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SEGMENTING WORDS USING SCALED PROBABILITIES

BACKGROUND
{01} This specification relates to segmenting words using scaled probabilities.
[6002] A negram is a sequence of # consecutive tokens, o.g. words or characters. A n-gram
has an order, which is the mamber of tokens in the n-gram. For example, a T-gram {or
unigram) includes one token; a 2-gramm {or bi-gram} includes two tokens.
{1083] Bach n-gram has an associated probability estimate that is caleolated as a function of
n-gram relative frequency in training data. For example, a siving of L tokens is represented as

CF = {0,000, ). A probability can be assigned to the string ) as!

Pty =[] Ple ey~ T Pte el
f=} =t

where the approximation is based on a Markov assumption that only the most recent {n-1}
tokens are relevant when predicting a next token 1n the string, and the “*” notation for FF
indicates that it is an approximation of the probability function.
10004] Traditional technigues of word segmentation assume that the probabilities of n-grams
identifying words are independent. Therefore, the traditional technigues use a product of
probabilities of lesser order n-grams o determine a probability of the n-gram identifying a
particolar word, Lesser order n-grams are derived from the negram. For exzu'npiep SUPPOSE 4
n-gram is “abe”. Then, lesser order n-grams of the n-gram “abe” include: “a”, "b”, “¢”, “ab”,
and “be”. The probability of the n-gram {e.g, “abe”) identifying more than one word is the
product of the individual probabilitics of each lesser order n-gram identifving a word {e.g.,
“a”, b, and CeT) Y™ and The”; or “ab” and “¢Th
H{HIBS] Because the traditional techniques follow the principle of independent probabilities,
the traditional technigues strongly favor segmenting n-grams into words including g greater
number of atomic units than words including a lesser number of atomic units. An atomic umit
is a smallest ideographic unit that can be derived from a n-gram {e.g., Enghish charscters for
the English language). For example, suppose a iegram is “abe”. Further assume that "a”,
“H7, ¢, and “abe™ each have g probability of identifying a word equal to Q.1 on

Py = PEB7 = P(e) = P(Tabe™y = OL1L
{306] Although the probabilitics of ¥a”, “b”, and “¢” cach identifying a word; and the
probability of “abe” identifying a word are equally likely, the traditional fechniques strongly

favor scpyaenting the n-gram into the longer word “abe”. Usmg tradittonal techniques, the
T et pe fe]
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probability of “abe” identifying three separate words (e, "2, “b7, and "¢} exquals the

probability of “a” identifving a word nwltiplicd by the probability of “b” identifying a word
mdtiplied by the probability of “¢”
PR e ey = P AEDTY PR = 0.001

{8007} Therefore, the probability that “abe” identifies a single word is far greater than the

identifying a word, o

wrohability that “abe” dentifies the three words “a”, “b”, and “¢", or

F{fabe™y = P{Ya” "h7 e
As a result, the traditional techuniques are biased toward segmenting the n-gram fngo “ab”
since it has a higher probability of identifving a word,
{B008] In practice, probabilities of n-grams identifying words are much lower, increasing the
problem of the traditional technigues favoring segmentations that inclade longer words over

segmentations that inchude shorter words even though, in particular situations, segmentations

that invlude shorter words can be more accurate,

SUMMARY

{0609} Svetems, methods, and apparatus including computer program products for
segmenting words using scaled probabilitics. In general, one sspect of the subject matier
deseribed in this specification can be embodied in methods that include the actions of
revetving a probability of a n-gram identifying a word, determining a nurnber of atovme units
in the coresponding n-gram, identifying & scaling weight depending on the number of atonuie
wits in the n-gram, and applying the scaling weight o the probability of the n-gram
identifving a word to determune a scaled probability of the n-gram identifying a word. (ther
embodiments of this aspect include corresponding systenis, apparatus, and computer program
products.
{36101 These and other embodiments can optionally include one or more of the following
features. The scaled probability of the n-gram identifving a word can depend o the munber
of atomic units in the n-gram. The scaled probability of the n-gram identifying a word can be

*, where x is the probability of the n~-gram identifving a word and # is the sumber of atomic
wite i the n-gram, The scaled probability of the n-gram identifving a word can be x g
where x {5 the probability of the n-gram identifying a word, # 13 the womber of atomic units in
the n-gram, and Lis a constant and 0 <A < 1L
{86111 The methed can further include receiving a plurality of tokens, and segmenting the
plurality of tokens into words using the scaled probability. The method can further welude

identifving lesser order n-grams, the lesser order n-grams being derived from the n-gram,

3
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receiving probabilities corresponding to each of the lesser order n-grams identifying words,
comparing the probability of the n-gram identifying a word to the probabilities of
gombinations of the lesser order n-grams identifying words, and when a probability of a
combination of lesser order n-grams identifying a word differs from the probability of the
n~-gram identifving a word by a specified threshold amount, modifying the sealing weight
corresponding to the probability of the n-gram identifying a word, The method can further
inchade receiving a scaled probability of a n-gram identifying a word, determining scaled
probabilities of lesser order n-grams identifving words, the lesser order n-grams being derived
from the n-gram, and removing the n-gram from a dictionary when a scaled probability of a
combination of lesser order n-grams identifying a word differs from the scaled probability of
the n-gram dentifving a word by a specified threshold amount.
16012} Particular embodiments of the subject matter described in this specification can be
implemented to realize one or more of the following advantages. Segmenting wornds osing
scaled probabilitics prevents problems resulting from inaceurately favoring longer words over
shorter words during segmentation. Using scaling probabilities in logarithmic space to
determing segmentations avoids an arbitrary application of scaling weights, which results i
segrmentations that do not inaccurately favor sepmentations of longer words over
segmentations of shorter words. The scaling weights can be pre-computed in loganthmic
space, thereby improving the accuracy of segmentations withoul impaining nuntime
performance, Refined scaled probabilitics can be used in segmenting, which allows n~grams
0 be removed from a dictionary, thereby reducing the memory size of the dictionary. Refined
scaling weights can account for probabilities that are not truly independent, resulting i
mmproved acouracy in word segmentations,
160131 The details of one or more embodiments of the subject matter described i this
spectfication are set forth in the accompanying drawings and the description below. Uther
foatures, aspects, and advantages of the subject matter will become apparent froam the

deseription, the drawings, and the claims.

BRIFF DESCRIPTION OF THE DRAWINGS
6014} FIG. 1 is a block diagram iHusirating an example scgmentation system for segmenting

words using scaled probabilities.

{0015] FIG. 2 is a flow chart showing an cxample process for generating a scaled probability

of a negram wdentifving s word,
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{3616} FIG. 3 is a flow chart showing an example process for modifying a scaling weight
corresponding 10 a n-gram.

{817 FIG. 448 a flow chart showing an example process for removing a n-gram from a
dictionary depending on scaled probabilities of Tesser order n-grams dertved from the n-gram.
{1018 FIG. § is a schematic diagram of a generic computer systent.

J0019] Like reference numbers and designations in the various drawings indieate hke

elements.

DETAILED DESCRIPTION
{8028} In order to prevent word segmentations that inaccurately favor longer words over
shorter words, scaled probabilities can be used to segment n-grams into words. Scaled
probabifitics are determined by applying scaling weights, as will be deseribed in further detail
below with reference to FIG. 2, to probabilities of n-grams identifying words.
{8021} In some implementations, the probabilities of n-grams dentifving words can be
trained using the relative fregoency of the n-grams 1n traiming data {e.g., a corpus of web
pages, search query logs, emails, and blogs). Additionally, in some implementations, a
distrivuted training environment 18 used for large tramning data {e.g., terabyltes of data). One
example technigoe for distributed taining is MapReduce., Additional details of MapReduee
arve deseribed in d. Dean and 8. Ghemawat, MapReduce: Simplified Dara Frocessing an Large
Chusters, Proceedings of the 6th Symposiom on Operating Systems Design and
fmplementation, pp. 137 130 {(Deceraber 6, 2004).
[0022] FIG. 1 is a block diagram llustrating an example segmentation system for seginenting
words using scaled probabilitics. In some fruplementations, the system includes a dictionary
100, The dictionary 100 includes a collection of n-grams 102 and corresponding probabilities
of the n-grams identifying words 104, Thus, for each n-gram in the dictionary, there is a
corresponding probability that the n-gram tdentifies a particular word. The probabilities can
be determined, for example, based on the relative frequency of the n-grams in the tratning
data. Alternatively, the probabilities and n-grams of the dictionary can be received by the
system as input from an external sowrce {(e.g., a langoage moded).
{8023} Scaling weights are applied to the probabilities of the n-grams identifying words to
determine scaled probabilities of n-grams identifying words 140, In some implementations, &
scaling engine 120 uses the dictionary 100 to determine scaled probabilities of n-grams
identifying words 140, In particular, scaling engine 120 can apply scaling weights to the

probabilities of n-grams identifving words 104 from the dictionary 100 to determine scaled
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probabilities of n-grams identifying words 140, Determining scaled probabilities is desertbed
helow with respeet to FIG. 3

{86241 In some implementations, a segmenter 160 uses the scaled probabilities of n-grams
wdentifyving words 140 to segment a plurality of tokens {e.g., a sequence of Chinese characters}
e words {e.g., Chinese words), For example, word segmenters and search engines can use
sopmenter 160 to segment sequences of tokens i one or more languages e.g., Chinese,
Fapanese, Korean, and Thal

{8025} FIG. 2 is a flow chart showing an example process 200 for generating a sealed
probability of 8 negram identifying a word, For copveniences, generation of sealed
probabitities of n-grams identifving words will be desenibed with respect to a system that
performs the generation.

[0026] The systom recpives 220 a probability of a n-gram wdentifving a word., The system
determines 240 a number of atomie units in the n-gram that corvesponds to the received
probability. For example, the system receives a probability of & n-gram identtfying a word,
where the corrgsponding n-gram inclodes a seqoence of three Chinese chavacters “x y &, The
nomber of atomic anits i g y 27 is three. As another example, the system receives a
probability of a n-gram identifying g word, where the corresponding n-gram wcludes &
sequence of English characters “basketball”. The number of atomic units in “basketball” is
ten.

{80271 In some implementations, atomic units correspond to grapheme clusters. A graphems
cluster i a user-pereeived charvacter. For example, one or more Unicode characters can be
combined to make what a user considers to be a character or baste unit of a langoage. The
Jetter “C™ with an acute accent © 7 », or “C”, is a grapheme cluster. A user may perceive “C
as a single character, but “C” can be repz‘es:mted by two Unicode code points {e.g., distinet
code points representing “C™ and © 77, respectively). Additional details of grapheme clusters
ave described i, for example, M. Davis, Unicode Stundard dAnnex #28. Text Boundaries,
{2006}, httpy/ www unicode.org/reporisir29/,

BO28] The system identifies 260 a scaling weight depending on the number of atonic unifs.
In some implementations, the scaling weight 1s the number of atomic units, The system
applics 280 the sealing weight to the probability of the negram identifying & word {o
determine a scaled probability of the n-gram identifying a word. The scaling weight can be
determined depending on the accuracy of sepmentations in training. For example, once

sealing welghts are identified, the training data can be segmented using the scaled

&

L“h
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probabilitics, and the scaling weights can be modified if the corresponding scaled
probabilities are too low for particalar words.
{8029 For example, a scaled probability of a n-gram identifying a word is equal to a
probability of the n-gram identifying a word raised to the n power, where # is the number of
atoric units 1 the n-gram, ov:
scaledProbability(word) = [ Probability{word}}™.
Rewritten using logarithmic ferms, the scaled probability can be expressed as:

e oo logProbability(word}
scaledLogProbability(word) = —= 2 !

P
{0830 In another example, the scaling weight is a valoe between one and », where » is the
sumber of stomic units in the negram. For example, a scaled probability of a n-gram
wdentifving a word is equal to a probability of the n-gram identifying a word raised to the
{1+ — 1} power, where # 13 the number of atontie units in the n-gram and £ is g constant
hetween zero (no scaling by the nomber of atomic vnils) and one (foll scaling by the number
of atomic wits), o

soaledProbability(word) = [Probability{word)J M1,

Rewritien using logarithmic terms, the sealed probability can be expressed as:
logProbability(word)

{1+ &0n-1}]

{8031} In some implementations, scaling weights are pre-computed. Furthermore, in some

sealedLogProbability(word) =

implementations, the scaled probabilities are determined in loganithmic space. Using a log
scale stimplifies computations for very small probabilities.

[0032] For example, a n-gram is “xye”. Assume “x7, Y7, “27, Uxy”, “v2”, and “xyz” each
have a probability of identifyving a word equal to 0.1, A table below llusirates the
probabilitics of “x”, “y”, ¥27, “xy”, v, and “xyz” identifying words, The table also
ilhustrates scaled probabilities {e.p., scaledProbability(word) == {Probability{word} "} of “x”,
SRy e and Crye” identityving words. In partivular, the scaled probability of “xy”
eepuals the probability of “xy” raised to the second power because “xy” hag two atomic units,
o

sealedProbability{“xy”") = [Probability(“xy™)1" = [0.1]7 = 0.01.

{00331 Similardy, the scaled probability of “xye” equals the probability of “xye” raised to the

third power because “xy2™ has three atomic units, of!
scaledProbabilityCsyz”) = [Probability(“xy2}1 = [0.17 = 0.001.

8
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Probabilitylword) scaledProbability{word)
X 0.1 0
¥ 0.1 g1
z 8.1 0.1
A {.01
0.1 .01

£.001

X ¥& 0.01 £.001
XY 0.001 {8,001
XY Z 0.01 {3,001

{6034} The probabilities of segmentations of a n-gram do not equal the probabihities of the
negram (o2, Probability(“xyz")=0.1 # Probability("x”, “y", “«7 0,001,
Probability(“xyz" 0.1 £ Probabiity("x”, “v2"y=0.01 and Probability("xy="y=0.1 #
Probability(“xy”, “z"1=0.01). On the other hand, the scaled probabilities of segmentations of
a n-gram equal the scaled probabilities of the n-gram (e g., Probability{("“xy2"}=0.001 =
Probability(“x”, *v”, “a7¥=(0.001; Probability(“xyz"y=0.001 = Probability("x”, “y2"y=0.001;
and Probability(*xy2"¥=0.001 = Probability("xy”, “2"F=0.001}.

{HI38] Therefore, the scaled probabilities do not favor segmentations of longer words aver
shorter words, For example, using the scaled probabilities, a segmenter (.8, segmenter 160}
is equally likely to segment the negram “xyz™ as “xyz”, “x y 27, “x y2" or “xy 2", On the
other hand, using the un-scaled probabilities, the segmenter favors segmenting the n-gram
“xyz” as “xyz” becanse the probability of “xyz” iy greater than the probabilities of ™x y 27

“x ove”, and oy 27, though in reality the probabilities may vary.

{0036} Probabilities of individual tokens in a n-gram identifying scparate words that occur
together (1., not being part of a single word) may not be trudy independent. Therefore, the
scaling weights can be further refined to account for the dependent nature of the probabilitizs.
{60371 FIG. 3 s o flow chart showing an example process 300 for modifying a scaling weight
corresponding to a n-gram. For convendence, modification of a scaling weight corresponding
to & n-gram will be described with respect to a system that performs the process 300, The
scaling weight can be modified if a probability of a combination of lesser order n-grams
identifying 2 word differs from a probability of a n-gram identifying a word by a spevified
threshold amount.

{3038] The sy identifies 310 lesser order n-grams by deriving the lesser ovder n-grams
from a n-gram. The system receives 320 probabilities corresponding to each of the lesser
order n-grams wWentifving words. The system then compares 330 the probability of the

n-gram identifying @ word to the probabilitics of combinations of the lesser order n-grams

-t
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identifying words. Combinations of lesser order n-grams are derived from the vegram. For
exaraple, if an n-gram is “abe”, the combinations of lesser order n-grams are ("a b &)

(“ab oY and (“a be™). If a probability of a combination of lesser order n-grams identifving a
word is fess than the probability of the n-gram identifying a word by a specified threshold
amourtt (*Yes” branch of step 340), then the systom inereases 350 the scaling weight
corresponcing to the probability of the n-gram identifying a word. Otherwise ("No” branch of
step 340), the process does not modify 369 the scaling weight corresponding to the
probability of the n-gram identifving a word. For example, if a particolar sequence of tokens
“there of” ix very unlikely, then the probability of “thereof” should be modified. In particular,
the sealing weight corresponding to the probability of “thereof” identifying & word can be

2

increased i the probability of “there of” i less than the probability of “thercof” by a specified
threshold amount.

166391 In sowe implementations, the system docreases the scaling weight corresponding to
the probability of the n-gram identifying a word. If the probability of & combination of lesser
order n-grams identifving a word is greater than the probability of the n-gram identifying a
word by a specified threshold smmount, the system decreases the scaling weight corresponding
to the probability of the n-gram identifving 2 word. For example, if a particular sequence
“can not” is very likely, then the probability of “cannot™ should be modified. In particular,
the sealing welght corresponding to the probability of “cannot” identitying & word can be
decreased if the probability of “can not™ is grester than the probability of “cannot” by a
speeified dweshold amount.

00401 In some implementations, n-grams are removed from the dictionary under particutar
clireumatances. The dictionary {e.g., dictionary 100} inchudes a eollection of n-grawns and
corresponding probabilities of the n-grams identifying words. For example, if a n-gram ina
dictionary can be sepmuented using two or more lesser order n-grams {derived from the
n-gram) in the dictonary, and a product of the scaled probabilities of the lesser order n-grams
differs from a scaled probability of the n-gram by a specified threshold amount, then the
sn-gram is remeved from the dictionary. In some implementations, i the product of the scaled
probabilities of the lesser order n-grams is greater than the scaled probability of the n-gram,
then the n-gram ts removed from the dictionary, In the example, a segmenter {e.g., segmenter
160} would not segment the n~-gram as identifying a word since the probability of the
particelar n-gram is less than the probability of the alternative segmentation using lesser order
n-grams. Removing n-grams that would not be segmented as identifyving words provides a

more compact dictionary,
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{0641] FIG. 4 i a flow chart showing an example process 400 for removing a negram from a
diztionary depending on scaled probabilitics of lesser order n-grams derived from the n-gram,
For convenience, removal of a n-gram from a dictionary depending on scaled probabilitics of
lessor order n-grams derived from the n-gram will be deseribed with respect to g system that
performs the process 400.

10842} The system recetves 410 a scaled probability of & n-gram identifying a word. The
systern determines 420 sealed probabilities of lesser order n-grams identifying weords, wherg
the lesser order n-grams are derived from the n-gram. The system corapares 4380 the scalec
probability of the n-gram identifying a word to the scaled probabilities of combinations of the
fesser order n-grams identifying words, I a scaled probability of a lesser order nepram
identifying a word is greater than the scaled probability of the n-gram identifying a word
{*Yes” branch of step 440}, then the systemn removes 450 the n-gram from a dictionary {e.g.. &
dictionary that includes scaled probabilitivs}. Otherwise (“No” branch of step 440}, the
process does not modify 460 the dictionary, e.g., does not remove the n-gram from the
dictionary.

{0043 FIG. § 1w a schematic diagram of a generic computer system 530, The system 300 can
be used for practicing operations described in association with the technigues desceribed
previousty {e.g., processes 200, 300, and 400), The system 5300 can inchude a processor 51 a
memory 524, a storage device 530, and input/output devices 540. Each of the components
510, 520, 530, and 340 are inferconnected using a system bus 358, The processor 51018
capable of processing instructions for execution within the system 500, Such executed
instructions can implement one or more components of the segmentation system of FIG. 1, for
example. In one implementation, the processor 510 is a single-threaded proosasor. in another
fmplementation, the processor 510 i a multi-threaded processor. The processor $101

capable of processing instructions stored i the memory 520 or on the storage device 530 to
display graphical irdormation for a user interface on the input/output device 340,

§{3844] The memory 520 1s a computer readable medium such as volatile or non volatile that
stores information within the system 500, The memory 520 could store the dictionary 100,
for example. The storage device 530 is capable of providing persistent storage for the sysiem
530, The storage device 330 may be a floppy disk device, a hard disk device, an optical disk
device, or a tape device, or other suitable persistent storage means. The input/output device
340 provides input/ouniput operations for the system 500, In one unplementation, the

nput/ouatput device 549 includes a keyboard and/or pointing device. In another
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implementation, the input/output device 540 inctudes a display unit for displaying graphical
ssor interfaces.
08451 The iuput/output device 540 can provide input/output operations for the segmentation
system of FIGL 1. The segmentation systemn can include computer software comaponents to
determine scaled probabilities of negrams identifving words and segment words using the
scaled probabilities. Examples of sach software components inclade the scabing engine 120
and the segmenter 160, Such software components 120 and 160 can be persisted in storage
device 530, memory 520 or can be obtained over a network connection, fo name a few
exarples.
{6846} Embodiments of the subject matter and the functional operations described in this
specification can be hmplemented in digital electronic circuitry, or in computer sofiware
firmware, or hardware, including the structures disclosed in this specification and their
structural eguivalents, or in combinations of one or more of them.  Ewbodiments of the
subject matter described in this specification can be implemented as one or more computer
program products, i.e., one or more modules of compater program instractions encoded on a
tangible program carrier for execution by, or to control the operation of, data processing
apparatus. The tangible program carrier can be g propagated signal or a computer readable
medium. The propagated signal is an artifictally generated signal, e.p., & machine-generated
cloctrical, optical, or electromagnetic signal, that is generated to encode information for
ransmission to suitable recetver apparatus for execution by a computer. The computer
readable medinm can be @ machine-readable storage device, a machine-readable stovage
subsirate, 8 memory device, a composition of matter effecting a machine-readable propagated
signal, or & combination of one or more of them.
180471 The term “data processing apparatus”™ encompasses all apparatus, devives, and
machines for processing daia, wmeluding by way of example a programmuble processor, a
computer, or multiple processors or computers. The apparatus can include, in addition o
hardware, code that creates an exccution enviromnent for the computer program in question,
e.¢., code that constitutes processor firmware, a protocol stack, a database management
system, an operating system, or a combination of ong or wore of them.
[0048] A computer program (also known as a program, software, software application, seript,
or code} van be written in any form of programuming language, including compiled or
interpreted languages, or declavative or provedural languages, and it can be deployed inany
form, mchuding as a stand alone program or as a module, component, subroutine, or other unit

suitable for use in a computing environment. A computer program does not neccssarily

10
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correspond to a file in a file system. A program can be stored in a portion of a file that holds
other programs or data (£.g., one or more seripts stored in a markup language document), in a
single file dedicated to the program in question, or in multiple coordinated files {e.g., files that
store one or move modules, sub programs, or portions of code). A corputer program can be
deployed to be executed on one computer or on maltiple computers that are located at one site
or distributed across nultiple sites and interconnected by a communication network.

{6049] The processes and logic flows described in this specification can be performed by one
or move programmable processors exeouting one or more computer programs to perform
functions by operating oo input data and generating cutput. The processes and logic flows
can also be performed by, and apparatus can also be implemented as, special purpose logie
cironitry. ©.¢.. an FPGA (field programmable gate array} or an ASIC (application speaific
tifograted cireutt),

[0038] Processors suitable for the execution of a computer program include, by way of
example, both general and speeial purpose mjcroprocessors, and any One OF INOTE PTOCESSars
of any kind of digital computer. Generally, a processor will receive instructions and data
from a read only memory or a random access memory or both, The essential elements ofa
compater are a processor for performing instructions and one or more memory devices for
storing instructions and data. Generally, a computer will alse include, or be operatively
coupled to receive data from or transfer data to, or both, one or move mass storage devices for
storing data, e.g., magnetic, magneto optical disks, or optical disks. However, a compute
neod not have such devices. Moreover, a computer can be embedded in another device, e.g., 2
maohile telephone, a personal digital assistant (PDA), a mobile audio or video player, g game
console, a Global Positioning System (GPS) receiver, to name just a few.

{0051} Coraputer readable media suitable for storing computer program mstroctions and data
include all forms of non volatile memory, media and memory devices, inchuding by way of
example samiconductor memory devices, e.g., EPROM, EEPROM, and flash memory
devices; magnetic disks, e.g., internal hard disks or removable disks; magneto optieal disks;
and €D ROM and DVID-ROM disks. The processor and the memory can be supplemented
v, or incovporated in, special purpose logic cireuitry.

100321 To provide for interaction with a user, embodiments of the subjoct matter desoribed in
this specifieation can be implemented on a computer having a display device, 2.2 2 CRT
{cathode ray tube) or LOD {liquid erystal display) monitor, for displaying information 1o the
wser and a kevhoard and a pointing device, ©.g., a mouse or & trackball, by which the user can

provide input to the computer. Other kinds of devices can be used to provide for inferaction

il
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with a user as well; for example, feedback provided to the user can be any form of sensory
feedback, o.g., visual feedback, auditory feedback, or tactile feedback; and input from the user
can be recetved i any form, inchuding acoustic, speech, or tactile mpuot.

{80331 Ewbodimentys of the subject matter described in this specification can be mnplomented
in a computing systeny that inchudes a back end component, e.g., a8 a data sorver, or that
nchudes a middleware component, e.g., an appheation server, or that includes a front end
component, ©.2., 3 client computer having a graphical user interface or a Web rowser
throngh which a aser can interact with an implementation of the subject matter desoribed i
this apecification, or any conbination of one or more such back end, middleware, or front end
components. The components of the system can be interconnected by any form or medium of
digital data communication, e.g., a commonication network, Examples of communication
networks include a local arca network (“"LAN") and a wide area network ("WAN"}, ¢.g., the
fnternet,

{00541 The computing system can include clionts and servers. A client annd server are
generally remote from each other and typically interact through a commuricalion network.
The relationship of client and server arises by virtue of computer programs running o the
respective computers and having a client-server relationship to each other,

{0551 While this specification contains many specific implementation detatls, these shonld
not be construed as limitations on the scope of any invention or of what ray be claimed, but
rather as descriptions of features that may be specific to particular embodiments of particular
nventions, Certain features that are deseribed in this specification i the context of separate
embodiments can also be implemented in combination in a single embodinent. Conversely,
various features that are desenibed 1 the context of a single embodiment can also be
plemented i multiple cmbodiments separately or in any suitable subcombination.
Moreover, although featares may be described above as acting in certain combinations and
even inttially claimed ag such, one or more featores from a claimed combination can in some
cases be excised from the combination, and the claimed corbination may be direscted fo a
subcombination or variation of a subcombination.

{0U56] Similarly, while operations are depicted in the drawings 1o a particular order, this
should not be understood as reguiring that such operations be performed in the particular
order shown or in sequential order, or that all iHustrated operations be performed, to achiove
desirgble results. o certain circomstances, muoltitasking and parallel processing may be
advantagenus. Moreover, the separation of vartous systemn components in the ernbodiments

described above should not be understood as requiring such separation in all embodiments,

12
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and it should be anderstood that the described program components and systems can generally
be integrated together in a single software product or packaged into multiple software
products.

[0087] Particular embodiments of the subject matter deseribed in this specification have been
deseribed. Other embodiments are within the scope of the following claims. For example,
the actions recited in the claims can be performed in a different order and still achigve
desirable results. As oune exarople, the processes depicted in the accompanying fgures do noi
weeessarily require the particniar order shown, or sequential order, to achieve desirable
results. In certain implementations, multitasking and parallel processing may be

advantageous,

What is claimed is:
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CLAIMS

i. A method comprising:

receiving a probability of a n-gram identifying a word;

determining a mumber of atomic units in the corresponding n-grany;

identifying a scaling weight depending on the number of atomic writs in the n-gram;
and

applving the scaling weight {0 the probability of the n-gram identifying a word to

determine a scaled probability of the n-gram identifying a word.

2. The method of claim 1, where the scaled probability of the n-gram identifying a word

depends on the number of atomic units in the n-gram.

£y

-~

3. The method of claim 1, where the scaled probability of the n-gram identifying & word
ix 7, where x is the probability of the n-gram identifving a word and a1 ts the wmumber of

atomic onits m the n-gram.

4, The method of claim 1, where the scaled probability of the n-gram tdentifying a word
. 14+ F . 4 [P ~ . . . “ 5 " o
is x M where i ds the probability of the n-gram identifying a word, # is the number of

atornic units in the n~gram, and & is & constant and 0 SA S L

P

The method of claim 1, further comprising:
receiving a phurality of tokens; and

sepmenting the plurality of tokens into words using the scaled probablity.

14
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6. The method of claim 1, further comprising:

wdentitymg lesser order n-grams, the lesser order n-grams being derived from the
n-@ramy;

receiving probabilities corresponding to cach of the lesser order n-grams identifying
words,

comparing the probability of the n-gram identifving a word to the probabilities of
combinations of the lesser order n-grams identifving words; and

when a probability of a combination of lesser order n-grams identifving a word diffors
from the probability of the n-gram identifving a word By a specified threshold amount,
sundifying the scaling weight corresponding to the probability of the n-pram identifving &

word,

The method of elaim 1 further comprising:

-3

receiving a scaled probability of a n-gram identifving a word;

determining scaled probabilities of lesser order n-grams identifving v#erds, the {esser
order n-grams being derived from the n-gram; and

removing the n-gram from a dictionary when a scaled probability of a combination of
fesser order n-grams identifying a word differs from the sealed probability of the n-gram

sdentifying a word by a specified threshold amount.

5. A system comprising:

a dictionary including n-grams and corresponding probabilities of each n-gram
wdentifying a word;

a scaling engine including scaling weights corresponding to cach n-gram, the scaling
weights depending on the mumber of atomic units in sach n-gram; and

scaled probabilities of cach negram identifying a word, wherein the scaled
probabilities of cach n-gram identifying 8 word is determined including applying a scaling

weight to a corresponding probability for each n-gram identifying a word.

9, The system of ¢laim 8, where the scaled probability of the n-gram identifving & word

depends on the muber of atomic wiits in the n-gram,

16, The system of claim &, where the scaled probability of the n-gram identifving a word
is 2", where x is the probability of the n-gram identitying a word and » is the munber of

atomuic units iy the n-~gram.

)
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11, The system of claim &, where the scaled probability of the n-gram identifying a word
. tbiln-i N - vy . fgn . o X i~
i xH where x 1s the probability of the n-gram identifying a word, # is the number ot

atoric units in the negram, and A is a constant and 0 & < 1.

12, The system of claim 8, further comprising:
a segmenter that receives a plurality of tokens and uses the scaled probabilities to

segotent the plurality of tokens into words.

13, The system of claim 8, further comprising one or more computers operable to pertonm
operations including:

identifying lesser order n-grams, the lesser order n-grams being dertved from the
s EHTN

receiving probabilities corresponding to each of the lesser order n-grams identifying
words;

comparing the probability of the n-gram identitying a word to the probabilities of
combinations of the lesser order n-grams identifying words; and

when a probability of a combination of lesser order n-grams identifying & waord differs
from the probability of the n-gram identifying a word by a specified threshold amomnt,
modifying the scaling weight corresponding to the probability of the n-gram identifying 8

word.

14, The system of claim 8, further comprising one or more computers operable to perform
operatiens including:

receiving a scaled probability of a n-gram identifying a word;

determining scaled probabilities of lesser order n-grams identifying words, the lesser
order n-grams being derived from the n-gram; and

removing the n-gram from a dictionary when a scaled probability of a combination of
lesser order n-grams identifving a word differs from the scaled probability of the n-gram

identifying a word by a specified threshold amount.
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15 A computer program product, tangibly stored ou a computer-readable medium,
comprising instructions operable to cause a progranymable processor to:
receive a probability of a negram identifying a word;
determine a number of atomic units in the corresponding n-gramy
dentify a scaling weight depending on the number of atomic units in the n-gram; and
apply the scaling weight to the probability of the n-gram identifying a word to

determine a scaled probability of the n-gram identifyving a word.

16, The computer program product of claim 15, where the scaled probability of the

n-gram identifying a word depends on the nomber of atonic unils m the w-gram.

17, The compuler program produet of claim 15, where the scaled probability of the
n-gram identifying a word is X", where x is the probability of the n-gram tdentifying a word

and » is the munber of atcamic units in the n-gram.

1§, The computer program product of claim 13, where the scaled probability of the

{ bk~

. NP . 13 . as . R v
n-gram identifying a word is x ? where x is the probability of the n-gram identifving a

word, # is the mumber of atomic units in the n-gram, and & is a constant and 8 <k <1,

19, The computer program product of claim 15, further comprising instructions operable
{0 cause a progravanable processor o
receive g plurality of tokens; and

segrnent the plarality of tokens into words using the scaled probability.

20, The computer program product of claim 15, frther comprising instructions operable
10 cauge & prograrmable processor to!

grams being dertved from the n-gramy,

&

wdentify lesser order n-grams, the lesser order n-

receive probabilities corresponding to each of the lesser order n-grams identifving
words;

compare the probability of the n-gram tdentifying & word to the probabilities of
combinations of the lesser order n-grams identifying words; and

when a probability of a combination of esser order n-grams identifying a word differs
from the probability of the n-gram identifying a word by a specified threshold amount,

modify the scaling weight corresponding to the probability of the n-gram identifying & word,

i7
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21, The computer program product of claim 15, further comprising instructions operable
{0 Cause a programmable processor tor

receive a scaled probability of a n-gram identifying a word;

determine scaled probabilities of lesser order n-grams identifying words, the lesser
order n-grams being derived from the n-gram; and

remove the n-gram from a dictionary when a scaled probability of a combination of
fesser order n-grams wdentifying a word differs from the scaled probability of the n-gram

wlentifying a word by a specified threshold amount,

&

Py
T

A systern comprising:

means oy receiving s probability of @ n-gram identifving & word,;

means for determining a number of atomic onits i the corresponding n-gram;

means for identifying a scaling weight depending on the nember of atomis units in the
n-gran; and

means for applving the scabing weight to the probability of the n-gram identifving a

word to detormine a scaled probability of the n-gram identifying a word.

23, The system of claim 22, where the scaled probability of the n-gram identifying a word

depends on the number of atomic unifs in the n-gram.

24, The system of claim 22, where the scaled probability of the n-gram identifying a word
iz x”, where x is the probability of the n-gram identifying a word and # 8 e nomber of

atomic units w the p-gram.

25, The system of claim 22, where the scaled probability of the negram identifying a word
. +&n-13 v g ~ - . R . i .
fa xR0 where v is the probability of the n-gram identifying a word, # is the muber of

atomic units o the n-gram, and disaconstant and 0 €A S 1L
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