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INCREMENTAL IDEOGRAPHIC 
CHARACTER INPUT METHOi;; 

BACKGROUND OF THE INVENTION 

1. Field of the Invention 

The present invention relates to a user interface for entry of ideographic 

characters into a computer. 

2. The Prior·Art 
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Computer entry of ideographic characters presents a difficult user interface 

problem. For example, in the basic Chinese "alphabet", there are 5,401 characters, 

each character corresponding to a different meaning or word. A keyboard having 

5,401 keys is impos~ble to either build or use as a practical matter. 

The prior art contains two different ways of approaching this problem. The first 

·employs a keyboard where more than one key is required to enter a character. The 

second employs a tablet and a software handwriting recognition system ttiat 

recognizes entire characters. 
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There are various keyboard entry methods for ideographic characters. For 

example, there is a keyboard. called the Ziran Input System, produced by Multi-Corp of 

Calgary, Canada, where each key corresponds to a particular stroke type {horizontal. 

vertical. L-shaped, etc.). In order to enter a character, a user must decide which shape 

of stroke is closest to the one he or she desired. then presses the corresponding key. 

There are other keyboard entry systems, where each key corresponds to a particular 

sound or subset of the character (known as a radica.Q. See, e.g., United States Patent 

5, 131, 766 to Wong; United States Patent 4.669,901 to Feng; or United States Patent 

4,684,926 to Yong-Min. 

All of these keyboard entry systems are non-intuitive. Each requires an 

extens"ive practice period for proficiency. For example, for the Zhan Input System. a 

novice user typically uses a finger to write out.the entire character on the _!able before 

pressing any keys. The diffiqulty arises from the fact that it is non-obvious which stroke 

type is actually closest the desired character. This determination requires some 

thought from the novice user • 

. For Asian ideographic character ently, another source of difficulty of entry is the 

number of strokes in a character. Some characters comprise up to 30 strokes. 

There is a mitigating factor that improves the usability of the Ziran Input System. 

The system provides multiple hypotheses after every keypress. The hypotheses are a 
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list of up to about 10 characters that are consistent with the keys pressed so far. 

_Typically, the user only needs to enter in the first four to six strokes of a character .. 

before the system narrows the list of candidates down to one or two possible 

characters. A user can select one of the candidates from the list at any time. This 

incremental approach speeds up the entry rate by a factor of about 2-4. 

The other approach for .entering ideographic characters is to use a pen to 

naturally write an entire character on a graphics tablet. For example, see United 

States Patent 4.561, 105 to Crane, et al.; United States Patent 4,365,235 to Greanias7 

et al.. or United States Patent 5,462,711 to Kitamura A software recognition system 

attempts to find the character that most closely matches the strokes entered on the 

tablet.· Som~ ideographic character recognizers only recognize neatly printed 

Charac_!ers. However, neatly printing the entire character can take a long time. To 

speed up the character entry process. people will naturally connect strokes to form 

cursive writing. However. cursive writing can be very idiosyncratic and/or very sloppy. 

which results in poor accuracy when the software tries to recognize what was written. 

In addition, prior art examples of ideographic character recognizers require a 

tablet with either a display immediately underneath the tablet, or a tablet that senses 

the proximity of the pen hovering above the tablet. These technologies have been 

hitherto necessary to allow the effective combination of writing strokes and selecting 
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commands and/or character hypotheses. However. both of these technologjes are 

expensive. and add cost to any handwriting recognition product. 

United States Patent No. 4,829,583 to Monroe, et al., describes a system that 

uses an input tablet to accept strokes of an ideographic character. The user starts by 

writing the first and last stroke of the character. The system then identifies the 

character, based on the beginning and ending points of these strokes, quantized to a 

9x9 grid. If the character cannot be uniqµely identified based on these two strokes, a 

list of candidates will be displayed to the user for selection. In an alternative 

-
embodiment disclosed by Monroe et af., the user can enter sp~ific additional strokes 

to disambiguate the character identification. These additional strokes can be the 

second and the penultimate stroke, the· last strok~ of a radical, or the stroke 

immediately after the radical. 

There are serious limitations in the ease of use of the system disclosed in 

Monroe. These lirriitatioils stem from the primitive recognition algorithm used. Since 

· the recognition algorithm is a lookup table. with no error correction disclosed. the user 

must st~rt and end the particular stroke in the exact 9x9 grid element. required by the 

system. If the user starts or ends the stroke in an adjacent square, the system will fail 

to recognize the character. The system disclosed in Monroe, et aL supplies a grid 

overlay on the input tablet to assist in the drawing of the strokes. However, users often 

cannot remember the exact starting or ending square for all strokes of all 5401 

:: .·· 
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characters. Furthennore. if the input tablet is very small, as in a touchpad, it is difficult 

to exactly hit the correct grid square while writing rapidly. Being forced to start and end 

strokes in the exact grid square is an error-prone. uncomfortable process. If starting or 

ending a stroke in the correct square is a 95% successful process, then after two 

strokes, the probability of recognition is (.95}t'4 = 81 o/o. If six strokes are required for 

recognition. then. the probability of recognition with the Monroe et al. system is 

(.95}""12-54%. lf the character is very complicated, and requires 18 strokes to 

disambiguate it from other characters, the probability of recognition is (.95)"36= 16%. 

Clearly, the system di$olosed in Monroe. et at must limit itself to recognizing 

characters With only a very few strokes. It is well known to those skilled in the art that 

the first and last strokes are the most informative for Chinese characters. Monroe et al. 

take advantage of this fact, and thus the user must start by writing !!le first and last 
-

strokes of the characteri possibly followed by key strokes near the end of the radical 

However, being forced to write the first, then the last, then possibly some 

arbitrary stroke in the middle of the character is very non-intuitive and error prone. If 
. 

the user starts writing strokes in the well-known correct stroke order, it can typically 

take 3 to 18 strokes before the character is disambiguated, due to many characters 

sharing the same initial radical, which can have as many as 17 strokes. As discussed 

above, the Monroe, et al. system will have unacceptably high error rates if the user 

writes in the well-known correct stroke order. In addition, forcing the user to write the 
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character in a non-natural manner by forcing the entry of strokes in an order other than 

the order in which they would natural~y be written, comprises a clumsy and non­

optimal user intertace. 

It is an object of the present invention to create an incremental entry method for 

ideographic characters that allows users to write strokes in the well-known correct 

order, while still maintaining a high accuracy rate. 

It is another object of the present invention to provide an ideographic character 

input method that is as intuitive as printing a character on a tablet 

It is a further object of the pr~sent invention to provide an ideographic character 

il')put method which is faster and more accurate than standard ideographic character 

recognition. 

Yet another object of the present invention is to provide a method for using low-

cost tablets without proximity detection or a display in order to enter ideographic 

characters. 

It is another object of the present invention to provide an incremental 

ideographic character input method which overcomes some of the shortcomings of the 

prior art .. 

.v;· 
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BRIEE DESCRIPTION OF THE INVENTION 

The present invention is a user interface method for performing entry of 

ideographic characters into a computer. The method consists of the following steps. 

First, the user enters at least one stroke of an ideographic character on a tablet or 

touchpad. The strokes are written in- the ~aturat order in which the ideographic 

character would be written (hereinafter "natural stroke orderj. A stroke list is initialized 

with these first stroke(s), and the stroke list is supplied to an incremental character 

recognizer, which produces a hypothesis list of candidate characters that contain 

the~ first stroke(s). The user then can select a correct character from among the. 
-

-candidate characters on the hypothesis list by pointing at the desired candidate 

character, or the user can write an additional stroke of the character if no candidate 

character is correct. This additional stroke is added to the stroke list, and the stroke list .. 

iS supplied to the incremental ·character recognizer, which produces a new hypothesis 

list The method continues to aceept strokes until the user selects a hypothesis. 

In addition, the user interface can accept commands from the user, which can 

be used to delete some or all strokes in the stroke list, stop the recognition process, or 

send other commands to the character.recognizer, application, or operating system. 

According to an alternative embodiment of the present invention, the user can 

alternate writing strokes in two different winci9ws. With the act of writing a stroke in the 
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other window, the user indicates that the first candidate in the candidate list for the 

stroke(s) written in the first window should be selected. 

Selection of commands and character candidates is made easy by using a 

touchpad and placing the selection regions at the edges of the window. This­

placement allows the user to run. his or her fi~ger along the edge of the touchpad ·to 

highlight various commands or candidates. The user does not need to look at his or 

her finger but rather can feel the bezel of the touchpad to find the edge. Edge-placed 

commands enable the use of the touchpad. as an effective. ideographic input device. 

becau~ the touchpad does not sense the proximity of a pen ~r finger, which normally 

hinders the utility of touchpads as absolute-mode pointing devlces. Edge-placed 

. commands enable the use of any iriput devices which do not have proximity sensing 

or a display mounted beneath the touchpad. 

The incremental recognizer of the present invention iS sus)erior to the prior art, 

because it is based on statistical pattem classifiers. which can be used to create a 

mu6h more accurate incremental recognition system. The first part of the incremental 
. . 

recognizer is a pre-classifier, which limits the character candidates from all possible 

character candidates to a much smaller group in order to speed up recognition . A 

detailed classifier then determines the identity of the partial or full character being 

written. There are two neural networks which make up a detailed classifier. The first 

network ts a two-layer time-delay neural network, which is optimized for recognition of 

. ·· ...... : 
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partial characters. The second network is a two-layer standard neural network. which 

is optimized to recognize complete characters. The outputs of the two networks are 

combined to produce a system which works well for both partial and complete 

characters. The output combination of-the two networks is then sorted to produce a 

hypothesis list. 

As a post-processing step. the incremental recognizer manipulates the 

hypothesis list Characters that defmitely have fewer strokes than the user has written 

are deleted from the hypothesis list. Characters that are subsets of other characters on 

the hypothesis list·are either promoted towards the front of the list. or are inserted at 

the front of the list. 

BRIEF DESCBIPTIQN OE THE DRAWINGS 

FIG. 1 is a block diagram of apparatus for implementing the incremental 

id99graphic character input method of the present invention. 

FIG. 2 is a diagram of a typical display window for use in the incremental 

ideographic character input method of the present invention. 

FIG. 3 is a flow diagram illustrating the initial steps pertormed by the input 

processor of the current invention. 
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FIG. 4 is a flo~ diagram illustrating a presently preferred embodiment for initial 

pen or 'finger down processing according to the method of the present invention. 

FIG. 5 is a flow diagram illustrating the processing steps performed by the 

method of the present invention during a pen or finger down intetva.J, after the initial 

pen down point. 

FIG. 6 is a flow diagram illustrating the steps that the input processor performs 

when the user lifts the pen or finger from the touchpad or tablet. 

RG. 7 is a diagram showing an alternate embodiment of the display window of 

the -present invention, which is intended -for experienced users. 

FIG. 8 is a flow diagram illustrating the steps that implement the user interlace of 

FIG. 7. 

FlG. 9 ·is a flow· diagram showing an optional enhancement to the user interface 

which is preferred when the input device is' a touchpad. 

FIG. 1 O is a flow chart which .illustrates a presently preferred implementation of 

the incremental recognizer of FIG. 1. 
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FIG. 11 is a block diagram of the architecture of a pre.classifier suitable for use 

in the present invention. 

FIG. 12a is a diagram showing how a fuzzy encoding transforms a continuous 

scalar variable into a vector of fuzzy membership variables. 

FIG. 12b is a diagram showing how a fuzzy encoding transforms a directional 

variable over the range O to 360 degrees into a vector of fuzzy membership variables. 

FIG. 13 is a flow chart which· illustrates the operation of the Directional 

Feature Map (DFM) of the classifier of FIG. 11. 

AG. 14 is a block diagram showing the structure and organization of a time.; 

1 O delay neural network (TONN) suitable for use in the present invention. 

FIG. 15 is a block diagram showing ttie structure and organization of an image­

based neural network (INN) suitable for use in the present invention. 

FIG. 16 is a flow diagram illustrating manipulation of the hypothesis list in order 

to increase the chance that the first element in the hypothesis list is the correct answer. 

·. · .. · ;· 
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FIG. 17 is a flow diagram which shows the steps in the preferred embodiment of 

the hypothesis deletion algorithm of FIG. 16. 

FIG. 18 is a flow diagram which shows the steps in the preferred embodiment of 

the hypothesis insertion algorithm of Ff G. 16. . 

RG. 19 is a flow diagram which shows the steps in the pref~rred embodiment of 

the hypothesis re-ordering algorithm of FIG. 16. 

DETAILE_Q QE$CRlPTION OF A PREFERRED-EMBODIMENT 

Those of ordinary skill in. the art will realize that the following description of the 

present inventionjs-iifustrative only and not in any way limiting. Other embodiments of 

the invention will readily suggest themselves to such skilled persons. 

In the specification and claims herein, the phrase "natural stroke order" is ~sed. 

· ·. ;Wheri used in· the specification and claims herein. this phrase shall mean the order in 

· which the strokes of an ideographic character are nonnally written by people to whom 

the language is native. 

In the-specification and cla.ims herein, the word "pen• is used. When used in the 

specification and claims herein, this word shall mean a position designatinQ. device 
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13 
that is sensed by the input tablet or touchpad For a standard graphics table~ this is a 

special stylus, while for a standard capacitive touchpad, this is a finger. 

In the specification and claims herein, the phrase "statistical pattern classifier" is 

used. When used in the specification and claims herein, this phrase shall mean an 

apparatus that classifies input patterns into one of a plurality of classes, the 

parameters and/or structure of such a classifier being determined from the statistics of 

the input patterns. Examples of statistical pattern classifiers· include neural networks, 

radial basis functions. classification and regression trees. parametric Bayesian 

classifiers, nearest neigh'?Or cl~ifiers, local parametric models. mixt_ures of experts, 

and polynomial classifiers. A statistical pattern classifier can also consist of a plurality 

of statistical pattern classifiers whose outputs are combined using a combination 

algorithm. Other examples of statistical pattern cl~ifiers are obvious to those skilled 

in the art of pattern recognition. 

Referring first to FIG. 1. a block diagram illustrates an apparatus 1 O for 

perfoniling the ideographic character input method of the present invention. A user 

will interact with a computer 12 using a tabiet or touchpad 14. According to a presently 

preferred embodiment of the invention. the user will employ a touchpad, because it 

has a small footprint (less than 4 inches square), so is easily integrated into a 

keyboard or portable computer. The output of the touchpad is processed by an input 

processor 16, which implements the method of the current invention. The input 
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processor interacts .with an incremental recognizer 18, draws graphics on a display 20, 

and sends character messages to the operating system or application 22. The input 

processor is typically implemented as software running on the computer 12. 

Referring now to FIG. 2, a typical display window 30 of the input processor is 

shown. This window 30 can be a window in a standard windowing system, such as X 

windows or Windows 95. The window 30 is ·frequently a subset of the computer's 

display 20. A portion 32 of the window 30 is reseriled for showing the hypotheses 

generated by the incremental recognizer. Another portion 34 of the window 30 shows 

the strokes writteil by the user so far. Yet another portion 36 shown on the right side of 

· · · the window 30 is reserved. for buttons by which the user can issue commands to the 

input process0r. 

According to the preferred embodiment of the invention, the absolute.coqrdiriate 

system of the touchpad 14 is mapped to the coordinate system of the window 30, and 

the window 30 has the same aspect ratio as the touchpad, so that the user can reach 

the· entire window by touching anywhere in the touchpad. The arrang~ent of .the 

regiorls 32, 34, and 36 shown in RG. 2 are· optimized for use with the touchpad, 

because selecting sub-regions within regions 34 and 36 simpry require the user to run 

his or her finger along the vertical edges of the touchpad. Other arrangements of 

regions 32, 34, and 36 are possible within the scope of the present invention . 

. ·.·. : 
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Referring now to FIG. 3. a flow diagram illustrates the initial steps perfonned by 

the input processor 16 of the current invention. The touchpad input device 14 

produces packets of data. The input processor 16 mµst handle these packets and 

respond appropriately to user intentions. 

At step 40, the input processor waits for the next packet to arrive from the 

touchpad 14. According to a presently preferred embodiment of the invention, it is 

assumed that these packets are queued up by a separate thread of execution, so that 

the input processor does not need to have multiple threads of execution. Each packet 

has X and Y absolute location data from the· touchpad, and a signal which indicates 

whether a pen (or finger) is in contact with the toucttpad. 

When a packet arrives to the.input processor. step 42 ls executed, which stores . 

whether the pen is currently in contact with the touchpad in a variable, penOown. Step 

44 is theri exec~ted .. where the (X,Y) point on the touchpad is mapped to a (X", Y') point 

in the window 30 of RG. 2. As discussed above, while.the input processor is executing 

the steps or"the present invention. the entiretouchpad is mapped to the entire window, 

which has the same aspect ratio as the touChpad. Methods for mapping between 

rectangles with the same aspect ratio are well-known in the art Alternative 

embodiments can include standard graphics tablets, where the tablet coordinate 

system is mapped to the entire extent of the display 20, as is well-known in the art. 
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After step 44. ·step 49 then decides whether penDown is TRUE. If it is true, then 

the input processor detennines to which region (32, 34, or 36) the current packet 
. . . 
maps. This determination is •hit-testing" and. is well-known in the art. The region label 

is then stored in the loc variable at step 48. After step 48, step 50 examines tt)e 

variable oldPenDown, which contains the value of the penOown variable for the 

previous packet. Upon program entry, the variable oldPenDown should be initialized 

to FALSE. If oldPenDown is TRUE. then step 52 is executed. Step 52 is further 

explained in AG. 9. Then, control flows to FJG. 5, where standard pen down 

processing is performed. 

If oldPenDown is FALSE. then step 54 is executed. which initializes the startloc . 

adj~stment algorithm in step 54 by initializing an array variable of length 3. de, to o and 

initializing the variable-changeStart to zero. ·Control then flows to an array yariabl~ of 

tength 3, d~ to 0. Control then flows to AG. 4, which descnbes initial pen down 

processing. If at step 46. penDown is FALSE, the processor then examines 

oldPenDown at step 56. If oldPenDown is also FALSE. the user is not interacting with 

the input processor. and the system updates oldPenDown with penOown at step 58, 

· and control flows back to step 40. If oldPeriDown is TRUE at step 56, the pen just went 

up and pen up processing occurs as shown in FlG 6. 

FIG. 4. illustrates a preferred embodiment of initial pen down processing 

according to the invention. The r~ion to which the initial pen or finger down point 
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gets mapped determines the behavior of the user interface. If the pen goes down in 

region 34, then the user wants to write another stroke. If the pen goes doWri in region 

32, then the user wants to select a character candidate. If the pen goes down in region 

36, then the user wants to enter a command. Alternatives to this embodiment can 

suggest themselves to those skilled in the art. For example, the user may be required 

to perfonn a tap gesture in areas on the touchpad corresponding to regions 34 or 36 in 

order to select a candidate or execute a command. FIG. 4 implements the preferred 

embodiment of merely starting the pen down in a region to indicate that an object will 

be selected from that region. 

At step 60, the variable startloc will be loaded with the label of the .first pen 

down point~ contained in the location variable "loo". The variable startloc will serve as 

a mode flag throughout the user interface. At. step 62, if startloc is 34, then the user 

wants to write a new stroke and step 64 then allocates a new stroke and steP 66 adds 

the current touchpad point {X. Y) to the stroke. 

lf startloc·is not 34. step 68 determines whether it is 32. If so. then the user 

wants to s·eiect a candidate. The input processor then executes step 70 to find the 

candidate whose graphical display contains the point (X1,Y') and highlights that 

. candidate. Other graphical interface actions, such as depressing a graphical button or 

changing the color of the candidate may be employed to indicate selection. The 

identity of the selected candidate.is stored in the variable oldCandNum at step 72. lf 
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startLoc is not either 34 or 32. then the processor decides that the user wants to enter . 

a command. The command whose graphical display contains the (X',Y') point is 

highlighted by step 7 4 and the identity of the selected command is stored in the 

variable oldCmdNum at step 76. 

After steps 66. 72, or 76 are executed, control flows back to step 58 of the flow 

chart of FIG. 2, which prepares the processor to accept a new packet. 

Referring now to FIG. 5, a flow chart mustrates the processing steps performed 

by the method during a pen down interval, after the initial pen down p~int These 

- steps will cause the stroke to be drawn or allow the user to slide the pen or finger 

along the right and left -edge of the touchpad or tablet 14 to sel~ different candidates 

or commands.. 

Step 80. determines whether the user is writing a stroke by determining if 

startloc is 34. If so. the current (X,Y) point is added to the stroke at step 82, and a_line 

is drawn on window 30 from the previous value of (X1,Y') to the.current value of (X',Yj 

at step 84. Control then flows back to step SS of the flow chart of FIG. 2. which 

prepares the processor to accept a new pa~et. 

If startLoc is not 34, step 86 checks to see if the user is selecting a candidate by 

determining if startloc is 32- If so, ·step 88 determines if the user is still pressing on the 
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candidate area of the touchpad by examining if loc is 32. If so. then step 90 sets the 

variable candNum to the identity of the candidate whose graphical display in window 

30 of the display 20 contains the current (X',Y') position and control flows to step 94. 

~f loc is not in 32, the user is not trying to select a candidate, and the variable 

candNum is set to -1 at step 92. Step 94 then determines whether oldCandNum is the 

same as ca.ndNum. The purpose of step 94 is to minimize the number of graphical 

operations on window 30. If oldCandNum is the same as candNum. then no graphical 

operations need to occur, and control flows back to step 58 of FIG. 3. 

If oldCandNum is different than candNum, then the candidate highlight must 

change. Step 96 de-highlights the candidate that corresponds to oldCandNum, if 

oldCandNum is not -1. Step 98 then highlights the candidate. that corresponds to 

candNum, if candNum is not-1. Frnally, step 100 updates oldCandNum with the 

current value of candNum. and control flows back to-step 58 of FIG. 3-

At step 86, if startloc is not 32. then the processor decides that the user must be 

selecting a command. At that point, steps 102 through 114 are executed. Steps 102 

through 114 are exactly analogous to steps 88 through 100, except they manipulate 

the highlighting of commands, not candidates, and they operate on the variables 

oldCmdNum .and cmdNum instead of oldCandNum and candNum. Thus, at step 102, 

it is decided whether startloc is 36, which would indicate a command was intended. lf. 
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at step 102, it was decided that loc is not 36, a command is not intended, and step 104 

then sets the variable cmdNum to -1. Control then flows to step 1 OS. 

If an intended command is indicated. step 106 then sets the variable cmdNum 

to the identity of the command whose graphi<?B-1 display in window 30 contains the 

current (X', Y1
) position. Step 1 OS"then determines whether emdNum is equal to 

oldCmdNum. If so, no further graphical processing is needed and control flows back 

to step 58 of FIG. 3. 

If oldCmdNum is different than crndNum. then the command highlighting must 

change. Step 11 O de-highlights the Candidate command that corresponds to 

oldCmdNum, if oldCmdNum is not set to -1. Step 112 then highlights the command 

that eorresponds to cmdNum, if cmdNum.)s not set to -1. Finally, step 114 updates. 

· oldCmdNum with the current value of cmdNum. and control flows back to step 58 of 

FIG.3. 

Referring now to AG. 6, ·a flow chart illustrates the steps that the input processor 
. 

16 of AG. 1 takes when the user lifts the pen or finger from the touchpad or tablet 1-4. 

According to a presently preferred embodiment of the invention, a pen up is a signal to 

either send the strokes to the incremental recognizer, or to select a character or a 

command. As discussed above, altemative embodiments can also use different 
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actions for selection. For example, by clicking on the left mouse button at any time, a 

user may indicate a serection of the flfst candidate on the list . 

Step 118 first determines if the user is in the mode of entering strokes by 

examining whether startloc is 34. If it is. step 120 determines whether the stroke is too 

small for processing. As is weir-known in the handwriting recognition art, very small 

strokes can often be ignored as accidental strokes by the user. However, extreme 

care must ~ taken in recognizing ideographic characters. since some users write so 

Quickly that their strokes become dramatically shortened. In the preferred embodiment 
-

of step 120. maximum of the stroke width and height are determined. If this maximum 

size is smaller than about 1 mil on the touchpad, then control flQws to step 58 of RG. 3. 

If, at s~ep 120, the stroke is not too small, step 122 adds the current stroke to a 

stroke list containing the strokes written so far. When the process iS started, this stroke 

list is initialized to be empty. Step 124 sends the ~roke list to an incremental 

recognizer 18, and, at step 126, a hypothesis list containing candidate characters is 

returned from the recognizer 18. 

The incremental recognizer is a recognizer which is subject to several 

constraints. lt is preferable that the incrementaJ recognizer operate in less than 250 

milliseconds,· in order not to annoy the user with long delays between each stroke. 
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actions for selection. For example, by clicking on the left mouse button at any time, a 

user may indicate a selection of the first candidate on the list. 

Step 118 first determines if the user is in the mode of entering strokes by 

examining whether startloc is 34. If _It is, step 120 determines whether the stroke is too 

small for processing. As is well-known in the handwriting recognition art, very small 

strokes can often be ignored as accidental strokes by the user. However, extreme 

care must be taken in recognizing ideographic characters, since some users write so 

Quickly that their strokes become dramatically shortened. In the preferred embodiment 

of step 120, maximum of the stroke width and height are determined. lf this maximum 

size is smaller than about 1 mil on the touchpad, then control flows to step 58 of AG. 3. 

If. at step 120, the stroke is not too small, step 122 addS the current stroke to a 

stroke list containing the strokes written so far. When the process is started, this stroke 

list is initialized to be empty. Step 124 sends .the stroke list to an incremental 

recognizer 18, and, at step 1267 a hypothesis list containing candidate characters is 

returned from the recognizer 18. 

The incremental recognizer is a recognizer which is subject to several 

constraints. It is preferable that the incremental recognizer operate in less than 250 

mifliseconds, ·in order not to annoy the user with long delays between each stroke . 

. . < .:. · .. .. ::· ..... .... :_.· . 
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Alternatively, the recognizer can take a longer amount of time to operate, if an optional 

interrupt is implemented. The incremental recognizer cannot use the total number of 

strokes in the character, nor can it use the total eventual size of the character, since 

neither of these pieces of information are available as the character is being written. 

The incremental recognizer can, however, use the number of strokes written so far and · 

the size of the character written so far. 

Dictionary-based recognizers (such as those described in United States Patent 

No. 4,561, 105 to Crane, et af.; United States Patent No. 5,337,372 to LeCun, et aL; 
-

and United States Patent No. ~.454,046 to Carman, II) may be suitable for use as 

incremental recognizers, because the dictiOnaries or-reference patterns can be 

extended to include abbreviations of ideographic characters. In addition, incremental 

recognizers can be constructed by those of ordinary skill in the art using any number of 

statistical pattern classifiers, such as classification and regression trees, neural 

networks, or combinations of these ~laments. The present invention is a user interface 

to an incremental recognizer and does not depend on any particular recognition 

technology. 

As an optimization, the incremental recognizer can save state regarding the 

input stroke list between invocations by the input processor. However, the input 

processor must have access to the stroke list, in order to add and delete strokes, as 

specified-by the user. 
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As a further optimization, the incremental recognizer can be interrupted by the 

input processor during the recognition execution if the input processor 16 detects the 

arrival of a pen down packet. A pen down packet indicates that the user is attempting 

to either write a new stroke or select a command or candidate. In the preferred 

embodiment. the incremental recognizer interrupt is implemented in the thread of 

execution that is handling the queueing of packets at step 40. The queueing thread is 

separate· from the thread that executes the input processor and the incremental 

recognizer. The queueing thread immed~tely operates on the packets as they come 

from the touchpad. The queueing thread writes the up/down state of the current packet 

to a memory location. While the thread that executes the input processor and the 

incremental recognizer is executing the incremental recognizer steps, it·periodically 

checks this memory location. If the mem5>ry location indicates that the current packet is 

pen down while the incremental r~gnizer is being performed, the incrementa.J 
. . 

recognizer aborts and control can immediately flow back to step 58 of FIG. 3. This 

interrupt assures that the graphical updates to window 30 is not slowed down by the 

processlng of the incremental recognizer 18. 

. . 
Interrupting the incremental recognizer Implies that sometimes more than one 

stroke can be written by the user between the generation of character hypotheses. In 

an alternative embodiment, the incremental recognizer can always wait. for more than 

one stroke to either start generating hypotheses or generate further hypotheses. This 

alternative embodiment is less preferred, because the character may be finished by 
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the user before the incremental recognizer is invoked. which leads to extra user 

interface complications. 

The output of the incremental recognizer received by the input processor at step 

126 is one or more hypotheses of the identity of ideographic character the user is 

attempting to draw. Step 128 will then display the hypothesis list in region 32 of the 

window 30 of display 20, in order of decreasing confidence or likelihood. 1)1e 

hypotheses produced by the incremental r~ognizer should be easily displayed in 

region 32 and selected by a user using the touchpad 14. The requirement of easy 

display and selection typically limits the number of displayed hypotheses to less than 

fifteen as a matter of practicality. The incremental recognizer can produce more 

hypotheses than can fit into region 32, but step 128 then must truncate the hypothesis 

list to fit. After display, the system is ready to accept riew input packets at step 58 of 

FIG.3. 

lf, at step 118, startloc Is not 34. at step 130 the input processor determines 

whether startloc is 36. lf it is not, then it is determined that the user is selecting a 

character by lifting the pen in a region of the.-touchpad or tablet 14 corresponding to 

region 34 of window 30. Step 132 is then executed to determine whether the current 

position on the touchpad corres~nds to the selection area 32 of window 30 of display 

20. If it does not, then it is decided that the user is trying _to abort the selection process 

by movi~g out of the selection area. Therefore, control flows back to step 58 of RG. 3. 
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If .the current position on the touchpad corresponds to the selection area 32 of 

window 30 of display 20, step 134 sends the candidate character corresponding to the 

value of the variable oldCandNum to the operating system or another appfication. 

According to a preferred embodiment of the invention which runs under Windows 95, 

the input processor 16 of FIG. 1 uses Input Method Editor messages to communicate 

with the operating system. as i~ well-known in the art. 

. . 
After sending the candidate character in step 134, steps 136, 138, and 140 

clean up the state of the input processor 16 in order to accept a new character. Step 

-
136.emptles the stroke list, step 138 stops the display of the hypothesis list, and step 

140 clears the display area 34_ Process control then flows back to step 58 of FIG. 3. 

· 1f, at step 130, startloc is 36, then it is determined that the user is trying to select 

a command. Step 142 then detennines whether the user is still pointing in the 

command selecting area. If not, then the user is trying to abort the-com~and and 

control flows back to step 58 of FIG. 3. Otherwise, step 144 determines the command 

that corresponds to the value of the variable oldCmdNum. Step 146 then determines 

whether the stop command was selected. if so, then the input processor will exit, after 

performing suitable clean-up. According to a presently preferred embodiment, before 

the input processor exits, it places the touchpad into relative mode, so the user can 

manipulate the cursor with the standard mouse-emulation methods. 
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If the selected command was not a stop command. step 148 will change the 

stroke list according to the command. For example, if the command was. ·c1ear an•, 

then the stroke list is emptied. If- the command was "back space• r the last stroke in the 

stroke list is deleted. 

Step 150 will change the display in region 34 to reflect the changes to the 

stroke list in step 148. Process control then flows back to step 58 of AG. 3. 

As will be apparent to those skilled in the art, other commands may be placed 

on the command area. The -Clear Air and "Back space" commands are preferred 

commands for use in the system of the presellt invention. but other ·commands can be 

added. These other commands do not necessarily have to aff~t the stroke Ust or 

displayT but can, for example, send commands to the operating system or to the 

incremental recognizer. An example-of another such command Is the invocation of a 

phrase-com·pleting dictionary, as is common in existing commercial ideographic 

character entry systems. · 

When no strokes have been entered· into the system, there are no hypotheses to 

display in region 32 or select at step 144. ln one embodiment, various common 

Chinese characters, English characters, or punctuation can be displayed as 

hypotheses when no strokes have been entered into the system. Examples of such 

hypotheses can be the space bar, the carriage retum, a period, or a comma. 
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Alternatively, these.hypotheses can. represent common radicals. If the user selects a 

common radical without writing any strokes, they are indicating that they wish to start 

. the character with the selected radical In the preferred embodiment of this alternative, 

a stored written e:Xample of the selected radical is inserted into the stroke list and 

processing continues at step 124, as if the stored strokes were entered by the user. 

Referring now to AG. 7, an alternate embodiment of the graphics of the present 

invention is shown. The display window of AG. 7 is intended for experts who are 

experienced with the system. Window 30 is now split into tour regions. A strip across 

the top of window 30 is a region 32 in Which character hypotheses are displayed. 

There are now two region·s for stroke entry, 34a and 34b. A command strip 36 across 

the bottom of window 30 is for selecting commands. 

If the user writes strokes in one area, then writes strokes in the other area 

without selecting a candidate or performing a command, then the input processor will 

automatically select the most probable candidate and send it to the· operating system 

or the application. This user interface allows users to-write characters in a continuous 

stream, without having to stop and select candidates. Other geometrical arrangements 

of regions 32, 34a, 34b, and 36 will suggest themselves to those skilled in the art, 

although the preferred embodiment is to have regions 32 and 36 against edges of the 

window 30 to. facilitate ease of use with a touchpad. 
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FlG. 8 is a flow chart illustrating the steps for implementing the user interlace 

shown in FIG. 7. The steps in FIG. 8 replace the steps in RG. 4. The steps in FIG. 3, 

FIG. 5 and AG. 6 are still used by the input processor when the user interface of FIG. 7 

is employed. When the user interface of FIG. 7 is used. tests for startLoc being equal to 

34 in FIG. 5 and FIG. 6 are true if startloc is equal to either 34a or 34b. 

Step 160 is performed exactly as step 60 in FlG. 4. After completion of step 160, 

steps 162, 164, 166, and 168 compute the following logical condition: Is (startloc=34a 

AND previous startLOC=34b) OR (startl.OC;34b AND previous startLOC=34a)? If so, 

then the user has moved from region 34a to region 34b, or visa versa, in window 30 of 

the display 20 and wants to seleOt the best candidate by default. In this case, step 170 

sends the best candidate to the application or operating system, and steps 172, 17 4, 

and 176 perform necessary clean-up steps in the same manner disclosed for steps 

136, 138, and 140 of the process of FIG. 6. 

If the logical condition is false and either startloc=34a or startlo0=34b, or after 

step 176 is executed, then steps 178 and 180 are executed. These steps.are 

performed as described for steps 64 and 66 of FIG. 4 are executed, which start ~ new 

stroke in the normal manner. 

If, at step 164, startloc is not 34a nor.34b, step 182 determines whether startloc 

in 32, an~ hence whether a candidate or a command is being selected. If startLoc is 
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32. steps 184 and 186 are perfonned. These steps are the same as steps 70 and 72 

of the process of FlG. 4 and are executed in the normal manner. After finishing steps 

184 and 186 of the process of FIG. 8, process control flows back to step 58 of FIG. 3. 

If it is determined at step 182 that startloc is not 32. steps 188 and 190 are 

performed. These steps are the same as steps 74 and 76 of the process of FIG. 4 and 

are executed in the normal manner. After finishing steps 188 and 190 of the process 

of AG. 8, process control flows back to step 58 of AG. 3. 

FlG. 9 is a flow chart which illustrates an enhancement to the user interface that 

is preferred when the input device is a touchpad. Since the touchpad does not have 

proximity sensing, nor a integrated display. users can place their finger down in an 
. 

incorrect location that does not correspond to the desired regions 32, 34. and 36. This -
can ca.use frustration in the user, who would; for example. want to select a candidate, 

not start a new stroke. The steps in FIG. 9 will attempt to heuristically determine which 

region the user meant to select by measuring the amount of time spent in all of the 

regions. If, during.a pen down interval, the user spends more time pointing at one 

region than all of the others, then it can be assumed that the user intends to point at 

the region. 

The steps in FIG. 9 are executed when the input processor executes step 32 in 

FIG. 3. ~ep 198 first determines whether startloc has already been adjusted by 

:~_· ... · 
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examining the changeStart variable. In order to avoid confusing the user, startloc is 

only modified a maximum of once per stroke.. If changeStart is not zero~ the algorithm 

has already changed startloc and control flows back to step ·ss of FIG 3. Otherwise, 

step 200 then determines whether the current (X:. Y") point falls into region 34 of 

window 30. rf it does. then the counter dc[OJ, which measures the amount of time spent 

in region 34, gets incremented at step 202. Step 204 determines whether the initial . 

down point was outside of region 34 and de~ermines whether the amount of time spent 

in region 34 {dc[OD exceeds the sum of the amount of time spent in region 32 {dc[1D 

plus the amount of time spent in region 36 (dc[2D. If both of these qonditions are true, 

then the user intends to draw a stroke, not select a command or candidate. Therefore, 

startloc is reset fo 34 at step 206 and a· new stroke is started at step 208. lf either 

condition is fals~. then process control flows back to step 80 of FIG. 5. 

Jf step 200 determines that loc is not 34, then step 210 determines whether the 

current point falls into region 32. If it does, then steps 212 thro~gh 216 are performed 

analogously to steps 202 through 206, manipulating. region 32 and dc[1 J instead of 

region 34 and dc[O]. After step 216, step 218 resets the current stroke: if there is a 

cui;rent stroke, the contents of the stroke are discarded and the stroke is no longer 

displayed. Step 220 then sets the variabre oldCandNum to -1. to force the highlighting 

of the new candidate in FIG. 5. 
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If, at step 210, loc is detennined to ·not be 32. then the steps 222 through 226 

are performed analogously to steps 202 through 206, manipulating region 36 and 

dc[2l instead of region 34 and dc[O]. After step 226, the current stroke is reset at step 

228 and step 230 sets the variable oldCmdNum to -1, to force the high!ighting of the 

new command in RG. 5. 

After steps 208, 220, or 230 are executed. all current highlights are turned off at 

step 232; and step 234 sets the changeStart variable to one, to indicate that startloc 

has been changed. Pr~cess control then flows back to step 80 of FIG. 5. 

FIG. 10 is a flow chart which illustrates the preferred embodiment of the 

implementation of the _incremental recognizer 18 of FIG. 1. The function of the 

incremental recognizer 18 is to take a fist of strokes which form a partial or completed 

character and create a list of hypotheses of the character's identity. According to the 

presently preferred embodiment of the invention, the incremental recognizer can -

.create the hypothesis list from the 5401 most common traditional Chinese characters. 

Those of ordinary skill in the art will note that the incremental recognizer of the present 

invention can easily be extended to include more _characters of the traditional Chinese 

character set, or to different character sets, such as the simplified Chinese character 

set. the kanji character set of Japan, or the ~orean character set 

. .. ·:.·~·· .' 
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Choosing between thousands of character identities can be a computationally 

intensive task, even for modem personal computers. Since in the preferred 

embodiment of the present invention, it is desired to evaluate the incremental 

recognizer between every written stroke, the incremental recognizer must be fast. 

Therefore, the preferred embodiment recognizes the partial character in two stages. 

First the character set is dMded into a set of possibly ovenapping groups. According to 

a presently preferred embodiment of the invention, the 5401 characters are divided 

into 32 overlapping groups. A pre-classifier 260 determines to which of these groups 

the partial character is most likely to belong. A detailed classifier then creates a 

hypothesis list of most likely character identities from the members of the group. 

The detailed classifier itself has two components: a neural network th$it is 

optimized for recognizing partiaf chara~. and a neural network thatis optimized for 

recognizing completed characters. It has been found that some users will stop before 
. 

completing a character. while other users will continue until the end. By using the 

output of these two neural networksf both styles of users can be satisfied. It is believed 

that the use of neural networks to recognize part~al characters. as well as the 

combination of these two types of neural networks is novel to this invention. 

Turning now to FIG. 10, a flow diagram provides a detailed view of the operation 

of the incremental recognizer 18 of FlG. 1. Rrst, step 240 scales the stroke list, so that 
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the character lies in the box (0, 1]x[0;1]. In the preferred embodiment, step 240 

preserves the aspect ratio of the strokes, in order not to distort the partial character. 

More specifically, the stroke list is scaled in both dimen~ions equally. and translated. 

The result of this step is that the sea.led strokes stretch from 0 to 1 along one of the x 

and y dimensions, and are centered in the [0.11 interval along the other axis. It is 

obvious to those skilled in the art how to create a software system that implements this 

scaling. 

Step 242 determines whether the pr~assifier should be invoked, by 

determining whether the number of strokes is larger than three. In the preferred 

embodiment, the pre-classifier only examines the first three strokes. because the first 

three strokes almost alwa,ys have enough information to limit the character hypotheses 

to~ single group. As is obvious to those skilled in the art, more strokes can be 

supplied to the pre-classifier, ~ut at greater computational cost. If step 242 determines 

that there are three or fewer strokes, step 244· applies the pre-classifier 260 to the 

scaled strokes. 

The structure of the pre-classifier is shown in AG. 11 and its operation is 

described with reference to that drawing figure. In the preferred embodiment, the 

output of the pre-classifier is a vector of length 32, each element of which reflects the 

confidence that the partial character is a member of the corresponding group. Step 

... ' .. 

. .. _.:''· 
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246 then detennines the identity of the maximum output of the pre-classifier and stores 

it in the variable P. There exists an array of 32 detailed classifiers in the memory or on 

the disk of the computer. The pre--classifier determines that the Pth detailed classifier 

should be used to generate the hypothesis list. 

As applied to recognizing entire characters, the use of a pre-classifier to restrict 

the search of a detailed classifier is well-known. For example, see the paper 

"Attributed String Matching by Split-and-Merge for On-Line Chinese Character 

Recognition· by Yih-Tay Tsay and Wen-Hsiang Tsai, in IEEE Transactions on Pattern 

Analysis and Machine Intelligence, vol 15, no. 2, pp. 180-1~. Feb 1993. However, 

the U$e Of a pre-classifier to restrict the search for the identity of a partial character is 

believed to be novel to this invention. 

Furthermore, it is well-lalown in the art that more than two steps of classification 

can be used to recognize ideographic characters. In other words, each detailed 

classifier itself could be comprised of a pre-classifier and a further plurality of detailed 

classifiers. For an example of prior art where more than two levels of classification are 
. 

used, see the paper •on Speeding Candidate Selection in Handprinted Chinese 

Character Recognition• by T. Kumamoto, K Toraichi. T. Horiuchi, K Yamamoto and H. 

Yamada, in Pattern Recognition, vol. 24, no. 8, pp. 793-799, (1991). In the extreme 

case, the entire incremental recognizer could consist of a tree of classifiers, each one 

further limiting the possible list of candidates . 

. ··.: 
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tn the preferred embodiment. each detailed classifier consists of two neural 

networks: a time-delay neural network (TONN} 310, and an image-based neural 

network (INN} 320. The TONN 310 is optimized for recognizing partial characters. 

TDNNs are well-known in the art and are described in the paper •Phoneme 

Recognition using Time-Delay Neural Networks• by-Waibel, Hanazawa, Hinton, . 

Shiano, and Lang, in IEEE Transactions on Acoustics. Speech, and Signal 

Processing, March, 1989. The structure of the IDNN is described later herein. 

Referring again to FIG. 10, step 248 applies the Pth TONN to the scaled strokes 

to get an output vector which contains the confidence that the character identity of the 

list of strokes is a certain value. The length of this output vector varies with P. In the 

currently preferred embodiment, these lengths range from 22 to 538. The use of a 

TONN to recognize partial idoographic characters is believed to be novel to this 

invention. 

INN 320 is optimized for recognizing complete characters. The INN is a 

standard multi-layer neural network which uses image-based features. The structure of 

the INN is shown in FlG. 13 and will be descnbed with reference thereto. Step 250 

applies the Pth lNN to the scaled strokes to get an output vector of confidences that are 

analogous to the output vector obtained from the TDNN. The INN output vector has the 

same length as the TONN output vector. Steps 248 and 250 can be performed in 

either or.der. 

. ... ·.~ 
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Step 252 then sums the output vectors from the TONN and the INN. Summing is 

the simplest method of combining neural network results, but those who are skilled in 

the art realize that more sophisticated techniques ~ be used, such as those 

·described in the paper "Adaptive Mixtures of Local Experts" by Jacobs, Jordan, 

Nowlan. and Hinton, in Neural Computation vol 3, pp. 79-87, 1991. 

Step 254 then sorts the summed output vector in descending order. The 

positions in the summed output vector correspond to character identities.. Therefore. 

finding the position of the top N values in the summed output vector is equivalent to . . ' 

generating a hypothesis list of length N. As presently pref erred. N is 1 o. 

Step 256 then manipulates Jhe hypothesis list according to various rules, in 

Qfder to increase the.chance_that the first element in the hypothesis list is the correct 

answer. Thls post-processing consists of three steps that are indMdually described in 
-

AG. 16, FIG. 17, and FIG. 18. respectively. Process control is then transferred to step 

128 of FIG.· 6. 

The structure of a presently preferred embodiment of the pre-classifier is shown 

in FIG. 11. The pre-classifier 260 isa TONN. where the first layer 262 of the TDNN is 

replicated across multiple inputs. as is well-known in the art. In prior art uses of a 

TONN. each copy of the first layer 262 of a TDNN corresponds to a time slice of 
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speech (see the paper by Waibel, et al.). or a small segment of handwriting (see 

United States Patent 5, 105,468 to Guyon, et al.). In the present invention, each copy 

of the first layer 262 corresponds to ·an entire stroke of an ideographic character. Each 

copy of the first layer 262 is connected to pre-processing that corresponds to one of 

the input strokes. It is believed that the use of a IDNN where each copy of the first 

layer corresponds to an entire stroke is a novel invention. 

More specifically, each stroke 264-1 through 264-3 gets supplied separately to 

the pre-processing of-the TONN. There are.two pre-processing modules whose output 

gets supplied to eaeh copy of the first layer 262. The first module is a Geometric 

Feature (GF) mOdule, 266. The GF module 266 computes the geometric relationship 

between .the beginning and ending points of the previous stroke and the beginning 

and ending polnts of th~ current stroke. For example. the uppermost GF module 266 

computes the relationship between stroke 1 (264-1) and stroke 2 (264-2). The 
- fl 

particular output of the GF module 266 is supplied to the copy of the first layer 262 that 

corresponds to stroke 2. The computation perfonned by the GF module 266 is 

described, below. 

.·: .. :. :· ... _ .... 

. . .. ·: ... · 
·.:· ·· .. ··, 
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The GF module 266 uses the following four positions in its computations: 

PB= first point of previous.stroke 

PE = last point of previous stroke 

CB = first point of current stroke 

CE = last point of current stroke 

The GF module 266 then computes the following four vector quantities: 

01 =PB-CB; D2 = PB-CE; 03 = PE.CB; 04 = PE-CE 

·""':··_. 

Each element of the four vector quan~ties then gets fuzzy ertCoded. The fuzzy 

encoding of input variables -makes training the neural network much easier. A fuzzy 

encoding transfonns original continuous scalar variables rn some range into a vector 

of vartable as shown in FlG. 12a. Each element of this vector represent a subrange of 

the variabfe. The value of each vector element is a measure of the ·match between the 

original variable and the center of the subrange.· The encoding of eontinuous variables 

using fuzzy membership functions is known in the prior art and is described, for 

example, in "Neural Networks and Fuzzy Systems· by Bart Kosko, p. 27, Prentice-Hall 

(1991 ). 
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As an example of the fuzzy encoding iliustrated in FIG_ 12a, if a variable is to be 

encoded with 5 membership functions {fnO through fn4) which encode the range [O, 1], 

the 5 variables represent the closeness to the points {0-0, Q_25, 0-5. o. 75, 1.0}. 

An original value of Q_ 1 (point A in FIG. 12a) would then produce a fuzzy 

encoding of 0.6, 0.4, 0, O, and O. An original value of 0-4 (point B in 

FIG_ 12a) would then produce a fuzzy encoding of 0, 0-2, 0.8, 0, 0. Similarly, the 

original value of 0.75 (point C in RG_ 12a) would produce a fuzzy encoding of 0, 0, 0, 

1, o. 

Original values that lie outside the fuzzy encoding range are encoded the same 

as the nearest extreme value of the range. This is shown by reference to points ·o· 

and •E1' on FIG •. 12a The value -0.2 (point D in FIG. 12a) becomes 1, o. o. o, o, while 

the value 1.4 (point E in FIG. 12a) becomes o. a, o, O, 1. 

Software implementation of fuzzy encoding is obvious to those skilled in the art, 

from this description and prior references. 

For the GF module 266. the each element of the two--dimensional vector 

variables D1 through 04 are encoded by eight fuzzy membership functions that evenly 

span the interval from -1 to 1. In other words, the membership functions are centered 

'. '.:.. . :: .. : .... -~ . . . . 
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at {-1.0, -0.71, -0.43, -0.14, 0.14, 0.43, 0.71, 1.0}. A total of 64 outputs are thus 

produced by the GF module. Other resolutions and encoding ranges are possible. 

The second pre-processing module is a Directional Feature Map (DFM) 268. 

-
The DFM takes the stroke and produces ~ three-dimensional tensor, which contains 

spatial information of where the stroke maintains a certain direction. DFM~ have been 

described in the paper "Classification of Handprinted Chinese Characters Using Non­

linear Normalization and Correlation Methods• by Jun Tsukurno and Haruhiko Tanaka. 

~ich appeared in pp. 168-111 in the ~roceedings of the 9th International Conference 

on Pattern Recognition in Rome, 1988, lEEE Computer Society Press. DFMs are 

further described in detail in United States Patent No. 5,337,372 to LeCun, et al., in 

FIG. 2 through Fl~. 6. In the present invention, the processing steps performed in the 

DFM are illustrated in FrG. 13. 

In AG. 11, each first layer .262 is a standard neural network layer, with 80 output 

neurons in the preferred embodiment. The second layer 270 is a standard neural 

network layer. The second layer 270 accep~ inputs from all three copies of the first 

layer 262. for a total of 240 inputs. The second layer 270 has 32 output neurons, each 

of which corresponds to a particular group of character identities and a particular 

TONN and INN. 

·:.;_::·-.·· 
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For purposes of this· disclosure, a standard neural network layer performs the 

operations of multiplying a matrix of weights·by an input vector, and taking the 

resulting vector and apl?lying a sigmoidal non-linearity to it to yield an output vector. 

Su~h standard neural network layers are fully described in the standard textbook, '"An 

Introduction to the Theory of Neural Computation• by J. Hertz. A. Krogh, and R. Palmer, 

Adc:fison-Wesley. {1991), Chapter 6. 

FIG. 13 is flow diagram which shows the steps performed in the DFM of the 

present invention applied to one stroke. Step 280 in FIG. 13 re-samples the stroke to 

provide a stroke with regular spacing betWeen the points of the stroke._When the 

stroke is re-sampled, linear interpolation between the existing data points is used. 

Such a re-sampling step is well-known in the prior art through examples such as are 

found in United States Patent 5, 105.468 to Guyon, et al. Linear interpolation is weU­

known and is described in numerical analysis texts. See, e.g., Numerical Recipes in 

C. by Press. Vetterling, Teukolsky. and Flannery. 2nd edition, p 114, Cambridge 

University Press, (1992). ·As is presently preferred, the distance between each stroke 

example is 0.06. 

After re-sampling, step 282 initializes the current point pt to be the first point in 

the re-sampled stroke. Step 284 then initializes a three-dimensional tensor variable 

A._ijk to be filled with zero. The main loop of the DFM starts with step 286, where the x 
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variabre is loaded with the x location of the current point pt and step 288, where the y 

variable is loaded with the y location of the current point pt Then, step 290 determines 

the direction theta of the stroke at.the current point pt The detennination of the 

direction of the current point is well-known in the art and is described in FIG. 7 of 

United States Patent 5, 105,468 to Guyon. 

Step 292 then produces fuzzy encoding of the x location, the y location, and the 

theta direction and places the encodings into the vector variables X_i, Y _j, and 

Theta_k respectively. According to a presently preferred embodiment. the locations x 

and y are encoded into five membership function that evenly span the interval from o 
to 1. The direction theta is encoded into eight membership functions which correspond 

to eight major directions: o. 45, ~o. 135, 180. 225, 270 and 315 degrees. These eight 

...:..membership functions are shown in FIG. 12b as F _o. F _ 45. F _90, F _ 135, F _ 180, 
-

F _225-, F _270, and F _315. The membership function at 0 degrees (F _O) is wrapped 

around. so that it is contiguous with the member$hip function at 315 degrees (F _315). 

as is shown in AG. 12b. The wraparound of membership functions makes the fuzzy 

encoding of theta be a smooth ~nction with no discontinuities. 

Step 294 then forms a three-dimensional tensor by taking the outer product 

between X_i, Y _j, and Theta_k. This tensor is then summed into the variable A_ijk. 

Step 296 then completes the loop by detennining whether the current point pt is the 

.. ,·_ .. 
... ·:· .. · .. 
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last point of the re-sampled stroke. ff ft is, then step-298 takes A_ijk as the result of the 

DFM. Otherwise. step 300 sets the current point pt to the next point on the stroke. 

In the preferred embodiment, all 200 output values in the three-dimensional 

tensor of the DFM 268 are treated as a 200-element vector and supplied to a copy of 

the first layer 262. 

It is obvious to those skilled in the art that the parameters of the DFM can be 

varied while still obeying the spi_rit of this invention. Such parameters can include the 

angular resolution, the spatial resolution, and the exact fuzzy membership functions 

used to create the DFM. 

If fewer than three strokes are supplied to the pre-classifier 260, a sensible 

output is still desired. Therefore, the preferred embodiment signals the lack of an input 

to the first layer by_not invoking any GF or DFM which has one or more missing input 

strokes. Instead, a vector of the correct length is filled with zero and supplied .to the 

corresponding copy of the i_nput layer 262. For the copy of the first layer 262 that 

corresponds to the first stroke. there never i~ a previous stroke to supply to the GF 

module 266. Hence. the GF module 266 is never called, and a vector filled with zero is 

always supplied to the first copy of the first layer 262 . 

· .. ·'-·'.'""; 
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The first layer 262 and the second layer 270 of preclassifier 260 are trained 

using. the standard back-propagation algorithm as described in the standard textbook 

by J. Hertz.A Krogh, and R. Palmer. in Chapter 6. As is well-known in the art of 

training a TONN, there is only one stored set of first layer weights, which get updated 

by the gradients supplied by all three copies of the first layer. The training of a TONN 

is described in the paper by Waibel, et al. • 

The training set of the pre-classifier 260 consists of multiple examples of the first 

three strokes of every character that the incremental recognizer should recognize. With 

standard on-line back-propagation, each example is supplied to _!.he input of the pre­

classifier and a desired output vector is· supplied to the output of the pre-classifier and 

the weights of first layer 262 and second layer 270 are updated. The output that 

co.rresponds to the group to which the· input example belongs-is trained to be high. All 

other outputs are trained to be low. If a character has less than three total strokes, an 

example of the entire character is added to the training set. 

The assignment of the characters to the desired groups are required for training 

the pre-classifier 260. The assignment of the 5401 characters to the 32 pre-classifier 

groups for the preferred embodiment is shown in Appendix A hereto. Each group has 

a label, then the characters belonging to the group are shown, then the number of 

characters in that group are shown. The assignment in Appendix A is not an automatic 

· ... ::.; .· .. 
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process. Characters that have similar first three strokes are manually clustered 

together into the same group. For a different character set or language, this manual 

grouping process must be performed again, before the pre-classifier can be trained. 

This manual grouping process is. obvious to those skilled in the art. 

As is obvious to those skilled in the art, the use of a two-layer TONN with these 
. 

feature sets is one structure that perfonns pre-classification. Other variations of the 

TONN. such a network with more than two layers. or a TONN with different feature sets 

woul~ also fonn effective pre-:,classifiers. In general, a pre-classifier can be 

constructed by those of ordinary skill in the art using any standard statistical pattern 

classifier, such as classification ·and regression trees. neural networ:ks, radial basis 

functions, or mi~ure of experts. The pre-classifier can also be constructed using a 

stroke matching algorithm. The invention does noLdepend on particular recognition 

technology. The pre-classifier itself can be composed of more than one module, 

including multiple feature detection and multiple recognizer sub-modules. The pre-

. classifie( can also retain state between sequential calls of the incremental recognizer, 

iri order to minimize the overall amount of computation. 

FIG. 14 is a block diagram showing the structure of the TONN 310 used in the 

present invention as part of the detailed classifier. The structure of the TONN 31 o is 

very similar to the structure of the pre-classifier 260, except that the TONN 31 O accepts 

. . . . . . 
·.·:. . .. .. : .... -. 
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more than three strokes. According to a presently preferred embodiment of the 

invention, the TONN 310 accepts up to 25 strokes. The DFM 268 and GF module 266 

are the same as in the pre-classffi~r 260 of AG. 11. As in the pre-classifier case, when 

there are not enough.strokes to supply a particular DFM or GF, the outputs of that 

particular pre-processor are zero. In the preferred embodiment. the TONN 310 

contains 25 copies of a first layer 312 that is a standard neural network layer. The first 

layer 312 has different weights from the pre-classifier first layer 262. Each first layer 

312 has 20 output neurons. The second layer 314, which is a standard neural network 

layer, receives inputs fro~ all 25 copies of the first layer. for a total of 500 inputs. The 

number of outputs in the second layer of the. Pth TONN 31 O is equal to the number of 

character identities in the Pth detailed classifier group. Every instance of the 32 

different TDNNs have different first and second layer weights. 

Training of the TONN 310 is somewhat cflfferent than the training of the pre. 

classifier 260. According to a presently preferred embodiment, the training set 

consists of. for every character in the detaifed classifier group, the stroke subsets 

whose stroke number ranges from three to the total number of strokes in the character. 

These training subsets start at the first stroke and contain the strokes in the order t~at 

the training subject wrote them. If a character has less than three strokes. a copy of the 

full character is added to the training set. In addition. an example of each entire 

character was added to the training set two extra times, in order to raise the probability 

of correct recognition for entire characters. 
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As an example, if a character example has five strokes, then five stroke 

subsets are added to the training set: the first through third strokes, the first through 

fourth strokes, and the first through fifth strokes repeated three times. Each stroke 

subset is labelled with the identity of the character from which it was drawn. The 

output corresponding to that identity is trained to be high, while all other outputs are 

trained to be row. Thus, the TONN 310 is trained to identify all possible natural-order 

subsets with three or more strokes of the characters in the detailed classifier group. 

The assignment of characters to the detailed classifier group is an automatic 

procedure once the pre-classifier group assignment has been made and the pre- _ 

classifier 260 has been trained. The first three strokes of every example in the training 

set for the entire character set is generated. Again, if there are fewer than f!iree strokes 

in a character example, the entire cha.tacter is used. The pr&dassifier 260 is 

evaluated on every eX8J'.llple in the generated set of a particular character and the 

maximum output Identity M is recorded. For each character identity. if a varue of M 

occurs more often than a threshold. that character identity is assigned to the Mth 

detailed classifier group. In the preferred embodiment, with a training set that consists · 

of 40 examples of each character, the threshold is once. In this way, a character 

identity can be assigned to more than one detailed classifier group. The groups that 

the identity is assigned to will be the groups that the pre-classifier will tend to select 

when characters with this identity occur. In this way, pre-classifier errors are 

compensated by allowing more than one detailed classifier to recognize a character. 
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The threshold for detailed classifier assignment is non-zero to ignore effects of poorly 

written characters in the training set 

Once the identities of the characters in the Mth detailed classifier group are 

fixed, the Mth TONN 310 can be·trained using.standard back-propagation and the full 

training set for the Mth detailed classifier group described above. 

Just as in the pre-classifier case, the use of a two-layer TONN with DFM and GF 

features is one structure that performs detailed classification. Other variations of the 

TONN, such a n.e.twork.with more than two layers, or a TONN with different feature sets 

would also form effective detailed classifiers. In general. a detailed classifier can be 

constru~ed by those of ordinary skill in the art 1:1sing any number of statistical pattern 

classifiers,- sach as- cl~ification and regr:ession- trees, neural networks, radial basis 

functions. mixture of experts. A detailed classifier can also use stroke matching. The 

invention does not depend on particular recognition technology. The TONN can also 

retain state between sequential calls of the incremental recognizer. in order to 

minimize the overall amount of computation. Other spe_ed Qptimizations of the IDNN, 

such as using sparse matrix-vector multiplication, are obvious to those skilled in the 

art. 

: .·_. · ... 
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FIG. 15 shows the structure of the INN 320, which is optimized to recognize 

complete characters_ The INN also assists in the recognition of characters that are 

written in an order that is not the natural stroke order and in the recognition of cursive 

characters_ All of the strokes in the scaled stroke list are supplied to the INN. There 

are two feature sets that are computed for the INN. First, a DFM 322 is computed. The 

OFM 322 has different parameters than the DFM 268 of FIG. 11. The DFM 322 

produces a 5 by 8 by 8 tensor_ The DFM u~s five membership functions for encoding 

directions: F _45, F _O, F _315. F _270, and F _225. Rare points on strokes that have 

directions that lie outside thesemembership fun~ns are ignored to reduce the size of 

the INN 320. The 8 by 8 resolution stilf covers the square [0-1 Jx[0-1 J. The increa.Sed 

spatial resolution of the DFM 322 is necessary because all of the strokes are being 

supplied, not just one stroke_ The output of the all-stroke DFM 322 is simply the sum of 

the OUt.J)uts of the steps in FIG. 13 applied to each individual input stroke. All 320 

pixels in the DFM output are suppfied to the standard neural network 324 as a single 

vector. 

The EPM pre-processing module 326 supplies information about the location of 
. . 

the endpoints of the strokes to the neural network 324. For each first and last point of 

every stroke. the EPM .326 produces a fuzzy encoding of the X and Y location of these 

points: )(_i and Y _L According to the presently preferred embodiment. each of these 

fuzzy encodings are produced by five membership functions evenly spanning the 

interval from 0.0 to 1 _o. As a next step, the EPM 326 forms an image B_ij for every first 

_._.:·:: .. · :,.._· 
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and last point by taking the outer product between the X fuzzy encodings and they 

fuzzy encodings: 

B. =X. •y_ 
IJ I j 

The EPM 326 then sums the B_ij for all of the first and last points and transmits these 

summed values to the neural network 324. In the preferred embodiment, there are 25 

output values that get treated as a vector. 

According to..a presently preferred embodiment of the invention, the standard 

neural network 324 comprises t.Wo standard ·neural network layers. with 375 inputs, 

200 hidden units. and the same number of outputs as the corresponding TONN 310. 

The JNN 320 is trained via standard back-propagation. The examples in the training 

set for the Mth INN is the same as the examples in the training set for the Mth IDNN. _ 
. 

For the stroke subsets that contain all of the strokes for a character. the output ~hat 

corresponds to the identity of the character is trained to be high, whtle all other outputs 

are trained to be low. For all other stroke subsets that contain partial characters, all of 

the outputs are trained to be off. Therefore .. the lNN is trained to only respond to 

complete characters and not to add a significant output signal when the character is 

not complete. 
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Similar to the IDNN, every instance of the 32 different INNs have different 

weights in the neural network 324. The standard neural network 324 can be optimized 

in ways that are well-known in the art, using sparse matrix-vector multiplication. 

Step 256 of FIG. 10 is a step which post-proces5es the hypothesis list. In the 

preferred embodiment, there are three post-pr0cessing steps that comprise step 256, 

as shown in FIG. 16, although those skilled in the art can imagine other possibilities. 

These post-processing steps consist of a hypothesis deletion algorithm at step 330, a 

hypothesis insertion algorithm at step 332, al'!d a hypothesis re-ordering algorithm at 

step 334. 

FIG. 17 is a flow diagram !Jtifch shows the steps in the preferred embodiment of 

the hypothesis deletion algorithm 330.Jhe purpose of the hypothesis deletion 
. . 

algorithm is to delete hypo~eses that have too few strokes, compared to the number of 

strokes written so far in the partial character. For example, if the user writes 8 strokes, 

the incremental recognizer can safely delete hypotheses that are reasonably 

guaranteed to have 7 or fewer strokes, The hypothesis deletion algorithm requires an 

array of data which is the maximum number of strokes that an hypothesis may have. 

This array is derived empirically from the training set Each element of the array is 

derived by finding the maximum number of strokes for all examples of a particular 

character identity. It is obvious to those skilled in the art that other criteria for 

hypothesis deletion can be used. 

·> · __ :_.-_.-.. :- .. 
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In FIG. 16, step 330 of FIG. 15 starts at step 340, where the counter variable i is 

set to the number of hypotheses N, which in the preferred embodiment is 20. Control 

then flows to step 342, which checks to see if the counter variable is still larger than o. 

If it is not, then all of the hypotheses have been processed and control can then flow to 

the hypothesis insertion algorithm at step 332 of FIG. 16, described in more detail in 

FIG. 18. 

Step 344 determines M, the maximum number of strokes for the identity of the 

ith hypothesis. Step 346. then checks to see if the variable M is smaller than the 

variable numStrokes, which is the total number of strokes written by the user in the 

current partial character. If numStrokes exceeds M. then step 348 deletes the ith 

hYPS>thesis from the hypothesis list In any event. control flows to step 350, where the 

counter variable i is decremented, so that the next hypothesis will be considered. 

It will be apparent to those skilled in the art that there are many different ways of 

implementing the hypothesis deletion algorithm in software. The algorithm shown in 

FIG 17 is exemplary, and such skilled persons wilt realize that the present invention is 

not limited to embodiments which implement ~e hypothesis deletion algorithm in the 

manner disclosed herein. 

The hyPC>thesis insertion algorithm 332 of FIG. 16 is shown in detaH in the flow 

diagram of FIG. 18. The hypothe5is. insertion algorithm is used to insert hypotheses 

... ·.··: .. :· .. . :··.· 
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which are strict subsets of other hypotheses on the hypothesis list. Many ideographic 

.Characters are subsets of one another. That is, the user can form a character by 

writing a certain number of strokes, then fonn a different character by adding more 

strokes. If the user writes a character that is a subset of another character, the 

incremental recognizer may produce a hypothesis list that contains the more complex 

character, but not the simpler subset character. This situation can arise because many 

~mplex characters and the simpler subset character can have similar confidences 

when the subset character is presented to the incremental recognizer. The hypothesis 

list may not be long enough to contain the subset character, so it gets left off. 

It is important that the incremental recognizer prominently display the subset 

character when all of the strokes of the. subset character are entered into the system. 

because'.the user has no other way to enter the subset character. Therefore, the 

hypothesis insertion algorithm attempts to insert a subset character as the first 

hypothesis when it de~tects many hypotheses. that contain that subset. 

The_ hypothesis insertion algorithm requires a table which is indexed by 

character identity. Each entry in the table is a list of characters which are subsets of the 

character that is befng indexed. 



55 

The detailed hypothesis insertion algorithm of FIG. 18 begins at step 360. where 

the variable s will contain the list of subsets of the first (i.e.t best) hypothesis. taken 

from the subset table. Step 362 determines the length of this list and stores it in a 

counter variable, i. Step 364 then detennines whether the counter variable is greater 

than zero. ff not, then the hypothesis insertion algorithm is finished and control can 

then flow to the hypothesis re-ordering algorithm (step 334 of FIG. 16). 

lf the counter is greater than 0, then the Ith entry in the lists is examined at step 

366 to determine if s[ij is a subset o! at feast 3 of the top 5 hypotheses. This rule was 

determined empirically: other similar rules may be constructed by those skilled in the 

art. If s[i] is a common subset, then control flows to step 368, where the variable M is 

loaded with the maximum number of strokes for the character s{ij. 

Step 370 determines whether the current number of strokes entered as a partial 

character is greater than M. If not, then s[ij is added to the hypothesis list in first place 

at step 372. If the current number of strokes entered as a partial character is greater 

than M, or if the decision in step 366 was that s[ij was not a subset of at least 3 out of 

the 5 top hypotheses, then the subset should not be displayed and the variable i is 

decremented in step 37 4. Process control then returns to step 364 where it is again 

determined if i>O. 
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It will be apparent to those of ord"ma.ry skill in .the art that there are many different 

ways of implementing the hypothesis insertion algorithm in software. The algorithm 

shown in FIG 18 is exemplary, and such -skilled persons will realize that the present 

invention is not limited to embodiments which implement the hypothesis insertion 

algorithm in the manner disclosed herein. 

The hypothesis re-ordering algorithm (step 334 of FIG. 16} is shown in greater 

detail in the flow diagram of FIG. 19. The purpose of the hypothesis re-ordering 

algorithm is similar to that of the hyi>othesis insertion algorithm: if it finds a subset 

character on the hypothesis list, It will promote it However, because re-ordering the 

hypotheses is a less drastic step than inserting a hypothesis, the re-ordering algorithm 

tal<es less evidence to. promote a hypothesis than to insert one. 

The hypothesis re.ordering algorithm 334 of FlG. 16 starts at step 380 of FIG. 

· 19, where a counter variable i is set to 1. The counter variable i will refer to the 

hypothesis that is· currently being considered. In the preferred embodtment, the first ten 

hypotheses will undergo possible re-ordering. Other numbers of re-ordered 

hypotheses are also possible. 

Step 382 then determines whether the counter variable i is less than or equal to 

10. If not, then the hypothesis re-ordering algorithm is finished, and control will flow 

.:· ..... .-.... . .. .' .. ~ ~ 
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back to step 128 of FIG. 6. Otherwise, control will flow to step 384, where the variable 

s is loaded with the list of subsets for the Ith hypothesis. Step 386 loads the counter 

variable j with the length of the list in variable s. lhe counter variable j will iterate over 

the list s. Step 388 will examine whether the counter variable j is greater than zero. If" 

not, then the examination of the ith hypothesis is finished, and control flows to step 390 

where counter variable i is incremented and control then flows back to step 382. 

If counter variable j is greater th~ zero. then step 392 examines whether the jth 

element of the list s (s[j]) appears in the hypothesis list. If It does not, then it cannot be 

-
re-ordered and control flows to step 394. where j is set equal to j· 1. Otherwise, step 

396 loads variable p with the position of s(Jl on the hypothesis list. Step 398 then 

examines whether the subset character sm has a lower confidence than the currently 

examined hypothesis, by detennining whether the variable p is greater than the 

variable i. 

Step 398 also determines whether the subset character s[j] has a high enough 

confidence value to appear in the first ten hypotheses. (The value of ten in step 398 

can vary. as is obvious to those skilled in the art). If either of the logical comparisons at 

step ~8 is false, then the subset character ~fi] should not be promoted, and control 

flows to step 394. Otherwise, step 400 deletes s[Jl from the hypothesis list and step 

402 inserts s(Jl in the hypothesis list at position i. which is just above the current 
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hypothesis. Step 402 ensures that a likely subset character appears in the list before 

a more complicated character that contains that subset character. 

Step 404 increments the ~ounter variable i by 1, to compensate for the fact that 

a new hypothesis was inserted In the list before the current hypothesis. Conti:ol then 

flows to step 394, where the counter variable j is decremented in order to examine the 

next subset of hypothesis i. 

It will be apparent to those of ordinary skill in the art that there are many different 

ways of implementing the hypothesis re-ordering algorithm in software. The algorithm 

shown in FIG 19 is exemplary, and such skilled persons wm realize that the present 

invention is not limited to embodiments which implement the hypothesis r~order~g 

algorithm in the manner disclosed herein. 

It will be apparent to those skiRed in the art ttiat other criteria can be used to re-

order the hypothesis list For example, if two or more hypotheses have similar 

confidence levelS, :tttey can be re-ordered according to the number of strokes or the 

frequency of occurrence of the character. 

While embodiments and applications of this invention have been shown and 

described. it .would be apparent to those skilled in the art that many more modifications 

than me!1tioned above are possible without departing from the inventive concepts 
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herein~·· The invention, therefore, is not to be reStricted except In the spirit of the 

appended claims. 
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CHARACTER GROUPING LIST (PreClass'ification) · 



"· .. . . .. . . .:·.- ~-- ..... . ... ·. . ,•. 
·; .. .. :. · .. ·. . .. ·.;·: .. :·; ... ·.·.· ........ . . .. ·.-~~:-:.:::.::.. :·~"' ·. . . . . . •.·: ' . -. . . . . 

.. :;.:_: ·.:·:.:.-.· 
. · ... ;-· ·: ...... _.;. '• 

•· ..... 
. · ...... ;·: .... :·. :~·- ·,: :.· .: ,. . . :.-·.-: -;: -·:;:--·".!~ '~~·. -:. :-

· .::-; .:·~';;·~ .. :.=~·_.;.·.:..-..-..:-. 

grass: 

'!·:: ... :.'· .· .. :.; ··. : .... ·:. 



. ·:·. ,. . . ···.·· .. ·:· .. 
: .. · .. :. ·. ·.· ·.·: =~:-~ :·: ... · .. · . . .. . .. . . ' . ..... _.::~~.:::. ... . . ; : .·.·.". . ... . . . ;.'" .· .. 

-:··~:. . ~ .. . . . . 
· ..... . :~ . . . .. .. · ......... . 

. ... ,:.:~ .... ... . 

. .. · ... ·. 

t~;ji-,'f}k~~"'""'J;': 



. ······· ... 
.. • . ·::-··.:.·.· 

i 
.~ . ! 

\' .... ·. 

63 

~~•••~••fi~•••~n•m~•~ -~••••m~~~M~tt••mre~s~~ 
~~~--M~~-*~~~-~~~7~* ~~?tfifiJE 266 ·. 

"·' 
. ·:·'··· 

-~-~#ki~~.l;#k~~~~~~~~if~'~· 

... . .;.: .·. 
; ::::··.·· 

. -··:·~:.~:: ~~ ·:·:· . .. -.·::·.: : -.. ; .. .. • • ·.~·~ ::-:..-...:~;:~, •• ~"°"!' .:.•· .:.-:..:~. 



leftEar: 
~~~~~~~m~~m~~~m~~~rn~ 
~~~~m~~~~~~~~mm~~~m~ 
~~JMiffi~~~m~~~IDt~~mI ss 
lih: . 
110 tJ ~ 7J fil ?J. ~ JJ ll!g ~ X. ~ X. ~fl~ W =Jf: ~ 1L' 
~\ 21 



. ··:·.- -- .~., . ~ . : ~~. -...... -.·.:.- ~.:.-~:~.-.. :·.:~:.t~\:::·.: .. :_ ~· _.· .. · ... ··- .... _. · ... . ·.··.: .·.·· ·.--.- .. ..·. 
. · .. ·:. . .. . . .. - .... ·~ ... ·:··· . - . ;. .. .·.· ... · .. . ,• . -. ..;~--~·~."i-'···:.:---:·-~·'.-'··;·:•. 

. : .. -:c:··. ;0:::-=:~; ;..··.·.-·-~.:::-· .. ::-- .. 
. ..·.~:-:.': . . . . ·: -

- ·.···. ·- - . 

: ' ·~ .. : -. 
. ~ . ..:~ r:( 

65 

'• -"~ . 

. . ·- ··--.;\~~~ti.j~~:. 



...... ··:.·:· 

. I 
:[;;~A 

. ~· . 

·: .... ·::·.··· 

·_',··.::::·1 66 
' 
~~~-~-~~~~~••~m~~~~~ 
•~•••~•~~~~~~~*•~~~m 
~~~~ 144 

. . . 

. · .,.'.· ,,_,.;_ . · ... · -;~,. ·.:.:~i;il1:i};~~l~•~i;/}/: ,•,":;M~Vi·i~~~~~~~~i-: ... : 

•' : . ~ : .... -~ .. ·. . . . . 
:·::· .. '..· :· 



·'':.',;-.;,j 

ii :. . . . ~ 

! 

. . ... ~:::· ..•. . .. . . 

67 

~~~~1ijo/J1Jqg~'®~H~~~~Y1b~~td. 
1lJrJ ~ 22 

· . 

.• _:·.· •. :!·~-~.'· •• ··.'..-.• ·.·.·.,'·.·.· .. ~··.··.·,:.: •. '.· •• •••• •• ·.~ •.. ,:... . •.• : -: . ·: .. : . 
~ ..... ~ .. -· · • .:..:'.':·~:...:.;.:'·~ •".;,i--~-: ~. 

···.·········· . ... · .. ·. . . .. :··. ~ . 
. ···:·•·:·-.;..:_-:/:·-=-.:.-:·.::.-.. 'l.::.";•,·. 

;'!"..":':'!-: _':'.'"1-,J:-~;;~.:. :.:-.~:,.·-=., 

. ·-- --·- --· -· -·· .... :.... _______ ..... 



68 

CLAIMS 
1. Apparatus for incremental recognition of ideographic handwriting 

comprising: 

a computer entry tablet for entering strokes of an ideographic character in 

natural stroke order; 

an incremental character recognizer coupled to said computer entry 

tablet, responsive to partial characters, that generates an hypothesis list of at least one 

candidate character containing said strokes; 

means for displaying said hypothesis list; 

means for selecting a correct character from among said at least one 

candidate character of said hypothesis list; 

means for providing at least one additional individual stroke in natural 

.stroke order to said incremental character recognizer if none of said at least one 

candidate character of said hypothesis list have been. selected. 

2. The apparatus of claim 1. wherein said incremental tjtaracter recognizer 

comprises: 

a pre-processor, and 

a statistical pattern classifier. 

3. The apparatus of claim 2, wherein said statistical pattern classifier 

comprises at least one standard neural network layer. 
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4. The apparatus of claim 2, wherein said statistical pattern classifier 

comprises a time-delay neural network. 

5. The apparatus of claim 1, wherein said incremental character recognizer 

comprises: 

a plurality of detailed classifiers, each detailed classifier recognizing a 

subset of possible characters; 

a predassifier, which selects one of the plurality of detailed classifiers to 

use. 

6. The apparatus of claim 1, wherein said incremental character recognizer 

further includes means for manipulating said hypothesis list of candidate characters. 

7. The apparatus of claim 6, wherein said means for manipulating said 

hypothesis list of candidate characte_rs comprises means for deleting hypothesis. 

8. The apparatus of claim 6, wherein said means for manipulating said 

hypothesis list of candidate characters comprises means for inserting hypothesis. 

9. The apparatus of claim 6, wherein said means for manipulating said 

hypothesis list of candidate characters comprises means for re-ordering the 

hypothesis. 
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10. An apparatus for the incremental recognition ideographic characters, 

comprising 

an input device for the input of coordinate data representing strokes of an 

ideographic character; 

an input processor for the processing of said coordinate data; 

an incremental recognizer that is responsive to partial characters and 

generates a hypothesis list of at least on~ candidate character; 

a display device; 

a window on said display device which is divided into a first region for 

displaying strokes and a second region for displaying said at least one candidate 

character. 

11. The apparatus of claim 10, wherein said Input device is a touchpad that 

is $mailer than 3 inches in width and .height 

12. The apparatus of -claim 10, where the entire coordinate system of said 

input device is mapped into the entire coordinate system of said window 

13. The apparatus of claim 10, wherein said window further includes a 

region for the display of commands. 
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14. The apparatus of claim 13, wherein said command region lies along the 

edge of said window. 

15. The apparatus of claim 13, wherein said second region for displaying 

said at least one candidate character lies.along the.edge of said window. 

16. lbe apparatus of claim 13, wherein said stroke region is divided into a 

plurality of sub-regions, said input processor responsive to coordinate input in said 

plurality of sub-regions. 

17. A method for incremental recognition of ideographic handwriting 

comprising in order the steps of: 

(1) entering at least one stroke of an id~graphic character from a 

computer entry tablet; 

(2) providing said at least one stroke to -an incremental character 

recognizer including a pre-processor and: a statistical pattern classifier, said 

incremental recognizer producing a hypothesis list of at least one candidate character. 

' 
(3} displaying said hypothesis list of candidate characters containing 

said at least one stroke; 

(4) selecting a correct character from among said candidate characters 

on said hypothesis list if it a correct character appears thereon; 

· (5) entering at least one additional stroke of said ideographic character 
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from said computer entry tablet if no candidate character is a correct character; 

(6) providing said at least one additional stroke to said incremental 

character recognizer and producing an updated hypothesis list of at least one 

candidate character; 

(7) displaying said updated hypothesis list of candidate characters 

containing every stroke; 

(8) selecting a correct character from among said candidate characters 

on said updated hypothesis list if it a correct character appears thereon; and 

(9) repeating steps (5) through (8) until a correct character is selected 

from said updated hypothesis list. 

18. The method of claim 17, wherein said statistical pattern classifier 

comprises at least one standard neural network layer. 

19. The method of claim 17, wherein said· statistical pattern classifier 

comprises a time-delay neural network. 

20. The method of claim 17, wherein said incremental character recognizer 

comprises: 

a plurality of detailed classifiers, each detailed classifier recognizing a 

subset of possible characters; 
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a pre-classifier, which selects one of .the plurality of detailed classifiers to 

use. 

21. The method of claim 17, wherein said step of producing said updated 

hypothesis list includes the step of deleting at least one of said candidate characters 

from said hypothesis list. 

22. The method ·of claim 17, of wherein said step of producing an updated 

hypothesis list includes the step of inserting at least one additional candidate 

character said hypothesis list. 

23. The method of claim 17, wherein said candidate characters have an 

order and wherein said step of-producing an. updated hypottlesis -list includes the step 

of re-ordering· at.least one of said candidate characters on said updated hypothesis 

list. 

24. A method for incremental recognition of ideographic handwriting · 

comprising in order the steps of: 

(1) entering at least one stroke of an ideographic character in natural 

stroke order from a computer entry tablet; 

(2) providing said at least one stroke to an incremental character 

recognizer including a pre-processor and a statistical pattern classffier, said 
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incrementar recognizer producing a hypothesis list of at least one candidate character; 

(3) displaying said hypothesis list of canpidate characters containing 

said at least one stroke; 

(4) selecting a correct character from among said candidate characters 

on said hypothesis list if it a correct character appears thereon; 

(5) entering at least one additional stroke of said ideographic character 

in natural stroke order from said computer entry tablet if no candidate character is a 

correct character; 

(6) providing said at least one additional stroke to said incremental 

character recognizer and producing an updated hypothesis list of at least one 

candidate character; 

(7). displaying said updated hypothesis list of candidate characters 

containing every stroke; 

(8) selecting a correct· character from· among said candidate characters 

on said updated hypothesis list if It a correct character appears thereon; and 

(9} repeating steps (5) through (8) until a correct character is selected 

from said updated hypothesis list. 
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