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TEXT PREDICTION BASED ON MULTIPLE LANGUAGE MODELS 

BACKGROUND 

[0001] Computing devices, such as mobile phones, portable and tablet computers, 

5 entertainment devices, handheld navigation devices, and the like are commonly 

implemented with on-screen keyboards (e.g., soft keyboards) that may be employed for 

text input and/or other interaction with the computing devices. When a user inputs text 

characters into a text box or otherwise inputs text using an on-screen keyboard or similar 

input device, a computing device may apply auto-correction to automatically correct 

10 misspellings and/or text prediction to predict and offer candidate words/phrases based on 

input characters. 

[0002] In a traditional approach, auto-corrections and text predictions are produced 

using static language models that may be developed in testing simulations and hard-coded 

on a device. Users may be able to explicitly add a word to the model or omit a word, but 

15 otherwise the static language model may not adapt to particular users and interaction 

scenarios. Accordingly, text prediction candidates provided using traditional techniques 

are often inappropriate or irrelevant for the user and/or scenario, which may lead to 

frustration and lack of faith in the predictions. 

SUMMARY 

20 [0003] Adaptive language models for text predictions are described herein. In one or 

more implementations, entry of text characters is detected during interaction with a 

device. Text prediction candidates corresponding to the detected text characters are 

generated according to an adaptive language model. The adaptive language model may 

be configured to include multiple individual language model dictionaries having 

25 respective scoring data that is combined together to rank and select prediction candidates 

in different interaction scenarios. In addition to a pre-defined general population 

dictionary, the dictionaries may include a personalized dictionary and/or interaction-

specific dictionaries that are learned by monitoring a user's typing activity to adapt 

predictions to the user's style. Combined probabilities for predictions are computed as a 

30 weighted combination of individual probabilities from multiple dictionaries of the 

adaptive language model. In an implementation, dictionaries corresponding to multiple 

different languages may be combined to produce multi-lingual predictions. 

[0004] This Summary is provided to introduce a selection of concepts in a simplified 

form that are further described below in the Detailed Description. This Summary is not 
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intended to identify key features or essential features of the claimed subject matter, nor 

is it intended to be used as an aid in determining the scope of the claimed subject matter. 

BRIEF DESCRIPTION OF THE DRAWINGS 

[0005] The detailed description is described with reference to the accompanying 

5 figures. In the figures, the left-most digit(s) of a reference number identifies the figure in 

which the reference number first appears. The use of the same reference numbers in 

different instances in the description and the figures may indicate similar or identical 

items. 

[0006] FIG. 1 illustrates an example operating environment in which aspects of 

10 adaptive language models for text predictions can be implemented. 

[0007] FIG. 2 illustrates an example user interface in accordance with one or more 

implementations. 

[0008] FIG. 3 illustrates an example text prediction scenario in accordance with one or 

more implementations. 

15 [0009] FIG. 4A illustrates an example representation of an adaptive language model in 

accordance with one or more implementations. 

[0010] FIG. 4B illustrates a representation of example relationships between language 

model dictionaries in accordance with one or more implementations. 

[0011] FIG. 5 depicts an example procedure in which text predictions are provided in 

20 accordance with one or more implementations. 

[0012] FIG. 6 depicts an example procedure in which an interaction-specific dictionary 

is used for text predictions in accordance with one or more implementations. 

[0013] FIG. 7 depicts an example procedure in which text prediction candidates are 

selected using a weighted combination of scoring data from multiple dictionaries in 

25 accordance with one or more implementations. 

[0014] FIG. 8 depicts an example a procedure in which multi-lingual text prediction 

candidates are generated in accordance with one or more implementations. 

[0015] FIG. 9 depicts example systems and devices that may be employed in one or 

more implementations of adaptive language models for text predictions. 

30 DETAILED DESCRIPTION 

Overview 

[0016] In traditional approaches, text predictions may rely upon static language models 

developed in testing simulations and hard-coded on a device. As the static language 

model may not adapt to users' individual style, text prediction candidates generated using 
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traditional techniques are often inappropriate or irrelevant, which may lead to frustration 

and lack of confidence in the predictions. 

[0017] Adaptive language models for text predictions are described herein. In one or 

more implementations, entry of text characters is detected during interaction with a 

5 device. Text prediction candidates corresponding to the detected text characters are 

generated according to an adaptive language model. The adaptive language model may 

be configured to include multiple individual language model dictionaries having 

respective scoring data that is combined together to rank and select prediction candidates 

for different interaction scenarios. In addition to a pre-defined general population 

10 dictionary, the dictionaries may include a personalized dictionary and/or interaction-

specific dictionaries that are learned by monitoring a user's typing activity to adapt 

predictions to the user's style. Combined probabilities for predictions are computed as a 

weighted combination of individual probabilities from multiple dictionaries of the 

adaptive language model. In an implementation, dictionaries corresponding to multiple 

15 different languages may be combined to produce multi-lingual predictions. 

[0018] In the discussion that follows, a section titled "Operating Environment" 

describes an example environment and example user interfaces that may be employed in 

accordance with one or more implementations of adaptive language models for text 

predictions. Following this, a section titled "Adaptive Language Model Details" describes 

20 example adaptive language model details and procedures in accordance with one or more 

implementations. Last, a section titled "Example System" is provided that describes 

example systems and devices that may be employed for one or more implementations of 

adaptive language models for text predictions. 

Operating Environment 

25 [0019] Fig. 1 illustrates an example system 100 in which embodiments of adaptive 

language models for text predictions can be implemented. The example system 100 

includes a computing device 102, which may be any one or combination of a fixed or 

mobile device, in any form of a consumer, computer, portable, communication, 

navigation, media playback, entertainment, gaming, tablet, and/or electronic device. For 

30 example, the computing device 102 can be implemented as a television client device 104, 

a computer 106, and/or a gaming system 108 that is connected to a display device 110 to 

display media content. Alternatively, the computing device may be any type of portable 

computer, mobile phone, or portable device 112 that includes an integrated display 114. 

Any of the computing devices can be implemented with various components, such as one 
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or more processors and memory devices, as well as with any combination of differing 

components as further described with reference to the example device shown in Fig. 9. 

[0020] The integrated display 114 of a computing device 102, or the display device 

110, may be a touch-screen display that is implemented to sense touch and gesture inputs, 

5 such as a user-initiated character, key, typed, or selector input in a user interface that is 

displayed on the touch-screen display. Alternatively or in addition, the examples of 

computing devices may include other various input mechanisms and devices, such as a 

keyboard, mouse, on-screen keyboard, remote control device, game controller, or any 

other type of user-initiated and/or user-selectable input device. 

10 [0021] In implementations, the computing device 102 may include an input module 

116 that detects and/or recognizes input sensor data 118 related to various different kinds 

of inputs such as on-screen keyboard character inputs, touch input and gestures, camera-

based gestures, controller inputs, and other user-selected inputs. The input module 116 is 

representative of functionality to identify touch input and/or gestures and cause 

15 operations to be performed that correspond to the touch input and/or gestures. The input 

module 116, for instance, may be configured to recognize a gesture detected through 

interaction with a touch-screen display (e.g., using touchscreen functionality) by a user's 

hand. In addition or alternatively, the input module 116 may configured to recognize a 

gesture detected by a camera, such as waving of the user's hand, a grasping gesture, an 

20 arm position, or other defined gesture. Thus, touch inputs, gestures, and other input may 

also be recognized through input sensor data 118 as including attributes (e.g., movement, 

selection point, positions, velocity, orientation, and so on) that are usable to differentiate 

between different inputs recognized by the input module 116. This differentiation may 

then serve as a basis to identify a gesture from the inputs and consequently an operation 

25 that is to be performed based on identification of the gesture. 

[0022] The computing device includes a keyboard input module 120 that can be 

implemented as computer-executable instructions, such as a software application or 

module that is executed by one or more processors to implement the various embodiments 

described herein. The keyboard input module 120 represent functionality to provide and 

30 manage an on-screen keyboard for keyboard interactions with the computing device 102. 

The keyboard input module 120 may be configured to cause representations of an on­

screen keyboard to be selectively presented at different times, such as when a text input 

box, search control, or other text input control is activated. An on-screen keyboard may 

be provided for display on an external display, such as the display device 110 or on an 
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integrated display such as the integrated display 114. In addition, note that a hardware 

keyboard/input device may also implement an adaptable "on-screen" keyboard having at 

least some soft keys suitable for the techniques described herein. For instance, a hardware 

keyboard provided as an external device or integrated with the computing device 102 

5 may incorporate a display device, touch keys, and/or a touchscreen that may be employed 

to display a text prediction key as described herein. In this case, the keyboard input 

module 120 may be provided as a component of a device driver for the hardware 

keyboard/input device. 

[0023] The keyboard input module 120 may include or otherwise make use of a text 

10 prediction engine 122 that represents functionality to process and interpret character 

entries 124 to form and offer predictions of candidate words corresponding to the 

character entries 124. For example, an on-screen keyboard may be selectively exposed in 

different interaction scenarios for input of text in a text entry box, password entry box, 

search control, data form, message thread, or other text input controls of a user interface 

15 126, such as a form, HTML page, application UI, or document to facilitate user input of 

character entries 124 (e.g., letters, numbers, and/or other alphanumeric characters). 

[0024] In general, the text prediction engine 122 ascertains one or more possible 

candidates that most closely match character entries 124 that are input. In this way, the 

text prediction engine 122 can facilitate text entry by providing one or more predictive 

20 words that are ascertained in response to character entries 124 that are input by a user. 

For example, the words predicted by the text prediction engine 122 may be employed to 

perform auto-correction of input text, present one or more words as candidates for 

selection by a user to complete, modify, or correct input text, automatically change touch 

hit areas for keys of the on-screen keyboard that correspond to predicted words, and so 

25 forth. 

[0025] In accordance with techniques described herein, the text prediction engine 122 

may be configured to include or make use of an adaptive language model 128 as described 

above and below. Generally, the adaptive language model 128 is representative of 

functionality to adapt predictions made by the text prediction engine 122 on an individual 

30 basis to conform to different ways in which different users type. Accordingly, the 

adaptive language model 128 may monitor and collect data regarding text entries made 

by a user of a device. The monitoring and data collection may occur across the device in 

different interaction scenarios that may involve different applications, people (e.g., 

contacts or targets), text input mechanisms, and other contextual factors for the 
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interaction. In one approach, the adaptive language model 128 is designed to make use 

of multiple language model dictionaries as sources of words and corresponding scoring 

data (e.g., conditional probabilities, word counts, n-gram models, and so forth) that may 

be used to predict a next word or intended word based on a text entry. Word probabilities 

5 and/or other scoring data from multiple dictionaries may be combined in various ways to 

rank possible candidate words one to another and select at least some of the candidates 

as being the most likely predictions for a given text entry. As described in greater detail 

below, the multiple dictionaries applied for a given interaction scenario may be selected 

from a general population dictionary, a personalized dictionary, and/or one or more 

10 interaction-specific dictionaries made available by the adaptive language model 128. 

Details regarding these and other aspects of adaptive language models for text predictions 

may be found in relation to the following figures. 

[0026] Fig. 2 illustrates a text prediction example in accordance with one or more 

embodiments, generally at 200. The depicted example can be implemented by the 

15 computing device 102 and the various components described with reference to Fig. 1. In 

particular, Fig. 2 depicts an example user interface 126 that may be output to facilitate 

interaction with a computing device 102. The user interface 126 is representative of any 

suitable interface that may be provided for the computing device, such as by an operating 

system or other application program. As depicted, the user interface 126 may include or 

20 otherwise be configured to make use of a keyboard 202. In this example, the keyboard 

202 is an on-screen keyboard that may be rendered and/or output for display on a suitable 

display device. In some cases, the keyboard 202 may be incorporated as part of an 

application and appear within a corresponding user interface 126 to facilitate text entry, 

navigation, and other interaction with the application. In addition or alternatively, a 

25 representation of a keyboard 202 may be selectively exposed by a keyboard input module 

within a user interface 126 when text entry is appropriate. For example, the keyboard 202 

may selectively appear when a user activates a text input control such as a search control, 

data form, or text input box. As mentioned, a suitably configured hardware keyboard may 

also be employed to provide input that causes text predictions to be determined and used 

30 to facilitate further text input. 

[0027] In at least some embodiments, a keyboard input module 120 may cause 

representations of one or more suitable text prediction candidates available from the text 

prediction engine 122 to be presented via the user interface. For example, a text prediction 

bar 204 or other suitable user interface control or instrumentality may be configured to 
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present the representations of one or more suitable text prediction candidates. For 

instance, representations of predicted text, words, or phrases may be displayed using an 

appropriate user interface instrumentality, such as the illustrated prediction bar 204, a 

drop-down box, a slide-out element, a pop-up box, toast message window, or a list box 

5 to name a few examples. The text prediction candidates may be provided as selectable 

elements (e.g., keys, button, hit areas) that when selected cause input of corresponding 

text. The user may interact with the selectable elements to select one of the displayed 

candidates by way of touch input from a user's hand 206, or otherwise. In addition or 

alternatively, text prediction candidates derived by a text prediction engine 122 may be 

10 used for auto-correction of input text, to expand underlying hit areas for one or more keys 

of the keyboard 202, or otherwise using predicted text to facilitate text entry. 

[0028] FIG. 3 illustrates presentation of a text prediction in accordance with an example 

interaction scenario, generally at 300. In particular, a user interface 126 configured for 

interaction with a search provider is depicted having an on-screen keyboard 302 for a 

15 mobile phone device. The interface includes a text input control 304 in the form of a 

search input box. In the depicted example, a user has interacted with the text input control 

to input the text characters "Go H" that correspond to a partial phrase. In response to 

input of this text, the text prediction engine 122 may operate to determine one or more 

prediction candidates. When this text prediction 306 occurs, the keyboard input module 

20 120 may detect that one or more prediction candidates are available and present the 

candidates via the user interface 126 or otherwise make use of the prediction candidates. 

[0029] By way of example and not limitation, Fig. 3 depicts various text prediction 

options for the input text "Go H" as being output in a text prediction bar 308 that appears 

at the top of the keyboard. In particular, the options "Home," "Hokies," "Hotel," 

25 "Hawaii," and "Huskies" are shown as possible completions of the input text. In this 

scenario, the options may be configured as selectable elements of the user interface 

operable to cause insertion of a corresponding prediction candidates presented via the text 

prediction bar 308. Thus, if a user selects the "Hokies" option by touch or otherwise, the 

input text "Go H" in the search input box may automatically be completed to "Go Hokies" 

30 in accordance with the selected option. 

[0030] Having considered an example environment, consider now a discussion of some 

adaptive language model examples to further illustrate various aspects. 

Adaptive Language Model Details 
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[0031] This section discusses details of techniques that employ adaptive language 

models for text predictions with reference to the example representations of Figs. 4A and 

4B and the example procedures of Figs. 5-8. In portions of the following discussion 

reference may be made to the example operating environment of Fig. 1 in which various 

5 aspects may be implemented. Aspects of each of the procedures described below may be 

implemented in hardware, firmware, or software, or a combination thereof. The 

procedures are shown as a set of blocks that specify operations performed by one or more 

devices and are not necessarily limited to the orders shown for performing the operations 

by the respective blocks. In at least some implementation the procedures may be 

10 performed by a suitably configured computing device, such as the example computing 

device 102 of Fig. 1 that includes or makes use of a text prediction engine 122 or 

comparable functionality. 

[0032] Fig. 4A depicts generally at 400 a representation of an adaptive language model 

in accordance with one or more implementations. As shown, the adaptive language model 

15 128 may include or make use of multiple individual language model dictionaries that are 

relied upon to make text predictions. In particular, the adaptive language model 128 in 

Fig. 4A is illustrated as incorporating a general population dictionary 402, a personalized 

dictionary 404, and interaction-specific dictionaries 406. The adaptive language model 

128 may be implemented by a text prediction engine 122 to adapt text predictions to 

20 individual users and interactions. To do so, the adaptive language model 128 may be 

configured to monitor how users type, learn characteristics of a user's typing as the user 

types dynamically "on the fly", generate conditional probabilities based on input text 

characters using the multiple dictionaries, and so forth. 

[0033] In particular, the adaptive language model may be configured to learn user-

25 specific typing style based upon one or more types of user-feedback detected in 

connection with text entries performed by the user. The user-feedback may refer to 

passive or explicit actions that determine what text entries to process and add to the user's 

personalized dictionaries. For example, the system may process and parse text entries for 

adaptation when focus on a text input box, edit control, or other UI element is lost. In 

30 other words, the system may wait for completion of a text entry or a commitment to the 

text by the user before learning terms. The user may also commit to text by explicit 

selections such as a send action to send a message, a post action to post a status update or 

picture, switching applications, a gesture, a save action, or some other form of 

commitment to text that is entered. An explicit correction of a word or selection to add to 
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the user's lexicon may also be interpreted as user-feedback that is employed to determine 

when and how to adapt the user's personalized dictionaries. Similarly, if a user has 

selected a prediction candidate through a prediction bar or "on-demand" offering for a 

word, the selected word may be added and/or word probabilities may be weighted in part 

5 based upon the number of times the words are selected. Still further, user preferences for 

font types, capitalization, emoticons, text effects, and other characteristics of text input 

may be learned in addition to learning vocabulary. Naturally, combinations of different 

types of user-feedback including but not limited to the forgoing examples may also be 

employed to drive the way in which the system learns user's style and habits. 

10 [0034] The language model dictionaries are generally configured to associate words 

with probabilities and/or other suitable scoring data (e.g., conditional probabilities, 

scores, word counts, n-gram model data, frequency data, and so forth) that may be used 

to rank possible candidate words one to another and select at least some of the candidates 

as being the most likely predictions for a given text entry. The adaptive language model 

15 128 may track typing activity on user and/or interaction-specific bases to create and 

maintain corresponding dictionaries. Words and phrases contained in the dictionaries 

may also be associated with various usage parameters indicative of the particular 

interaction scenarios (e.g., context) in which the words and phrases collected by the 

system are used. The usage parameters may be used to define different interaction 

20 scenarios, and filter or otherwise organize data to produce various corresponding 

language model dictionaries. Different combinations of one or more of the individual 

dictionaries may then be applied to different interaction scenarios accordingly. 

[0035] Fig. 4B depicts generally at 408 a representation of example relationships 

between language model dictionaries in accordance with one or more implementations. 

25 In this example, the general population dictionary 402 represents a dictionary applicable 

to a general population that may be pre-defined and loaded on a computing device 102. 

The general population dictionary 402 reflects probabilities and/or scoring data for word 

usage based on collective typing activities of many users. In an implementation, the 

general population dictionary 402 is built by a developer using large amounts of historical 

30 training data regarding users' typing and may be pre-loaded onto a device. The general 

population dictionary 402 is configured to be employed as a word source for predictions 

across users and devices. In other words, the general population dictionary 402 may 

represent common usage for the population or community of users as a whole and is not 

tailored to particular individuals. The general population dictionary 402 may represent an 
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entire collection of "known" words for a selected language, e.g., common usage for 

English language users. 

[0036] The personalized dictionary 404 is derived based upon an individual's actual 

usage. The personalized dictionary 404 reflects words the user types through interaction 

5 with a device that the adaptive language model 128 is configured to learn and track. 

Existing words in the general population dictionary may be assigned to the personalized 

dictionary as part of the user's lexicon. Words that are not already contained in the general 

population dictionary may be automatically added as new words in the personalized 

dictionary 404. The personalized dictionary may therefore encompass a subset of the 

10 general population dictionary 402 as represented in Fig. 4B. The personalized dictionary 

404 may represent conditional usage probabilities that are tailored to each individual 

based on the words and phrases the individuals actually use (e.g., user-specific usage). 

[0037] The interaction-specific dictionaries 406 represent interaction-specific usage of 

words for corresponding interaction scenarios. For instance, the words a person uses and 

15 the way in which they type changes in different circumstances. As mentioned, usage 

parameters may be used to define different interaction scenarios and to distinguish 

between the different interaction scenarios. Moreover, the adaptive language model 128 

may be configured to maintain and manage corresponding interaction-specific language 

model dictionaries for multiple interaction scenarios. The interaction-specific dictionaries 

20 406 may each represent a subset of the personalized dictionary 404 as represented in Fig. 

4B having words, phrases, and scoring data corresponding to a respective context for 

interaction with a computing device. 

[0038] In particular, a variety of interaction scenarios may be defined using 

corresponding usage parameters that may be associated with a user's typing activity. For 

25 instance, usage parameters associated with words/phrases entered during an interaction 

may indicate one or more characteristics of the interaction, including but not limited to 

an application identity, a type of application, a person (e.g., a contact name or target 

recipient ID), a time of day, a date, a geographic location or place, a time of year or 

season, a setting, a person's age, favorite items, purchase history, relevant topics 

30 associated with input text, and/or a particular language used, to name a few examples. 

Interaction-specific dictionaries 408 may be formed that correspond to one or more of 

these example usage parameters as well as other usage parameters that describe the 

context of an interaction. 
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[0039] By way of example and not limitation, Fig. 4B represents example interaction-

specific dictionaries that correspond to particular applications (message, productivity, 

and sports apps), particular locations (home, work), and particular people (mom, spouse). 

The way in which a user communicates may change for each of these different scenarios 

5 and the adaptive language model 128 keeps track of the differences for different 

interactions to adapt predictions accordingly. Some overlap between the example 

dictionaries in Fig. 4B is also represented as users may employ some of the same words 

and phrases across different settings. Additional details regarding these and other aspects 

of adaptive language model techniques are discussed in relation to the following example 

10 procedures. 

[0040] FIG. 5 depicts a procedure 500 in which text predictions are provided in 

accordance with one or more implementations. Entry of text characters is detected during 

interaction with a device (block 502). For example, text may be input by way of an on­

screen keyboard, a hardware keyboard, voice commands, or other input mechanism. A 

15 mobile phone or other computing device 102 may be configured to detect and process 

input to represent entered text within a user interface output via the device. 

[0041] One or more text prediction candidates corresponding to the detected text 

characters are generated according to an adaptive language model (block 504) and the 

one or more text prediction candidates are employed to facilitate further text entry for the 

20 interaction with the device (block 506). The predictions may be generated in any suitable 

way using various different techniques described above and below. For instance, a 

computing device may include a text prediction engine 122 that is configured to 

implement an adaptive language model 128 as described herein. 

[0042] In operation, the adaptive language model 128 may be applied to particular text 

25 characters to determine corresponding predictions by using and/or combining one or 

more individual dictionaries. The adaptive language model 128 establishes a hierarchy of 

language model dictionaries at different levels of specificity (e.g., general population, 

user, interaction) that may be applied at different times and in different scenarios, such 

as the example dictionaries represented and described in relation to Fig. 4B. 

30 [0043] The hierarchy of language model dictionaries as shown in Fig. 4B may be 

established for each individual user over time by monitoring and analyzing words that 

the user types and the context in which different words and styles are employed by the 

user. Initially, a device may be supplied with a general population dictionary 402 that is 

relied upon for text predictions before sufficient data regarding a user's individual style 
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is collected. As a user begins to interact with a device in various ways, the text prediction 

engine 122 begins to learn the user's individual style. Accordingly, a personalized 

dictionary 404 may be built that reflects the user's actual usage and style. Further, usage 

parameters associated with the data regarding the user's individual style may be used to 

5 produce one or more interaction-specific dictionaries 406 that relate to particular 

interaction scenarios defined by the usage parameters. As more and more data regarding 

a user's individual style becomes available, the hierarchy of language model dictionaries 

may become increasingly more specific and tailored to the user's style. One or more of 

the dictionaries in the hierarchy of language model dictionaries may be applied to produce 

10 text predictions for subsequent interactions with a device. 

[0044] In order to derive predictions, the adaptive language model 128 is configured to 

selectively use different combinations of dictionaries in the hierarchy for different 

interaction scenarios to identify candidates based on input text and to rank the candidates 

one to another. Generally, scores or values for ranking candidates may be computed by 

15 mathematically combining contributions from dictionaries associated with a given 

interaction scenario in a designated manner. Contributions from multiple dictionaries 

may be combined in various ways. In one or more embodiments, the adaptive language 

model 128 is configured to uses a ranking or scoring algorithm that computes a weighted 

combination of scoring data associated with words contained in the multiple dictionaries. 

20 Further examples and details of techniques to generate and use prediction candidates are 

described below. 

[0045] FIG. 6 depicts a procedure 600 in which an interaction-specific dictionary is 

used for text predictions in accordance with one or more implementations. An interaction-

specific dictionary associated with text input for an interaction scenario with a device is 

25 identified (block 602). This may occur in any suitable way. In one approach, interaction 

scenarios are defined according to usage parameters as described previously. The text 

prediction engine 122 may be configured to recognize a current interaction as matching 

a defined interaction scenario based upon usage parameters. To do so, the text prediction 

engine 122 may collect or otherwise obtain contextual information regarding a current 

30 interaction by querying applications, interacting with an operating system, parsing 

message content or document content, examining metadata, and so forth. The text 

prediction engine 122 may establish one or more usage parameters for the interaction 

based upon the collected information. Then, the text prediction engine 122 may invoke 
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the adaptive language model 128 to identify an appropriate interaction-specific dictionary 

to use for the interaction scenario that matches the established usage parameters. 

[0046] The interaction-specific dictionary that is identified may be applied individually 

or in combination with one or more other dictionaries to produce text predictions. In 

5 particular, one or more text predictions are computed for the interaction scenario using 

word probabilities from the interaction-specific dictionary as a component of 

probabilities assigned by an adaptive language model to determine the one or more text 

predictions (block 604). For example, the language model dictionaries may contain 

scoring data that is indicative of conditional probabilities for word usage. The conditional 

10 probabilities may be based on an n-gram word model that computes probabilities for a 

number of words "n" in a sequence that may be employed for predictions. For instance, 

a tri-gram (n=3) or bi-gram (n=2) word model may be implemented, although models 

having higher orders are also contemplated. 

[0047] In one approach, the conditional probabilities from the interaction-specific 

15 dictionary are used as one component that contributes to scores used to rank prediction 

candidates. In this example, the scores may be configured as combined probabilities that 

are based at least in part upon the interaction-specific dictionary. In an implementation, 

conditional probabilities from the general population dictionary are employed as another 

component that contributes to the scores. In addition or alternatively, conditional 

20 probabilities from the personalized dictionary may be employed as a component that 

contributes to the scores. More generally, scores may reflect a combination of 

probabilities and/or other suitable scoring data from any two or more of the individual 

dictionaries provided by the adaptive language model 128, including combinations that 

involve multiple interaction-specific dictionaries. 

25 [0048] As mentioned, various different interaction scenarios and corresponding 

interaction-specific dictionaries are contemplated. Each interaction scenario may be 

related to one or more usage parameters that indicate contextual characteristics of the 

interaction. The interaction scenarios are generally defined according to contextual 

characteristics for which a user's typing style and behavior may change. A notion 

30 underlying the adaptive language model techniques described herein is that users type 

different words and typing style changes in different scenarios. To further illustrate this 

concept, a few examples are described just below. 

[0049] A user may type differently based upon the application or type of application 

being used. Accordingly, interaction scenarios may be defined on a per application basis 

13 



WO 2014/150104 PCT/US2014/022233 

and corresponding dictionaries may be established for individual applications. For 

instance, different dictionaries that reflect different styles, words, and terms employed by 

a user of a device may be associated with a text messaging application, a browser, a social 

networking application, a word processor, a phone application, and a web content 

5 application, to name a few examples. Accordingly, different text predictions may be 

generated depending upon the current application. For example, input of "lo" in a text 

messaging application may generate "lol," whereas for a word processor "loud" may be 

predicted based on the different dictionaries that are applied. To enable application-

specific dictionaries, the text prediction engine 122 may be configured to collect typing 

10 activity on a per application basis using application identifiers, names, or other 

distinguishing parameters. 

[0050] In addition or alternatively, application type data may be used to track activity 

and produce dictionaries that correspond to categories of applications. In this case, a 

particular dictionary may be applied to a group of applications associated with a 

15 corresponding application type. Although typing style may change for different 

applications, a user's typing behavior and characteristics may be similar when using 

applications of the same type, such as for two different social networking applications or 

browsers from different providers. Grouping of applications by type for text predictions 

takes advantage of typing style similarities that may exist for similar applications. Some 

20 example application types that may be used to establish dictionaries based on application 

type include but are not limited to productivity, business, messaging, social networking, 

chat, games, web content, media, and so forth. 

[0051] Interaction scenarios may also be defined on a per person basis and 

corresponding person-specific dictionaries may be established for individual people with 

25 which a user interacts. In one approach, a user's contact information may be leveraged to 

recognize interactions with particular people and to associate typing activity with 

individual contacts indicated by the contact information. The text prediction engine 122 

may be configured to parse address fields, message content, metadata, or other suitable 

data to recognize contacts associated with an interaction. When a contact or target person 

30 for an interaction is recognized, a corresponding person-specific dictionary may be 

discovered and applied to make text predictions for the interaction. The person-specific 

dictionary corresponding to a contact may be employed across the device for different 

interactions in which the contact is recognized. In this way, a person-specific dictionary 

may be established for one or more of the user's contacts. In addition or alternatively, 
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contact groups or categories associated with a user's contacts may be used to establish 

dictionaries based on groups of people. For example, a user's contacts may be grouped 

in or otherwise associated with categories such as Family, Friends, Work, Book Club, 

and Soccer Team, to name a few examples. These groupings of people with which a user 

5 interacts may be leveraged to form contact group specific dictionaries that may be 

employed for text predictions in the manner described herein. The contacts groups may 

correspond to any suitable contacts associated with a user and/or device. This may include 

for example, contacts and groups associated with a web-based service and/or user account 

with a provider (e.g., social network service, messaging service, etc.), local address books 

10 and contacts for a device, mobile phone contacts, application specific contacts and 

groups, and/or combinations thereof. 

[0052] Location specific dictionaries are also contemplated. For example, location data 

available for a device may also be associated with typing activity and used to establish 

dictionaries that correspond to particular locations. The locations may correspond to 

15 geographic locations (e.g., city, state, country) and/or settings such as work, home, or 

school. A computing device may be configured to determine its location and provide data 

indicative of location information to applications in various ways. For example, a device 

location may be determined via a GPS associated with the device, through cellular or Wi-

Fi triangulation, by decoding of location beacons from network components, based on an 

20 internet protocol address, or otherwise. In one approach, a user may assign setting names 

(e.g., work, home, or school) to one or more locations to facilitate location based services. 

A prompt to assign setting names may be presented for locations that are frequently 

detected and/or in which the device/user spends a significant amount of time. Location 

specific dictionaries may be created for location settings that are designated by a user or 

25 detected automatically. Location specific dictionaries may also be created for known 

locations such as cities, states, and so forth. 

[0053] Additional examples of interaction-specific dictionaries include topic-based 

dictionaries established according to topic keywords (e.g., Super-Bowl, Hawaii, March 

Madness, etc.) that may be recognized in different interactions. Various timing-based 

30 dictionaries are also contemplated. The timing-based dictionaries may include but are not 

limited to dictionaries that are established according to time of day (day/night), time of 

year (spring/summer, fall, winter), month, holiday seasons, and so forth. Multiple 

language specific dictionaries (e.g., English, Spanish, Japanese, etc.) may also be 
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employed to produce multi-lingual text predictions. Details regarding multi-lingual text 

predictions techniques are discussed below in relation to Fig. 8. 

[0054] Note that some interaction-specific dictionaries may correspond to 

combinations of the interaction scenario examples just described. By way of example, 

5 dictionaries may be established for combinations of applications and people such as for 

mom and messaging, mom and email, brother and email, and coworker and email. A 

variety of other combinations may be employed such as people with location, application 

with timing, application with location, application with people and location, and so on. 

[0055] FIG. 7 depicts a procedure 700 in which text prediction candidates are selected 

10 using a weighted combination of scoring data from multiple dictionaries in accordance 

with one or more implementations. Multiple dictionaries are identified to use as sources 

of words for prediction of text based on one or more detected text characters (block 702). 

For example, dictionaries to apply for a given interaction may be selected according to 

an adaptive language model 128 as previously described. For instance, the text prediction 

15 engine 122 may identify dictionaries according to one or more usage parameters that 

match detected text characters. If available, user-specific and/or interaction specific 

dictionaries may be identified and used by the text prediction engine 122 as components 

in generating text predictions. If not, then the text prediction engine 122 may default to 

using the general population dictionary 402 by itself. 

20 [0056] Words are ranked one to another as prediction candidates for the detected text 

characters using a weighted combination of scoring data associated with words contained 

in the multiple dictionaries (block 704). One or more top ranking words are selected 

according to the ranking as prediction candidates for the detected text characters (Block 

706). The ranking and selection of candidates may occur in various ways. Generally, 

25 scores for ranking prediction candidates may be computed by combining contributions 

from multiple dictionaries. For example, the text prediction engine 122 and adaptive 

language model 128 may be configured to implement a ranking or scoring algorithm that 

computes a weighted combination of scoring data. The weighted combination may be 

designed to interpolate predictions from a general population dictionary and at least one 

30 other dictionary. The other dictionary may be a personalized dictionary, an interaction-

specific dictionary, or even another general population dictionary for a different 

language. 

[0057] As mentioned, language model dictionaries contain words associated with 

probabilities and/or other suitable scoring data for text predictions. A list of relevant text 

16 



WO 2014/150104 PCT/US2014/022233 

prediction candidates may be generated from multiple dictionaries by interpolation of 

individual scores or probabilities derived from the multiple dictionaries for words 

identified as potential prediction candidates for the detected text characters. Thus, a 

combined or adapted score may be computed as a weighted average of the individual 

5 score components for two or more language model dictionaries. The combined scores 

may be used to rank candidates one to another. A designated number of top candidates 

may then be selected according to the ranking. For example, a list of the top ranking five 

or ten candidates may be generated to use for presentation of text prediction candidates 

to a user. For auto-corrections, a most likely candidate that has the highest score may be 

10 selected and applied to perform an auto-correction. 

[0058] Generally, interpolation of language model dictionaries as described herein may 

be represented by the following formula: 

Sc = Wl Si + W2 S2 . .. Wn Sn 

where Scis the combined score computed by summing scores Si, S2, . . . Snfrom each 

15 individual dictionary that are weighted by respective interpolation weights Wl, W2, . . . 

Wn. The general formula above may be applied to interpolate from two or more 

dictionaries using various kinds of scoring data. By way of example and not limitation, 

the scoring data may include one or more of probabilities, word counts, frequencies, and 

so forth. Individual components may be derived from the respective dictionaries. Pre-

20 defined or dynamically generated weights may be assigned to the individual components. 

Then, the combined score is computed by summing the individual components weighted 

according to the assigned weights, respectively. 

[0059] In an implementation, a linear interpolation may be employed to combine 

probabilities from two dictionaries. The interpolation of probabilities from two sources 

25 may be represented by the following formula: 

Pc = Wi Pi + W2 P2 

where Pc is the combined probability computed by summing probabilities Pi P2 from each 

individual dictionary that are weighted by respective interpolation weights Wi, W2. The 

linear interpolation approach may also be extended to more than two sources according 

30 to the general formula above. 

[0060] The interpolation weights assigned to the components of the formula may be 

computed in various ways. For example, weights may be determined empirically and 

assigned as individual weight parameters for the scoring algorithm. In some 

implementations, the weight parameters may be configurable by a user to change the 
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influence of different dictionaries, selectively turn the adaptive language model on/off, 

or otherwise tune the computation. 

[0061] In at least some implementations, the interpolation weights may be dependent 

upon on another. For example, W2may set to 1-Wi, where Wi is between 0 and 1. For 

5 the above example, this results in the following formula: 

Pc = WiPi + (l-Wi) P2 

[0062] In addition or alternatively, weight parameters may be configured to adjust 

dynamically according to an interpolation function. The interpolation function is 

designed to adjust the weights automatically in order to change to the relative 

10 contributions of different components of the scores based upon one or more weighting 

factors. In the foregoing equation, this may occur by dynamically setting the value of Wi, 

which changes the weights associated with both Pi and P2. 

[0063] By way of example, the interpolation function may be configured to account for 

factors such as the amount of user data available overall (e.g., total word count), the count 

15 or frequency of individual words, how recently the words are used, and so forth. 

Generally, the weights may adapt to increase the influence of the individual user's lexicon 

as more data is collected for the user and also increase the influence of individual words 

that are used more often. Additionally, weights for words that are used more recently may 

be adjusted to increase the influence of the recent words. The interpolation function may 

20 employ word counts and timing data associated with a user's typing activity collectively 

across the device and/or for particular interaction scenarios to adjust weights accordingly. 

Thus, different weights may be employed depending upon the interaction scenario and 

corresponding dictionaries that are selected. 

[0064] Accordingly, weights may vary based upon one or more of total word count or 

25 other measure of the amount of user data collected, individual word count for a candidate 

word, and/or how recently a candidate word was used. In approach, the interpolation 

function may be configured to adapt the value of Wi between a minimum value and 

maximum value, such as 0 and 0.5. The value may vary between the minimum and 

maximum according to a selected linear equation having a given slope. 

30 [0065] The interpolation function may also set a threshold value for individual word 

counts. Below the threshold the value of Wi may be set to zero. This forces a minimum 

number of instances (e.g., 2, 3, 10, etc.) of a word to occur before the word is considered 

for text predictions. Using the threshold may prevent misspelled and mistaken words 

from being immediately used as part of the user specific lexicon. 
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[0066] To account for recency, the value of Wi may be adjusted by a multiplier that 

depends upon how recently a word was used. The value of the multiplier may be based 

on the most recent occurrence of a word or a rolling average value for a designated 

number of most recent occurrences (e.g., last 10 or last 5). By way of example, a 

5 multiplier may be based upon how many days or months ago a particular word was last 

used. The multiplier may increase the contribution of probability/score for words that 

have been entered more recently. For example, a multiplier of 1.2 may be applied to 

words used in the preceding month and this value may decrease for each additional month 

down to a value of 1 for words last used a year or more ago. Naturally, a variety of other 

10 values and time frames may be employed to implement a scheme that accounts for 

recency. Other techniques to account for recency may also be employed including but not 

limited to adding a recency based factor into the interpolation equation, discounting the 

weights assigned to words according to a decay function as the time of last occurrence 

becomes longer, and so forth. 

15 [0067] A mechanism to remove stale words after a designated period of time may also 

be implemented. This may be accomplished in various ways. In one approach, a periodic 

clean-up operation may identify words that have not been used for a designated time 

frame, such as one year or eighteen months. The identified words may be removed from 

the user's custom lexicon. Another approach is to set weights for the words to zero after 

20 the designated time frame. Here, data may be preserved for the stale words assuming 

sufficient space exists to do so, but the zero weight prevents the system for using the stale 

words as candidates. If a user begins to use the word again, the word may be resurrected 

along with the pre-existing history. Naturally, the amount of available storage space may 

determine how much typing activity is preserved and when data for stale words is purged. 

25 [0068] Once words are ranked and selected using the techniques just described, 

selected words are utilized to facilitate text entry (Block 708) in various ways. By way of 

example and not limitation, selected candidate words may be used to modify hit targets 

on input keys (block 710), perform auto-correction of detected text characters (block 712) 

and/or output one or more words as predictions for the detected text characters (block 

30 714). 

[0069] Fig. 8 depicts a procedure 800 in an example implementation in which multi­

lingual text prediction candidates are generated in accordance with one or more 

embodiments. Use of multiple different languages for text input in a particular interaction 

scenario is recognized (block 802). Multiple dictionaries corresponding to the multiple 
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different languages are activated to employ for text predictions in connection with the 

interaction scenario (block 804). For example, the text prediction engine 122 may 

recognize when a user switches between languages or uses a mix of languages in different 

interactions. When a sufficient number of occurrences multilingual usage are 

5 encountered, the text prediction engine 122 may respond by activating dictionaries for 

the different languages. In one approach, a language specific dictionary for a secondary 

language may be created as an interaction-specific dictionary 406 as part of an adaptive 

language model 128. In this case, a user's usage for the secondary language may be 

reflected in the language specific dictionary. In addition or alternatively, the text 

10 prediction engine 122 may locate and install a general population dictionary for the 

secondary language along-side the existing general population dictionary as part of the 

adaptive language model 128. The text prediction engine 122 may also suggest installing 

particular language based upon a user's typing history. Text predictions for multi-lingual 

interactions may then rely upon the multiple dictionaries for the multiple different 

15 languages. 

[0070] In particular, multi-lingual text predictions are generated for text entry 

associated with the interaction scenario by combining word probabilities obtained using 

the multiple dictionaries corresponding to the multiple different languages according to 

an adaptive language model (block 806). For example, probabilities for two or more 

20 individual language specific dictionaries may be combined using the interpolation 

techniques previously described. Weights for the interpolation may be selected 

particularly for multi-lingual scenarios. In one approach, the weights may be proportional 

to the relative usage of different languages by the user. Thus, if usage is split 75/25 for 

English and Spanish, then the selected weights for interpolating between these languages 

25 may reflect these proportions. Alternatively, empirical values for different language 

combinations may be determined and applied. 

[0071] In an implementation, each general population language dictionary that is 

activated may be arranged to employ techniques for adaptive language models herein. 

Thus, parallel adaptive language models 128 corresponding to the different languages 

30 may each have underlying user-specific and interaction-specific dictionaries for 

respective languages. In order to produce predictions, lists of prediction candidates for 

input text characters may be generated separately for each language by applying the 

interpolation techniques described herein to respective adaptive language models. Then, 

a second interpolation may be employed to combine the individual probabilities from 
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each of the language specific lists into a common list. In this manner, text predictions 

presented to a user or otherwise used to facilitate text entry may reflect multiple languages 

by interpolating probabilities (or otherwise combining scoring data) from multiple 

dictionaries for different languages employed by the user. 

5 [0072] Multi-lingual text predictions may be employed in various ways. For example, 

multi-lingual text predictions for a particular scenario may be offered during text entry 

via a prediction bar or otherwise in the manner previously described. Language-

appropriate candidates or options for different language candidates may also be offered 

during editing "on-demand." In this case, a user may select a word by touch or other input 

10 mechanism to obtain a list of prediction candidates. The list may be formed to include 

multi-lingual text predictions in scenarios in which multiple language usage is detected. 

[0073] Additionally, knowledge regarding multi-lingual usage may be employed to 

selectively determine when to rely upon different language dictionaries and/or whether 

to use one particular language for predictions or a combination of languages. For 

15 example, a user may make a selection to switch from an English keyboard to a French 

keyboard. In this case, a French dictionary may be set by default. In addition or 

alternatively, weights between English and French may be adapted accordingly to favor 

French. On the other hand, when a single keyboard is used for multiple languages (e.g., 

an English keyboard to type both English and French), the general approach of combining 

20 probabilities and/or scoring data from multiple dictionaries described herein may be 

employed to determine the appropriate language and show language-appropriate 

candidates. Thus, the system may transition between single dictionary and multiple 

dictionary usage for predictions depending upon the particular text input scenario. 

[0074] The type of keyboard used to make text entries may also be stored along with 

25 corresponding words. Thus, if a user selects a predicted word, a corresponding keyboard 

for that word may be automatically displayed to facilitate typing in a corresponding 

language and language appropriate prediction candidates may be generated accordingly. 

Again this may involve defaulting to candidates for the particular language of the 

keyboard or at least weighting predictions more heavily to favor the particular language. 

30 Thus, text predictions and/or keyboards may adapt automatically to match a particular 

multi-lingual usage scenario. 

[0075] Having described some example techniques related to adaptive language 

models, consider now an example system that can be utilized in one more implementation 

described herein. 

21 



WO 2014/150104 PCT/US2014/022233 

Example System and Device 

[0076] Fig. 9 illustrates an example system 900 that includes an example computing 

device 902 that is representative of one or more computing systems and/or devices that 

may implement the various techniques described herein. The computing device 902 may 

5 be, for example, a server of a service provider, a device associated with a client (e.g., a 

client device), an on-chip system, and/or any other suitable computing device or 

computing system. 

[0077] The example computing device 902 as illustrated includes a processing system 

904, one or more computer-readable media 906, and one or more I/O interfaces 908 that 

10 are communicatively coupled, one to another. Although not shown, the computing device 

902 may further include a system bus or other data and command transfer system that 

couples the various components, one to another. A system bus can include any one or 

combination of different bus structures, such as a memory bus or memory controller, a 

peripheral bus, a universal serial bus, and/or a processor or local bus that utilizes any of 

15 a variety of bus architectures. A variety of other examples are also contemplated, such as 

control and data lines. 

[0078] The processing system 904 is representative of functionality to perform one or 

more operations using hardware. Accordingly, the processing system 904 is illustrated as 

including hardware elements 910 that may be configured as processors, functional blocks, 

20 and so forth. This may include implementation in hardware as an application specific 

integrated circuit or other logic device formed using one or more semiconductors. The 

hardware elements 910 are not limited by the materials from which they are formed or 

the processing mechanisms employed therein. For example, processors may be comprised 

of semiconductor(s) and/or transistors (e.g., electronic integrated circuits (ICs)). In such 

25 a context, processor-executable instructions may be electronically-executable 

instructions. 

[0079] The computer-readable media 906 is illustrated as including memory/storage 

912. The memory/storage 912 represents memory/storage capacity associated with one 

or more computer-readable media. The memory/storage 912 may include volatile media 

30 (such as random access memory (RAM)) and/or nonvolatile media (such as read only 

memory (ROM), Flash memory, optical disks, magnetic disks, and so forth). The 

memory/storage 912 may include fixed media (e.g., RAM, ROM, a fixed hard drive, and 

so on) as well as removable media (e.g., Flash memory, a removable hard drive, an optical 
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disc, and so forth). The computer-readable media 906 may be configured in a variety of 

other ways as further described below. 

[0080] Input/output interface(s) 908 are representative of functionality to allow a user 

to enter commands and information to computing device 902, and also allow information 

5 to be presented to the user and/or other components or devices using various input/output 

devices. Examples of input devices include a keyboard, a cursor control device (e.g., a 

mouse), a microphone for voice operations, a scanner, touch functionality (e.g., 

capacitive or other sensors that are configured to detect physical touch), a camera (e.g., 

which may employ visible or non-visible wavelengths such as infrared frequencies to 

10 detect movement that does not involve touch as gestures), and so forth. Examples of 

output devices include a display device (e.g., a monitor or projector), speakers, a printer, 

tactile-response device, and so forth. The computing device 902 may further include 

various components to enable wired and wireless communications including for example 

a network interface card for network communication and/or various antennas to support 

15 wireless and/or mobile communications. A variety of different types of antennas suitable 

are contemplated including but not limited to one or more Wi-Fi antennas, general 

population navigation satellite system (GNSS) or general population positioning system 

(GPS) antennas, cellular antennas, Near Field Communication (NFC) 214 antennas, 

Bluetooth antennas, and/or so forth. Thus, the computing device 902 may be configured 

20 in a variety of ways as further described below to support user interaction. 

[0081] Various techniques may be described herein in the general context of software, 

hardware elements, or program modules. Generally, such modules include routines, 

programs, objects, elements, components, data structures, and so forth that perform 

particular tasks or implement particular abstract data types. The terms "module," 

25 "functionality," and "component" as used herein generally represent software, firmware, 

hardware, or a combination thereof. The features of the techniques described herein are 

platform-independent, meaning that the techniques may be implemented on a variety of 

commercial computing platforms having a variety of processors. 

[0082] An implementation of the described modules and techniques may be stored on 

30 or transmitted across some form of computer-readable media. The computer-readable 

media may include a variety of media that may be accessed by the computing device 902. 

By way of example, and not limitation, computer-readable media may include 

"computer-readable storage media" and "communication media." 
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[0083] "Computer-readable storage media" refers to media and/or devices that enable 

storage of information in contrast to mere signal transmission, carrier waves, or signals 

per se. Thus, computer-readable storage media does not include signal bearing media or 

signals per se. The computer-readable storage media includes hardware such as volatile 

5 and non-volatile, removable and non-removable media and/or storage devices 

implemented in a method or technology suitable for storage of information such as 

computer readable instructions, data structures, program modules, logic 

elements/circuits, or other data. Examples of computer-readable storage media may 

include, but are not limited to, RAM, ROM, EEPROM, flash memory or other memory 

10 technology, CD-ROM, digital versatile disks (DVD) or other optical storage, hard disks, 

magnetic cassettes, magnetic tape, magnetic disk storage or other magnetic storage 

devices, or other storage device, tangible media, or article of manufacture suitable to store 

the desired information and which may be accessed by a computer. 

[0084] ' 'Communication media" refers to signal-bearing media configured to transmit 

15 instructions to the hardware of the computing device 902, such as via a network. 

Communication media typically may embody computer readable instructions, data 

structures, program modules, or other data in a modulated data signal, such as carrier 

waves, data signals, or other transport mechanism. Communication media also include 

any information delivery media. The term "modulated data signal" means a signal that 

20 has one or more of its characteristics set or changed in such a manner as to encode 

information in the signal. By way of example, and not limitation, communication media 

include wired media such as a wired network or direct-wired connection, and wireless 

media such as acoustic, RF, infrared, and other wireless media. 

[0085] As previously described, hardware elements 910 and computer-readable media 

25 906 are representative of instructions, modules, programmable device logic and/or fixed 

device logic implemented in a hardware form that may be employed in some 

embodiments to implement at least some aspects of the techniques described herein. 

Hardware elements may include components of an integrated circuit or on-chip system, 

an application-specific integrated circuit (ASIC), a field-programmable gate array 

30 (FPGA), a complex programmable logic device (CPLD), and other implementations in 

silicon or other hardware devices. In this context, a hardware element may operate as a 

processing device that performs program tasks defined by instructions, modules, and/or 

logic embodied by the hardware element as well as a hardware device utilized to store 
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instructions for execution, e.g., the computer-readable storage media described 

previously. 

[0086] Combinations of the foregoing may also be employed to implement various 

techniques and modules described herein. Accordingly, software, hardware, or program 

5 modules including text prediction engine 122, adaptive language model 128, and other 

program modules may be implemented as one or more instructions and/or logic embodied 

on some form of computer-readable storage media and/or by one or more hardware 

elements 910. The computing device 902 may be configured to implement particular 

instructions and/or functions corresponding to the software and/or hardware modules. 

10 Accordingly, implementation of modules as a module that is executable by the computing 

device 902 as software may be achieved at least partially in hardware, e.g., through use 

of computer-readable storage media and/or hardware elements 910 of the processing 

system. The instructions and/or functions may be executable/operable by one or more 

articles of manufacture (for example, one or more computing devices 902 and/or 

15 processing systems 904) to implement techniques, modules, and examples described 

herein. 

[0087] As further illustrated in Fig. 9, the example system 900 enables ubiquitous 

environments for a seamless user experience when running applications on a personal 

computer (PC), a television device, and/or a mobile device. Services and applications run 

20 substantially similar in all three environments for a common user experience when 

transitioning from one device to the next while utilizing an application, playing a video 

game, watching a video, and so on. 

[0088] In the example system 900, multiple devices are interconnected through a 

central computing device. The central computing device may be local to the multiple 

25 devices or may be located remotely from the multiple devices. In one embodiment, the 

central computing device may be a cloud of one or more server computers that are 

connected to the multiple devices through a network, the Internet, or other data 

communication link. 

[0089] In one embodiment, this interconnection architecture enables functionality to be 

30 delivered across multiple devices to provide a common and seamless experience to a user 

of the multiple devices. Each of the multiple devices may have different physical 

requirements and capabilities, and the central computing device uses a platform to enable 

the delivery of an experience to the device that is both tailored to the device and yet 

common to all devices. In one embodiment, a class of target devices is created and 
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experiences are tailored to the generic class of devices. A class of devices may be defined 

by physical features, types of usage, or other common characteristics of the devices. 

[0090] In various implementations, the computing device 902 may assume a variety of 

different configurations, such as for computer 914, mobile 916, and television 918 uses. 

5 Each of these configurations includes devices that may have generally different 

constructs and capabilities, and thus the computing device 902 may be configured 

according to one or more of the different device classes. For instance, the computing 

device 902 may be implemented as the computer 914 class of a device that includes a 

personal computer, desktop computer, a multi-screen computer, laptop computer, 

10 netbook, and so on. 

[0091] The computing device 902 may also be implemented as the mobile 916 class of 

device that includes mobile devices, such as a mobile phone, portable music player, 

portable gaming device, a tablet computer, a multi-screen computer, and so on. The 

computing device 902 may also be implemented as the television 918 class of device that 

15 includes devices having or connected to generally larger screens in casual viewing 

environments. These devices include televisions, set-top boxes, gaming consoles, and so 

on. 

[0092] The techniques described herein may be supported by these various 

configurations of the computing device 902 and are not limited to the specific examples 

20 of the techniques described herein. This is illustrated through inclusion of the text 

prediction engine 122 on the computing device 902. The functionality of the text 

prediction engine 122 and other modules may also be implemented all or in part through 

use of a distributed system, such as over a "cloud" 920 via a platform 922 as described 

below. 

25 [0093] The cloud 920 includes and/or is representative of a platform 922 for resources 

924. The platform 922 abstracts underlying functionality of hardware (e.g., servers) and 

software resources of the cloud 920. The resources 924 may include applications and/or 

data that can be utilized while computer processing is executed on servers that are remote 

from the computing device 902. Resources 924 can also include services provided over 

30 the Internet and/or through a subscriber network, such as a cellular or Wi-Fi network. 

[0094] The platform 922 may abstract resources and functions to connect the 

computing device 902 with other computing devices. The platform 922 may also serve to 

abstract scaling of resources to provide a corresponding level of scale to encountered 

demand for the resources 924 that are implemented via the platform 922. Accordingly, in 
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an interconnected device embodiment, implementation of functionality described herein 

may be distributed throughout the system 900. For example, the functionality may be 

implemented in part on the computing device 902 as well as via the platform 922 that 

abstracts the functionality of the cloud 920. 

5 Conclusion 

[0095] Although the techniques in the forgoing description has been described in 

language specific to structural features and/or methodological acts, it is to be understood 

that the subject matter of the appended claims is not necessarily limited to the specific 

features or acts described. Rather, the specific features and acts are disclosed as example 

10 forms of implementing the claimed subject matter. 
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CLAIMS 

1. A method, comprising: 

detecting entry of text characters during interaction with a device; 

generating one or more text prediction candidates corresponding to the detected 

text characters according to an adaptive language model; and 

employing the one or more text prediction candidates to facilitate further text 

entry for the interaction with the device. 

2. A method as recited in claim 1, wherein the adaptive language model is 

configured to adapt predictions made by a text prediction engine to typing styles of 

users on an individual basis. 

3. A method as recited in claim 1, wherein the adaptive language model is 

designed to make use of multiple language model dictionaries as sources of words and 

corresponding scoring data. 

4. A method as recited in claim 3, wherein: 

the multiple language model dictionaries include a global dictionary and a user-

specific dictionary; and 

generating the one or more text prediction candidates comprises: 

mathematically combining conditional probability contributions for word 

candidates from the global dictionary and the user specific dictionary to 

compute scores for prediction candidates; and 

ranking the prediction candidates one to another based on the computed 

scores. 

5. A method as recited in claim 1, wherein generating the one or more text 

prediction candidates comprises computing a weighted combination of scoring data 

associated with words contained in multiple dictionaries associated with the adaptive 

language model. 

6. A method as recited in claim 1, further comprising: 

collecting data regarding typing activity on a user-specific basis to create a user-

specific dictionary for the adaptive language model; 

associating usage parameters indicative of particular interaction scenarios with 

the data regarding typing activity that is collected; and 

forming one or more interaction-specific dictionaries corresponding to 

respective interaction scenarios based upon the usage parameters. 
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7. A method as recited in claim 1, wherein employing the one or more text 

prediction candidates comprises presenting representations of one or more text 

prediction candidates via a user interface of the device for selection by a user. 

8. One or more computer-readable storage media storing instructions that, 

when executed by a computing device, cause the computing device to perform 

operations comprising: 

identifying multiple dictionaries to use as sources of words for prediction of text 

based on one or more detected text characters, the multiple dictionaries including a 

global dictionary representative of common usage across a community of users and at 

least one other dictionary generated dynamically based on text input by a particular user 

of the computing device to reflect the particular user's individual typing style; 

ranking words one to another as prediction candidates for the detected text 

characters using a weighted combination of scoring data associated with words 

contained in the multiple dictionaries; 

selecting one or more top ranking words according to the ranking as prediction 

candidates for the detected text characters; and 

utilizing the selected words to facilitate text entry. 

9. One or more computer-readable storage media as recited in claim 8, 

wherein ranking the words one to another comprises interpolating individual scores 

derived from the multiple dictionaries for words identified as potential prediction 

candidates for the detected text characters. 

10. One or more computer-readable storage media as recited in claim 8, 

wherein utilizing the selected words comprises at least one of: 

outputting one or more of the selected words as predictions for the detected text 

characters as elements of a user interface operable to cause input of corresponding 

predictions; 

performing auto-correction of the detected text characters using one of the 

selected words; or 

modifying hit targets of input keys for an on-screen keyboard displayed via the 

computing device based on the selected words. 
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