language
wdentification models and using their weighted average, the system provides an
improvement to conventional systems that utilize only a single language
wlentification model. In particular, the case-by-case selection of a language
prediction from a particular language identification mode! from among multiple
applied language identification models improves the overall accuracy of
language predictions as compared to conventional systems that provide limited
accuracy and constrained performance when applied to certam input languages
and text string lengths. For example, the methodologics desenbed in the present
disclosure may provide a significant improvement in cases where the input text

b
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string 1s short {e.g., ranging from a few words to a single sentence), whichisa
hard problem: to solve for language identification. Further, the methodologies
described in the present disclosure provide the significant improvement in
language identification for short text without compronusing the guality of results
on longer text.

{0615} With reference to FIG. 1, an example network environment 100 is
shown. The network environment 100 includes a language identification system
102 1 commumication over a network 104 with network services 106A-C. As
discussed below, the language identification system 102 and network services
106A-C may be, or include, a machine such as a server or any other tvpe of
computing machine. The language identification system 102 and the network
services F06A-C may communicate over the network 104 via one or more
Application Programming Interfaces (APls). One or more portions of the
network 104 may be an ad hoc network, an intranct, an extranet, a virtual private
network (VPN}), a local area network (LAN), a wireless LAN {WLAN), a wide
area network {(WAN), a wireless WAN (WWAN), a metropolitan area network
{MAN}, a portion of the Intemet, a portion of the public switched telephone
network (PSTN), a cellular telephone network, a wireless network, a Wi-Fi®
network, a WiMax network, another type of network, or a combination of two or
more such networks.

{0016} The language identification system 102 is configured to receive a
text string and predict a language of the text string. The language identification
system 102 may receive the text string from one of the network services 106A-C
or from an external system or service in communication with the language
identification system 102 over the network 104, In an example, the network
service 106A provides a web search service that includes a web search engine to
search for mformation related to scarch queries input by users. In this example,
the network service 106A may pass received search queries to the language
wdentification systemn 102 prior to searching for information. In another example,
the network service 1068 provides a content publication service that receives
submissions of content that includes text. In this example, the network service

1068 may provide such text to the language identification svstem 102 priorio
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performing processing of such text such as for spam, gibberish {(e.g., incoherent
or nonsensical phrases}, or profanity detection.

0017} Upon predicting the language of a text string, the language
wdentification system 102 communicates the predicted language (e.g., through
transmisston of an electronic data packet) to at least one of the network services
106A-C or to an external service m communication with the language
identification systerm 102 over the network 104,

6018} As an example, FIG. 2 illustrates interactions of the language
identification system 102 with network services, in accordance with some
example embodiments. As shown, user gencrated content 200 {e.g., reviews,
Listings, and user messages) that includes text 1s received as mput by the
language dentification system 102. The user generated content 200 may be
provided to the language identification system 102 by one of the network
services 106A-C. The language identification system 102 analvzes the user
generated content 200 to identity (e g, through machine-leamed prediction) a
language of the text (¢.g., English, Spanish, or French). A language translation
service 202 {c.g., network scrvice 106A), a spam detection service 204 (e.g.,
network service 1068), and a protanity detection service 206 {e.g., network
service 106C) also receive the user generated content 200 as wnput along with the
language prediction provided by the language identification system 102, Each of
the language-based services provided (the language translation service 202, the
spam detection service 204, and the profamity detection service 206) relies upon
knowledge of the input language to process the text of the user generated content
200. The application of the language translation service 202, the spam detection
service 204, and the profanity detection service 206 to the user generated content
200 results 1n moderated and enriched content 208 {¢. g, translated content,
spam-less content, and/or content with profanity removed) that may be
clectronically published by a network-based content publisher. The moderated
and enriched content 208 1s also stored 1n persistent storage 210 {e.g., a
computer-readable storage device).

[3019] FIG. 3 is a system diagram dlustrating functional components of
the language wdentification system 102, according to some example
embodiments. To avoid obscuring the inventive subject matter with unnecessary
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detail, various functional components {(¢.g., modules, engines, and databases)
that are not germane to conveying an understanding of the inventive subject
matter may have been omitted from FIG. 3. However, a skilled artisan will
readily recognize that various additional functional components may be
supported by the language wdentification system 102 to facilitate additional
functionality that is not specifically described herein,

{0020] As shown, the language identification system 102 mcludes an
mterface modale 300, a named entity recognttion and removal module 302,
language identification models 304, a gradient boosting machine {GBM) 306,
and a data store 308. The above referenced functional components of the
language identification system 102 are configured to communicate with each
other {¢.2., via a bus, shared memory, a switch, or APIs). Any one or more of
the functional components illustrated in FIG. 3 and described herein may be
implemented using bardware {e.g., a processor of a machine) or a combination of
hardware and software. For example, any one of the components describe
herein may configore a processor to perform the operations described herein for
that component. Morcover, any two or more of these coraponents may be
combined mto a single component, and the functions descnibed herein fora
single component may be subdivided among multiple components.
Furthermore, according to vanous example embodiments, any of the functional
components tllustrated 1n FIG. 3 may be implemented together or separately
within a single machine, database, or device or may be distributed across
multiple machines, databases, or devices.

[0021] The mterface module 300 mchides one or more APIs that
facilitate commumication {e.g., an exchange of data} between the language
wentification system 102 and the network services 106A-C as well as external
systems and services. The mterface module 300 may receive requests {e.g.,
requests to identifv a language of a text) from the network services 106A-C, and
communicate appropriate responses (¢.g., predicted languages of the received
text} to the network services 106A-C.

[0022] In some mstances, the text strings provided to the language
identification system (02 for language wWentification may include one or more
named entities (¢.g., proper nouns) that may be or appear to be i a different

6
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language than the remainder of the text string. In these mstances, named entities
are usually referred to in their native language rather than being translated to the
language used to refer to them. For cxample, despitc a text string being in
Spamsh, a reference to a brand such as “NEW BALANCE” included m the text
string is likely to remain in English. In these instances, a reference to a named
entity of a first language being included in a text string of a second language
may decrease the accuracy of the language prediction of the text string. To
mmprove the accuracy of langaage predictions in these mstances, the language
wdentification system 102 includes the named entity recogrnition and removal
module 302, which is configured to identify and remove named entitics (¢ 2.,
proper nouns) in text strings. The named entity recognition and removal module
302 may identify named entitics by parsing text strings to identify individual
kevwords and comparing the keywords to a reposttory of named entities. Upon
identifving a named entity in a text string, the named entity recognition and
removal module 302 removes the named entity from the text string prior to
further processing.

{6623] The language identification models 304 include multiple language
identification models (¢ .g., language identification models 1-¥) configured to
predict a language of input fext strings when applied thereto. Each ofthe
language identification models 1-V is configured to provide a predicted language
of an input text string and provide a confidence score associated with the
predicted language. The confidence score provided by each of the language
identification models 1-V indicates a hkelihood that the language predicted by
the corresponding language identification model is accurate. Each of the
language identification models 1-¥ may use different techniques for predicting
languages and assigning confidence scores, and each langoage identification
module 1-N may be particulardy surted for certain languages, phrases, and/or text
string lengths.

[6024] As an example, the language identification models 1-¥ may
mnclude or utilize any one of several known language wdentification techniques
such as Compact Language Detector 2 {CLD2), Apache Tika, Natural Language
Toolkit (NLTE) LanglD, a support vector machine trained on language data, or
any other such language wentification technigue. Consistent with some

oy
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embodiments, the language identification models 1-N may also include a
location identifier model that uses the geographic origin of the text string in
wdentifving the language of the text string. The location identitier model
assumes that the primary language of the geographic ongin of the text string is
the language of the text string. For example, f the geographic origin of a text
string is Spain, the location identifier model predicts Spanish as the language of
the text string. The location identifier model may determune the geographic
origin of the text string from a stte identifier included along with the text string
i a request for language identification recetved by the language identification
system 102 from one of the network services 106A-C.

[8625] The GBM 306 is configured to assign a weight, referred to as a
gradient boosting value, to each confidence score provided by the language
identification models 304. The gradient boosting value assigned to a particular
confidence score by the GBM 306 is based on previous performance of the
corresponding language identification model (e.g., language wdentification
models 1-V } for similar inputs as the current one. More specifically, the GBM
306 assigns a gradient boosting value to a confidence score based on an accuracy
of the corresponding langnage identification model in predicting a language of a
similar text string. Accordingly, in assigning gradient boosting values o
confidence scores associated with predicted languages of a text string, the GBM
306 may map the text string to one or more similar text strings to which the
language dentification models 304 have been previousty applied {e.g., atext
string inchuded in a tramning data set used to train the GBM 306}, The GBM 306
may further determine an accuracy of cach of the language identification models
304 by comparing the predicted language output by each model with a known
language of the similar text string. The GBM 306 determunes the gradient
boosting value for cach model based on the determined accuracy of each model
m predicting the language of the sunilar text stang.

[6026] As noted above, each of the language identification models 304
provides a predicted language of the text string. The language identification
system 102 treats the set of predicted languages {(¢.g., comprising the predicted
language provided by cach of the language identification models 304) as
candidate language predictions. The GBM 306 selects a predicted language

8
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from among the candidate language predictions for output by the language
wdentification system 102 (¢.g., to provide to a language-based service such as
the network services 106A~C). The GBM 306 selects the predicted language
based on the weighted confidence scores {(¢.g., the contidence scores with
applied gradient boosting values) associated with the candidate language
predictions. For example, the GBM 306 may select the candidate language
prediction having the highest weighted confidence score as the predicted
language to be output by the language identification system 102,

[6027) The data store 308 includes a computer-readable storage device to
store data related to the functioning of the language identification system 102.
For example, the data store 308 may serve as storage {(e.g., a cache) for input text
strings and their identified language. The storage is also used to store the GBM
model. For example, the data store 308 may store a plurality of gradient boosting
values used to weight confidence scores.

{60281 With reference to FIG. 4, atext string 400 s received as mput by
the mterface module 300 and provided to the named entity recognition and
removal module 302, The text string 400 may be communicated to the language
identification system 102 from one of the network services 106A-C aspart of a
request for language identification. Accordingly, the text string 400 may be, for
example, a search query input by a user or a portion of textual content submitted
for clectronic publication. The named entity recognition and removal module
302 analvzes the text string 400 to wdentify any named entities {¢.g., proper
nouns such as brand names) and removes any such mformation prior to
providing the text string 400 to the language identification models 1-N.

6029} Each of the langnage identification models 304 1s applied to the
text string 400, and in tam, each of the language identification models 304
produces a candidate language prediction for the toxt string 400 and a confidence
score associated with the language prediction. As shown, the GBM 306 receives
the language predictions and confidence scores, and weights cach confidence
score according to a gradient boosting value determined based on historical
performance of the comresponding language identification model 304,

0634} The GBM 306 selects one of the candidate language predictions
produced by the language identification models 304 based on the weighted

9
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confidence scores generated by the GBM 306, The candidate language
prediction selected by the GBM 306 is output by the language wdentification
system 107 as a predicted language 402. The interface modulc 300 may provide
the predicted language 402 to one or more language-based services, such as the
network services 106A-C, for subsequent processing {¢.g., language translation,
spam detection, gibberish detection, or profanity detection).

{0031} F1G. 5 15 a flow chart depicting operations of the language
wdentification system 102 in performing a method 500 of providing a language
wdentification service, according to example embodiments. The method 500 may
be embodied in computer-readable instructions for execution by one or more
processors such that the operations of the method 300 may be performed m part
or in whole by the language identification system 102; accordingly, the method
500 1s described below by way of exampie with reference thereto. However, it
shall be appreciated that at [cast some of the operations of the method 500 may
be deploved on varous other hardware configurations and the method 500 15 not
mtended to be limited to the langnage identification svstem 102.

[6632] At operation 505, the interface module 300 obtains the text string
400. The text string 400 may include any combination of letters, symbols,
numbers, spaces, and punctuation. The text string 400 may be in any number of
different languages {¢.g., Spanish, Eoglish, French, German, Russian}. The text
string 400 may be a user input provided 1o one of the network services 106A-C,
and in tum, provided to the language identification svstem 102, viaan AP, as
part of a request to identify the language of the text string 400 for purposes of
further processing.

{0633} At operation 510, the language identification system 102 applies
multiple language identification models 304 to the text string 400, Each of the
language identification models 304 analyzes the text string 400 to provide a
candidate language prediction and a confidence score associated with the
candidate language prediction. The candidate language prediction mcludes a
predicted language for the text string 400 (¢.g., Spanish, English, French,
German, Russian}. The confidence score provides a measure of the likelihood

that the candidate language prediction is accurate.
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06034} At operation 515, the GBM 306 accesses the confidence scores
produced by the language identification models 304, At operation 520, the
GBM 306 weights cach confidence score using respective gradient boosting
values associated with the corresponding language identification model. Each
respective gradient boosting value is determined based on historical performance
of the corresponding language identification model in predicting languages of
similar text strings as the current input {¢.g., a toxt string that is similar to the
text string 400). In weighting each confidence score, the GBM 306 may
multiply the confidence score by the gradient boosting vahie.

0035] At operation 523, the GBM 306 selects a predicted language 402
for the text string 400 from the candidate language predictions produced by the
language identification models based on the weighted confidence scores {e.g.,
the confidence scores multiplied by respective gradient boosting values). For
cxample, the GBM 306 may sclect the candidate flanguage prediction having the
highest weighted confidence value as the predicted language 402 of the text
string 400.

{6036} At operation 530, the imterface module 300 provides the predicted
language 402 of the text string 400 1o at least one of the network services 106A-
C. In providing the predicted language 402, the mterface module 300 may
transmit {¢.g., via an appropriaic AP call} an electronic message or data packet
over the network 104 to at least one of the network services 106A-C for
subsequent processing thereby. For example, the network services 106A-C may
utifize the predicted language 402 to perform language-based services such as
language translation, spam detection, profanity detection, or gibberish detection.
18037} As shown n FIG. 6, the method 500 may include operations 506
and 507, In some example embodiments, operations 506 and 507 included in the
method 500 may be performed pror to, oras part of (2.5, a precursor task, a
subrouting, or a portion}, operation 510 of the method 500, m which the
language dentification system 102 applies the language identification models
304 to the text string 400,

[(3038] At operation 506, the named entity recognition and removal
module 302 recognizes a named entity (e.g., a proper noun such as a brand
name) included in the text string 400. The named entity recognition and removal

It
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module 302 may use known natural language processing techniques to analyze
the text string 400 and parse out the text string 400 to identifv individual
kevwords. In some embodiments, the named entity recognition and removal
module 302 may recognize named entitics based on whether the text 1s a
particolar named entity, like a brand, product, color ete. In some embodiments,
the named entity recognpition and removal module 302 may compare the
mdividual keyvwords o a repository of named entities to identify the named
entity in the text string 400,

[{3039] At operation 507, the named entity recognition and removal
module 302 removes the identified named entity from the text string 400, As
noted above, because named entitics may be in a different language than the
remainder of the text string (e.g., a brand name i English included in a text
string in Spanish), the inclusion of named entities in text strings 400 may
negativelv affect the accuracy of the language predictions provided by the
language identification models 304, Thus, by removing the named entity from
the text string 400, the named entity recognition and removal module 302
mmproves the accuracy of the language predictions provided by the language
wdentification models 304,

{8044} As shown in FIG. 7, the method 500 may inclade operations 516
and 517. In some cxample embodiments, operations 516 and 517 included in the
method 500 may be performed prior to or as part of (¢.g., a precursor task, a
subrouting, or a portion} operation 520 of the method 500, in which the GBM
306 weights each of the confidences scores.

10041} At operation 516, the GBM 306 maps the text string 400 to one or
more stmilar text strings to which the language identification models 304 have
previously been applied. The one or more stmilar text strings may be incladed in
atraining data set {e.g., a collection of text strings of known languages) used to
train the GBM 306 by determoining the accuracy of the language identification
models 304 under various circumstances {¢.g., different languages and different
toxt string lengths). Further details regarding the training of the GBM 306 are
discussed below in reference to FIG. 8, according to some example

embodiments.
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06042} As part of mapping the text stnng 400 to the similar text string,
the GBM 306 creates, in an offline process, a featare space using the corpus of
training data, which includes the one or more similar text strings among others.
At ran-time, when the GBM 306 receives the text string 400, the GBM 306 maps
mput within the feature space to identify the one or more stmilar text strings.
{0043} At operation 517, the GBM 306 determines a gradient boosting
value for cach of the language identification models 304. For example, the
GBM 306 may determine a first gradient boosting value for the language
wdentification model 1, a second gradient boosting value for the language
wdentification model 2, and an Nth gradient boosting value for the language
identification model NV, For a given language identification model, the GBM 306
determines the gradient boosting value based on the accuracy of the language
wlentification model in predicting the known language of the sinnilar toxt string.
In some embodiments, the GBM 306 may calculate gradient boosting values in
an offline process and the GBM 306 may access the appropriate gradient
boosting value (e.g., from the data store 308) at run-time based on the similar
text string to which the input toxt string 400 (the text string obtained at operation
505) is mapped.

0044} FI1G. 8 is a flow chart depicting operations of a method 800 for
traiming the gradient boosting maching 306, which is provided as part of the
language identification system 102, according to some cxampic embodiments.
The method 800 may be embodied m computer-readable mstructions for
gxecution by one or more processors, such that the operations of the method 800
may be performed in part or in whole by the language identification system 102;
accordingly, the method 800 18 described below by way of example with
reference thereto. However, it shall be appreciated that at least some of the
operations of the method 800 may be deployed on various other hardware
configurations and the method 800 is not intended to be linmuted to the language
wdentification system 102, Consistent with some embodiments, the method 800
may be performed in an offline manner prior (o or as part of the operation of the
language identification system 102 in performing the method 500, Farther, the
method 800 may be periodically repeated so as to retrain the GBM 306 ona
periodic basis.
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[0045] At operation 805, the language 1dentification system 102 obtams
a text data set for training the GBM 306, The text data set inchudes a collection
of text strings of various lengths and in varous known languages. The text data
set may include text strings from various sources mcluding textual content such
as blogs, social network posts, and product listings, as well as user reviews and
comments associated with such content. The text data set may include human-
annotated metadata that includes a known language for each text string,.

[B046] At operation 810, the language identification system 102
performs pre-processing of the text data set. As part of the pre-processing, the
named entity recognition and removal module 302 may recognize and remove
named entities from each of the text strings in the text data set. Further, some of
the training data is broken into smaller sentences, 3o that the system can train on
short text strngs. Further, the language ideotification system 102 may interleave
data from different languages to create an even distribution of langunages within
the text data set. In doing so, the language dentification system 102 may
remove one or more text strings from the text data set to ensure the even
distribution of languages in the text data sct. Additionally, the language
identification svstem 102 may divide the text data set mnto a training data set and
atest data set for validating of the trained GBM 306,

{0047} At operation 813, the language identification system 102 applies
the multiple langnage identification models 304 to each text string 400 in the
training data s¢t. Each of the language identification models 304 provides a
language prediction for each text string included in the training data set.

{3048} At operation 820, the GBM 306 determines an accuracy of each
of the language 1dentification models 304 1 predicting a language of each of the
text strings included in the tramming data set. For cach language identification
model 304, the GBM 306 determines the accuracy of the language prediction of
the model for a given foxt string by comparing the language prediction of the
model with the known language of the text stning.

{0049] At operation 825, the GBM 306 calculates a gradient boosting
value for each language identification model 304 for each text string in the
training data set. For each language identification model 304, the GBM 306
calculates a gradient boosting value for a given text string based on the
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determined accuracy of the model’s language prediction of the text string. The
GBM 306 may store each gradicnt boosting value {¢.g., in the data store 308) for
subsequent use during nn-time processing {e.g., at operation 517 of the method
500).

{8656} At operation 8§30, the language identification system 102
validates the GBM 306 using the tost data set. In validating the GBM 306, the
language identification system 102 may execute the method 500, where the text
strings inchided in the test data set are used as the input text strings. For gach
text string in the test data set, the language identification system 102 may
compare the predicted language sclected by the GBM 306 to the known
language of the text stning to verify the accuracy of the GBM 306. In other
words, in validating the GBM 306, the language identification system 102 may:
apply the multiple language identification models 304 to cach text string in the
test data set; weight the confidence score of cach language prediction provided
bv each of the language identification models 304 according to the gradient
boosting values caleulated at operation 825; sclect the langoage prediction
having the bighest associated weighted confidence score for cach text string; and
verify the accuracy of the GBM 306 by comparing the selected language

prediction of each text string with the known langoage of each text string.

MACHINE ARCHITECTURE

LB Y FIG. 915 a block diagram illustrating components of a machine
504, according to some example embodiments, able to read instractions from a
machine-readable mediom (¢ g., a machine-readable storage device) and perform
any one or more of the methodologies discussed herem. Specifically, FIG. 9
shows a diagrammatic representation of the machine 900 in the example form of
a computer system, within which instructions 916 (e g, sofiware, a program, an
application, an applet, an app, or other executable code) for causing the machine
900 to perform any one or more of the methodologies discussed herein may be
exccuted. For example, the instructions 916 may inclede executable code that
causes the machine 900 to execute any one of the methods 500 or 800, These
mstructions transform the general, non-progranumed machine into a particular
machine {e.g., the langaage identification system 102} programmed to carry oot

I
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the described and tHustrated methodologies in the manner described herein. The
machine 900 may operate as a standalone device or may be coupled {e.g.,
networked) to other machines. In a networked deployment, the machine 900
may operate in the capacity of a server machine or a client machine n a server-
chient network environment, or as a peer maching in a peer-to-peer (or
distributed) network environment. By way of non-limiting example, the
machine 900 may comprise or correspond 1o a server compuier, a client
computer, a personal computer (PC), a tablet computer, a laptop computer, a
netbook, a set-top box (STB), a personal digital assistant (PDA), an
entertainment media svstem, a echiular telephone, a smart phone, a mobile
device, a wearable device {e.g., a smart waich}, a smart home device (e.g., a
smart appliance), other smart devices, a web appliance, a network router, a
network switch, a network bridge. or any machine capable of executing the
mstructions 916, sequentially or otherwise, that specify actions to be taken by
the machine 900. Further, while only a single machine 900 is illustrated, the
term “machine” shall also be taken to include a collection of machines 900 that
mdividually or jointly execute the instructions 916 to perform any one or more
of the methodologies discussed herein,

{6652} The machine 900 may include processors 910, memory/storage
930, and 1O components 950, which may be configured to communicate with
cach other such as via a bus 902. In an example embodiment, the processors 910
{c.g., a central processmg unit (CPU), a reduced instruction set computing
(RISC) processor, a complex instruction set computing {CISC) processor, a
graphics processing unit (GPL)}, a digital signal processor {DSP), an application
specific integrated circuit (ASIC), a radio-frequency integrated circuit (RFIC),
another processor, or any suitable combmation thereof) may include, for
example, a processor 912 and a processor 914 that may execute the instructions
916. The term “processor” 1s intended to include a multi-core processor 910 that
may comprise two or more mdependent processors (sometimes referred to as
“cores”) that may execute instructions contemporancously. Although FIG. 9
shows multiple processors, the machine 900 may include a single processor with

asingle core, a single processor with multipie cores {(¢.g., a multi-core
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processor), multiple processors with a single core, multiple processors with
multipics cores, or any combination thereof.

[0053] The memory/storage 930 may include a memory 932, such as a
main memory, or other memory storage, and a storage unit 936, both accessible
to the processors 910 sach as via the bus 902, The storage unit 936 and memory
032 store the instructions 916 embodying any one or more of the methodologies
or functions described herein. The instructions 916 may also reside, completely
or partially, within the memory 932, within the storage unit 936, within at least
one of the processors 910 (e.g., within the processor’s cache memory ), or any
suitable combination thereof, during execution thereof by the machine 900.
Accordingly, the memory 932, the storage unit 936, and the memory of the
processors 910 are examples of machine-readable media.

HEERE Y As used herein, “machine-readable medivm” means a device able
to store instructions and data temporarily or permanently, and may include, but
1s not limited to, random-access memory {RAM), read-only memory (ROM},
buffer memory, flash memory, optical media, magnetic media, cache memory,
other types of storage {¢.g., crasable programamable read-only memory
{EEPROM}}, and/or anv suitable combination thereof. The term “machine-
readable medium” should be taken 1o include a single medium or multiple media
{¢.g., a centralized or distributed database, or associated caches and servers) able
to store the instructions 916, The term “machine-readable medium”™ shall also be
taken to include any medium, or combination of multiple media, that is capable
of storing mstructions {e.g., instructions 916} for execution by a machine (e.g.,
machine 900}, sach that the mstructions, when executed by one or more
processors of the machine {c.g., processors 910}, cause the machine to perform
any one or more of the methodologies described herein. Accordingly, a
“machine-readable mediom” refers to a single storage apparatus or device, as
well as “cloud-based” storage systems or storage networks that include multiple
storage apparatus or devices. The term “machine-readable medium”™ excludes
signals per se. The “machine-readable medium” may also be referred to as a
“machine-readable storage device” or “hardware storage device.”

[8655] The 1/0 components 950 may mclude a wide vanety of
components to recetve mput, provide output, produce cutput, transmit
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mformation, exchange information, capture measurements, and sc on. The
spacific VO components 950 that are included in a particular machine will
depend on the tyvpe of machine. For example, portable machines such as mobile
phones will hikely include a touch input device or other such mput mechanisms,
while a headless server machine will likely not include such a touch input
device. It will be appreciated that the VO components 950 may include many
other components that are not shown in FIG. 9. The I/0 components 950 are
grouped according to functionality merely for simplifying the following
discussion, and the grouping is in no way limiting. In various example
embodiments, the /0 components 950 may mchade output components 952 and
mput components 934, The output components 952 may mclude visual
components {(¢.g., a display such as a plasma display panel (PDP}, a light
emithing diode (LED)} display, a liguid crystal display (LCD), a projector, ora
cathode ray tube {CRT)). acoustic components {¢.g., speakers), haptic
components {(¢.g., a vibratory motor, resistance mechanisms), other signal
generators, and so forth. The mput components 954 may include alphanumeric
mput components {e.g., a keyboard, a touch screen configured to receive
alphanumeric input, a photo-optical kevboard, or other alphanumeric input
components), point-based taput components {e.g., a mouse, a touchpad, a
trackball, a joystick, a motion sensor, or angther pointing mstrument), tactile
mput components {¢.g., a phvsical button, a touch screen that provides location
and/or force of touches or touch gestures, or other tactile input components),
andio input components {¢.g., a microphone), and the hike,

{3056] In further example embodiments, the 10 components 950 may

components 960, or position components 962, among a wide array of other
components. For example, the biometric components 956 may include
coraponents to detect expressions {e.g., hand expressions, facial expressions,
vocal expressions, body gestures, or gve tracking), measure biosignals (e.g.,
blood pressure, heart rate, body temperature, perspiration, or brain waves),
identity a person {(e.g., voice identification, retinal identification, facial
identification, fingerprint identification, or electroencephalogram-based
wdentification), and the like. The motion components 958 may include
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acceleration sensor components (2.g., accelerometer), gravitation sensor
components, rofation sensor components (¢.g., gyroscope). and so forth, The
environmental coraponents 960 may include, for example, ilumination sensor
components {e.g., photometer), temperature sensor components {€.g., one or
more thermometers that detect ambient temperature), acoustic sensor
components {¢.g., one or more microphones that detect background noise), or
other components that may provide mdications, rocasurermenis, or signals
corresponding to a surrounding physical environment. The position componenis
962 may include location sensor components {¢.g., a Global Position System
{GPS) recetver component), altitude sensor components {¢.2 ., altimeters or
barometers that detect air pressure from which altitude may be derived),
orientation sensor components (e.g., magnetometers), and the hike.
{0657} Communication may be implemented using a wide variety of
technologics. The I/O components 950 may include communication components
964 operable to couple the machine 900 to a network 980 or devices 970 viaa
coupling 982 and a coupling 972 respectively. For example, the communication
components 964 may include a network interface component or other suitable
device to interface with the network 980, In further examples, the
communication components 964 may include wired communication
components, wircless communication components, cellular communication
components, near ficld communication (NFC) components, Bluctooth®
components {e.g., Bluetooth® Low Energy), Wi-Fi® components, and other
communication components to provide communication via other modalities.
The devices 970 may be another machine or any of a wide variety of peripheral
devices {e.g., a peripheral device coupled via a Universal Serial Bus (USB)).
{0058} Moreover, the communication components 964 may detect
wlentifiers or include components operable to detect identifiers. For example,
the comumunication components 964 may include radio frequency identification
{(RFID) tag reader components, NFC smart tag detection components, optical
reader components {¢.g., an optical sensor to detect one-dimensional bar codes
such as Universal Product Code {UPC) bar code, multi-dimensional bar codes
such as Quick Response (QR) code, Aztec code, Data Matrix, Dataglvph,
MaxiCode, PDF417, Ultra Code, UCC RSS8-2D bar code, and other optical
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codes), or acoustic detection components (¢.g., microphones to identify tagged
audio signals). In addition, a vanety of information may be derived via the
communication components 964, such as location via Internet Protocol (IP)
geolocation, location via Wi-Fi® signal triangulation, location via detecting an

NFC beacon signal that may indicate a particolar location, and so forth.

TRANSMISSION MEDIUM

HEESY In various example embodiments, one or more portions of the
network 980 may be an ad hoc network, an intranet, an ¢xtranct, a VPN, a LAN,
a WLAN, a WAN, a WWAN, a MAN, the Internet, a portion of the Internet, a
portion of the PSTN, a plamn old telephone service (POTS) network, a celiular
telephone network, a wireless network, a Wi-Fi¥ network, another type of
network, or a combination of two or more such networks, For example, the
network 980 or a portion of the network 980 may include a wircless or cellular
network and the coupling 982 may be a Code Division Multiple Access
(CDMA) connection, a Global System for Mobile communications (GSM)
connection, or another type of cellular or wircless coupling. In this example, the
coupling 982 may implement any of a varietv of types of data transfer
technology, such as Single Carrter Radio Transmssion Technology {1sRTT),
Evolution-Data Optimized (EVDO) technclogy, General Packet Radio Service
{GPRS) technology, Enhanced Data rates for GSM Evolution (EDGE)
technology, third Generation Partnership Project (3GPP) mcluding 3G, fourth
generation wirgless (4G) networks, Universal Mobile Telecommunications
System (UMTS), High Speed Packet Access (HSPA), Worldwide
Interoperability for Microwave Access {WiMAX), Long Term Evolution (L'TE)
standard, others defined by various standard-setting orgamizations, other long
range protocols, or other data transfer technology.

{0060 The mstructions 916 may be transmitied or received over the
network 980 using a transmission medium via a network interface device (e.g., a
network interface component inchuded in the commumication components 964}
and utilizing any one of a number of well-known transfer protocols (e.g..
hypertext transfer protocol (HTTP)). Similarly, the instructions 216 may be
transmtted or received using a transmussion medium via the coupling 972 (e g,
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a pecr-to-peer coupling) to the devices 970, The term “transmission medium”™
shall be taken to mclude any mtangible mediam that 1s capable of stoning,
encoding, or carrving the instructions 916 for exccution by the machine 900, and
meludes digital or analog communications signals or other intangible media to

facilitate commumnication of such software.

MODULES, COMPONENTS AND LOGIC

{0061} Certain embodiments are described herein as including logicora
number of components, modules, or mechanisms. Modules may constitute
gither software modules {¢.g., code embodied on a maching-readable medium or
i 2 transmission signal) or hardware modules. A hardware modufe is a tangible
unit capable of performing certain operations and may be configured or arranged
i a certain manner, In example embodiments, one or more computer systems
{c.g., astandalone, client, or server computer system) or ong or more hardware
modules of a computer system {¢.g., a processor or a group of processors) may
be configured by software (¢.g., an application or application portion} as a
hardware module that operates to perform certain operations as described herein.
[03062] In various embodiments, a hardware module may be implemented
mechanically or electronicallv. For exaraple, 2 hardware module may comprise
dedicated circuitry or logic that is permanently configured {¢.g., as a special-
purpose processor, such as a field-programmable gate array (FPGA) or an ASIC)
to perform certain operations. A hardware module may also comprise
programmable logic or circumitry (¢.g., as encompassed within a general-purpose
processor or other programmable processor) that is temporarily configured by
software to perform certain operations. 1t will be appreciated that the decision o
mmplement a hardware module mechanically, in dedicated and permanenily
configured circuitry, or m temporarily configured circuttry (e.g., configured by
software) may be driven by cost and time considerations.

{0063} Accordingly, the term “hardware module” should be anderstood
to encompass a tangible entity, be that an entity that is physically constructed,
permanently configured {e.g., hardwired}, or temporanly configured (e.g.,
programmed) {o operate in a certain manner and/or to perform certain operations

desenbed herein. Considering crabodiments in which hardware modules are
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temporarily configured {¢.g., programmed), cach of the hardware modules need
not be configured or instantiated at any one instance in time. For example,
where the hardware modules comprise a general-purpose processor configured
using software, the general-purpose processor may be configured as respective
different hardware modules at different times. Software may accordingly
configire a processor, for example, to constitute a particular hardware module at
one instance of time and to constitute a different hardware module at a different
mstance of time.

[3064] Hardware modules can provide information fo, and receive
mformation from, other hardware modules. Accordingly, the described
hardware modules may be regarded as being communicatively coupled. Where
multiple of such hardware modules exist contemporaneously, communications
may be achieved through signal transmission {e.g., over appropriate circuits and
buscs that connect the hardware modules}. o embodiments in which multiple
hardware modules are configured or instantiated at different times,
communications between or among such hardware modules may be achieved,
for example, through the storage and retrieval of information in memory
structures to which the muitiple hardware modules have access. For example,
one hardware module may perform an operation and store the ocutput of that
operation in a memory device to which it is communicatively coupled. A further
hardware module may then, at a later tume, access the memory device to retricve
and process the stored output. Hardware modules may also initiate
commumnications with input or output devices, and can operate on a resouree
{e.g.. a collection of information}.

[0065] The various operations of example methods described herein may
be performed, at least partially, by one or more processors that are temporarnly
configured {e.g., by scfiware) or permanently configured to perform the relevant
operations. Whether temporariy or permanently configured, such processors
may constituie processor-implemented modules that operate to perform one or
more operations or functions. The modules referred to herein may, in some
example embodiments, comprise processor-implemented modules.

[8066] Similarly, the methods described herein may be at least partially
processor-tmplemented. For example, at least some of the operations of a
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method may be performed by one or more processors or processor-implemented
modules. The performance of certain of the operations may be distributed
among the one or more processors, not only residing within a single machine,
but deploved across a number of machings. In some example embodiments, the
processor or processors may be located in a single location {¢.g., within a home
environment, an office environment, or a server farm), while in other
embodiments the processors may be distributed across a number of locations.
38367} The one or more processors may also operate to support
performance of the relevant operations in a “cloud computing” environment or
as a “software as a service” {SaaS). For example. at least some of the operations
may be performed by a group of computers {as examples of machines including
processors), with these operations being accessible via a network (e.g., the

Intemet} and via one or more appropriate interfaces {e.g., APIs).

ELECTRONIC APPARATUS AND SYSTEM

{0068} Example embodiments may be implemented in digital electronic
circuitry, or in computer hardware, firmware, or software, or in combinations of
them. Example embodiments may be implemented using a computer program
product, for example, a computer program tangibly embodied in an information
carrier, for example, in a machine-readable medium for execution by, orto
control the operation of, data processing apparatus, for example, a programmable
processor, a computer, or multiple computers.

[B069] A computer program can be written in any form of programming
language, inchuding compiled or interpreted languages, and it can be deployed in
any form, mcluding as a standalone program or as a module, subroutine, or other
unit suitable for use in a computing environment. A computer program can be
deploved to be executed on one computer or on multiple computers at one site,
or distributed across multipic sites and interconnected by a communication
network.

[G376] In example embodiments, operations may be performed by one or
more programmable processors executing a compuier program to perform

functions by operating on mput data and generating output. Method operations
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can also be performed by, and apparatus of example embodiments may be
munplemented as, special-purpose logic circuitry {¢.g., an FPGA or an ASIC).
10671} The computing system can include clients and servers. A client
and server are generally remote from each other and typically interact through a
communication network. The relationship of client and server arises by virtue of
computer programs ranning on the respective computers and having a client-
server relationship to each other. In embodiments deploving a programmable
computing system, it will be appreciated that both hardware and software
architectures merit consideration. Specifically, it will be appreciated that the
choice of whether to taplement certain functionality in permanently configured
hardware (¢.g., an ASIC), in temporarily configured hardware {e.g.. a
combination of software and a programmable processor), or in a combination of

permanently and temporarily configured hardware may be a design choice.

LANGUAGE

6072} Although the embodiments of the present disclosure have been
descnibed with reference to specitic examplc embodiments, it will be cvident that
various modifications and changes may be made to these embodiments without
departing from the broader scope of the mventive subject matter. Accordingly,
the specification and drawings are to be regarded in an itlustrative rather than a
restrictive sense. The accompanying drawings that form a part hereof show by
way of illustration, and not of imitation, specific embodiments mn which the
subject matter may be practiced. The embodiments illustrated are described m
sufficient detail to enable those skilled in the art to practice the teachings
disclosed herein. Other embodiments may be used and derived therefrom, such
that structural and logical substitutions and changes may be made without
departing from the scope of this disclosure. This Detailed Description, therafore,
is not to be taken in a limiting sense, and the scope of various ecmbodiments is
defined onlv by the appended claims, along with the full range of equuivalents to
which such claims are entitled.

[0073] Such embodiments of the inventive subject matter may be
referred to herein, mdividually and/or collectively, by the term “mvention”
merely for conventence and without mtending to voluntarily fimit the scope of
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this application to any single invention or imventive concept if more than one 18
i fact disclosed. Thus, although specific embodiments have been illustrated and
descnibed herein, it should be appreciated that any arrangement calculated to
achieve the same purpose may be substituted for the specific embodiments
shown. This disclosure is intended to cover any and all adaptations or variations
of various embodiments. Combinations of the above embodiments, and other
crbodiments not specifically described herein, will be apparent, to those of skill
in the art, upon reviewing the above description.

[0074] All publications, patents, and patent documents referred to i this
document are incorporated by reference herein in their entirety, as though
mdividually incorporated by reference. In the event of inconsistent usages
between this document and those documents so imcorporated by reference, the
usage in the incorporated reforences should be constdered supplementary to that
of this document; for irreconcilable inconsistencies, the usage in this document
controls,

[B075] In this document, the terms “2” or “an” are used, as 1s common in
patent documents, to include one or more than one, independent of any other
mstances or usages of “at least one” or “one or more.” In this document, the
term “or” is used fo refer {0 a nonexclusive or, such that “A or B” mncludes “A
butnot B,” “B but not A,” and “A and B.” unless otherwise indicated. In the
appended claims, the terms “including” and “in which” are used as the plain-
English equivalents of the respective terms “comprising” and “wheremn.” Also,
in the following claims, the terms “including™ and “comprising” are open-ended;
that is, a system, device, article, or process that includes clements in addition to
those listed after such a term in a claim are still deemed to fall within the scope

of that claim.
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CLAIMS

1. A system comprising:
one or more processors of a machine;
a phurality of language identification models, each langunage identification
model of the plurality of language identification models configured to provide a
predicted language of input text and a confidence score associated with the
predicted language; and
a machine-readable storage medium storing a set of instructions that,
when executed by the one or more processors, cause the machine to perform
operations comprising;
applyving the phuality of language identification models to a text
string;
accessing a plurality of candidate language predictions for the toxt
string produced as a result of applying the plurahity of language
identification models to the text string, each of the plurality of candidate
language predictions having an associated confidence score provided by
a corresponding langnage identitication model;
weighting each assoctated confidence score based on historical
performance of the corresponding language identification model in
predicting languages of other text strings;
selecting a predicted language of the text string from among the
plurality of candidate language predictions based on a result of the
weighting of the confidence score associated with the particular predicted
language; and
providing the selected predicted language of the text string to a

network service.

2. The system of claim 1, wherein the operations further comprise:
identifving one or more named entities in the text string; and
removing the one or more named entities prior to applying the plurality

of langunage identification models.
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3. The system of claim 1, wherein the operations further comprise:
mapping the text string to a similar text string previously evaluated by
the plurality of language ideuntification models;
wherein the weighting of cach associated confidence score 18 based on an
accuracy of each corresponding language identification model in predicting a

language of the similar text string.

4, The system of claim 3, wherein the operations further comprise:
determuning a gradiont boosting value for cach of the plurality of
language identification models based on the accuracy of cach corresponding
language identification model m predicting the language of the stmilar text
string;
wherein the weighting of each asscciated confidence seore isin
accordance with the gradient boosting value of the corresponding language

wdentification model.

5. The system of claim 1, wherein the operations further comprise:

applving the plurality of language identification models to a plarality of
text strings including a stmilar text string;

determining an accuracy of cach of the plurality of language
identification models in predicting a language of the similar text string by
coraparing respective predicted languages of the similar text string provided by
gach of the plurality of language identification models with a known language of
the similar text string; and

calculating a gradient boosting value for each of the plurality of language
wlentification models based on the respective accuracy of each of the plurality of
language identification models in predicting the language of the similar text
string;

wherein the weighting of each associated confidence score is in
accordance with the gradient boosting value of the corresponding language

identification model.
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6. The system of claim 1, wherein the network service 1s operable to
perform a language processing service with respect to the text string based on the

predicted language.

7. The system of claim 6, wherein the network service 1s selected from a
group consisting of a translation service, a spam detection service, a profanity

detection service, and a gibberish detection service,

8. The system of claim 1, wherein the operations further comprise
recciving, trom a network service, the text string via an application programming

mterface (API), as part of a request for language identification.

9. The system of claim 8, wherein the network service receives the toxt

string as a search query entered by a user.

10, The system of claim 8§, wherein the network service extracts the text

string from content generated by a user.

11, The system of claim 1, wherein the plurality of language identification
models includes a location identifier mode! configured to provide the predicted

language based on a geographic origin of the fext string.

12. A method comprising:

applying a plurality of language identification models to a text string,
cach language identification model of the plurality of langpage identification
models providing a predicted language of the text string and a confidence score
associated with the predicted language;

receiving, as a result of applving the plurality of language identitication

maodels to the text string

o

a plurality of predicted languages of the text string,

gach of the plurality of predicted languages having an associated confidence
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weighting, by a processor of a machine, cach associated confidence score
based on historical performance of the corresponding language identification
model n predicting languages of other text strings;

selecting a predicted language of the text string from among the plurality
of predicted languages based on a result of the weighting of the confidence score
associated with the particolar predicted language; and

providing the sclected predicted language of the text string to a network

3€TVICE.

13. The method of claim 12, further comprising:
identifving one or more named entities in the text string; and
removing the one or more named entities prior to applying the plurality

of language identification models.

14, The method of claim 12, further comprising;

mapping the text string to a similar text siring previously evaluated by
the plurality of language ideuntification models;

wherein the weighting of cach associated confidence score 18 based on an
accuracy of each corresponding language identification model in predicting a

language of the similar text string.

15 The method of claim 14, further comprising;

determining a gradient boosting value for ecach of the plurality of
language identification models based on the accuracy of each corresponding
language identification model m predicting the language of the stmilar text
string;

wherein the weighting of each asscciated confidence seore is in
accordance with the gradient boosting value of the corresponding language

wdentification model.

16. The method of claim 12, further comprising:
applving the plurality of language identification models to a plurality of
text strings including a similar text string;
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determining an accuracy of each of the plurality of language
wdentification models in predicting a language of the similar text string by
comparing respective predicated languages of the similar text string provided by
cach of the plurality of language dentificaion models with a known language of
the similar text string; and

calculating a gradient boosting value for ecach of the plurality of language
identification models based on the respective accuracy of each of the plurality of
language identification models in predicting the language of the similar text
string;

wherein the weighting of cach associated confidence score is in
accordance with the gradient boosting value of the corresponding language

identification model.

17. The method of claim 12, further comprising;

providing the sclecied predicted language of the text strmg to a network
service for processing of the text string, the network service operable to perform
a language processing service with respect to the text string based on the

predicted language.

18. The method of claim 17, wherein the network service is selected froma
group consisting of a translation service, a spam detection service, a profanity

detection service, a gibberish detection service, and a search service,

19.  The method of claim 12, wherein the plurality of language identification
models includes a location identifier model configured to provide the predicted

language based on an origin location of the text string.

20, A machine-readable storage device embodying instructions that, when
executed by a machine, cause the machine to perform operations comprising:

applving a phirality of languaage identification models to a text stnng,
sach language identification mode! of the plurality of language identification
models providing a predicted language of the text string and a confidence score
associated with the predicted language;
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accessing a plurality of predicted languages of the text string produced as
aresult of applying the plurality of language identification models to the text
string, each of the plurality of predicted languages baving an associated
contidence score;

weighting each associated confidence score based on historical
performance of the corresponding language identification model in predicting
languages of other text strings; and

sclecting a predicted language of the text string from among the plurality
of predicted languages based on a result of the weighting of the confidence score

associated with the particular predicted language.
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