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1. Introduction  
The standard keyboard that comes with computers around the world, even in a country like India 
is the QWERTY keyboard that has origins in the 1800s. Noyes (1983) and Yamada (1980) provide 
detailed developmental histories of keyboards and the QWERTY keyboard in particular. However, 
for a large number of languages in the world, the QWERTY keyboard is not ideal for text input. 
For example, if we consider the modern descendents of the Brahmi scripts, used widely in 
countries of the Indian sub-continent and parts of Southeast Asia, the QWERTY keyboard is 
unsuitable for text input. This is very evident in the India where there are at least nine different 
Brahmic scripts12 (Salomon 1998) corresponding to the major languages of India, belonging to the 
Indo-European, the Dravidian as well as other families (Wagner et al. 1999, page 24). Coulmas 
(1990) states that there are/were well over 200 different scripts used in the Indian subcontinent, 
mostly derived from the Brahmi script (page 181). Scripts for languages such as Tibetan (Tibeto-
Burman, Tibet), Burmese (Tibeto-Burman, Myanmar), Sinahala (Indo-European, Sri Lanka), 
Balinese and Javanese (Austronesian, Indonesia), Thai (Thailand, Austro-Thai), Khmer and Lao 
(Laos, both Mon-Khmer) belong to the same script class and have similar issues.  

Languages using Brahmic scripts are spoken by a large percentage of the world’s population and 
our research shows that there is no easy and widely acceptable computer text-entry method for 
most of these languages. For example, in the Indian sub-continent, although theoretically 
computer keyboards are available in the widely used languages, they are difficult to find 
commercially and hardly anyone uses them. This is true even in the case of Hindi which is used by 
between 182 and 366 million people as their native language, and Bengali used by between 181 
and 207 million people3. These two languages are 4th and 6th most commonly spoken languages of 
the world, surpassing languages such as Russian (between 144 and 167 million), and German 
(between  90 and 100 million), and French (between 68 and 78 million). Thus, one of the 
problems that makes the use of computers by a large segment of the world’s population is 
impossible or very difficult, perpetuating a severe form of digital divide (e.g.. Hosken and Lyons 
2003, Ko and Yoshiki 2005, Joshi et al. 2004) is the lack of adequate text-entry methods. 
Currently, text-entry in these languages spoken by hundreds of millions of people is usually done 
only by professional typists with months of training, or by very dedicated individuals. Typing is 
almost impossible for most common folk.  

 

2. Objectives  
The objectives of this proposal are listed below.  

• Investigate the issues in text-entry for languages using Brahmic scripts.  

• Design and develop an efficient text-entry scheme for such languages using softkey in the 
context of computers.  

• Develop predictive text-entry scheme for such languages for use in computers. 

• Extend the text-entry scheme to work with phones and PDA. 

 

The proposal starts by discussing the nature of Brahmic or Indic scripts, and follows it with a brief 
description of existing text-entry methods and the problems with such methods. We discuss an 
initial menu-based text-entry scheme that we have recently developed and tested. We have 
submitted a paper to a conference based on our current work. The rest of the proposal discusses 
in details how we propose to futher develop the scheme using insights gleaned from state-of-the-
art research in design of soft keyboards and multi-level menus. Although our prime objective is to 
design a text-entry scheme for Brahmic scripts that can be used by everyone at reasonable speeds 
and thus bridge the digital divide mentioned earlier, we are constrained by reality that computers 

                                                
1 http://en.wikipedia.org/wiki/Br%C4%81hm%C4%AB_script 
2 http://en.wikipedia.org/wiki/Indic_scripts 
3 http://en.wikipedia.org/wiki/List_of_languages_by_number_of_native_speakers 
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in Brahmic script regions will come with the QWERTY keyboard for the foreseeable future.  We 
conclude by adding other project-related details. 

  

3. Brahmic Scripts and Text-Input Schemes  
According to (Coulmas 1990, page 184), the Brahmi script and Brahmi-derived (Brahmic) scripts 
have the following characteristics: 

1. The scripts have signs for word-initial vowels. 
2. Every basic sign has a consonant and the inherent vowel /a/ (almost like schwa in 

English) as its value. 
3. Non-initial vowels are represented by modifying the respective consonant with a diacritic 

mark in a consistent manner. 
4. Consonant clusters are represented by ligatures, all but the last consonant elements of 

which lose their inherent vowel. 
5. The inherent vowel /a/ can be muted by a special diacritic.  

Thus, Brahmic scripts indicate vowels as obligatory diacritics of basic consonant signs. The script 
is syllabic-phonemic (Columas 1990, page 185). In other words, each written character is a 
syllable, and each syllable is phonemic with an unvarying associated pronunciation. There are two 
main classes of Brahmic scripts, Northern and Southern, each group encompassing several 
scripts. All these scripts are built on the same principles and some are almost isomorphic, but 
they are no means so similar that having learned one enables one to read others (Columas 1990, 
page 186).  
 
The Devanagari script is the most widely used script in India since it is used for Hindi, the main 
official language of modern India. It is used by other languages such as Nepali, Marwari, 
Kumaoni, and Marathi that are Indo-European. It is also used by many non-Indo-European 
languages such as Mudari-Ho (Austo-Asiatic), Gondi (Dravidian) and Boro (Sino-Tibetan). 
Another important Brahmic script in Assamese-Bengali used by Bengali (about 200 million native 
speakers), Assamese (15 million native speakers, 30 million non-native), Meitei (1.5 million native 
speakers) and Bishnupriya Manipuri (0.5 million native speakers), and some other Tibeto-
Burman languages. Of the languages using Eastern Nagari script, Bengali, Assamese and Meitei 
are among the 22 officially recognized languages of India. There is almost 1-1 isomorphism 
between Devanagiri script and Eastern Nagari script. In this proposal, we use Eastern Nagari 
script as an exemplar script for our design, software development and evaluation. We believe that 
our findings will easily extrapolate to Devanagiri and other Brahmic scripts as well. All our 
findings and implementations will be tested with several languages using different scripts.  
 
The structural principles of the Brahmic scripts, including Eastern Nagari (or Assamese-Bengali 
script) enables the representation of syllables of various kinds: V, CV, CCV, CCCV, etc. The 
Assamese variant of the Eastern Nagari4 script has eleven vowels, thirty-seven consonants, and 
several special signs, and a few punctuation marks. The Assamese variant is used by Assamese, 
Bishnupriya Manipuri, Karbi and has been used in the past by Bodo, Khasi and other languages. 
In contrast, the Devangari script has thirteen vowels and thirty-five consonants (Columas 1990, 
page 186). There is a standard matrix grouping for the basic characters in all Brahmic scripts, 
including Devanagari and Eastern Nagari. There is a standard sort-order used in text books and 
dictionaries for each Brahmic script.  
 
In all Brahmic scripts, consonant clusters are represented by ligatures. The ligatures have to be 
learned separately because in many cases their sound value is hard to infer on the basis of the 
graphical composition of the complex letter sign (Columas 1990, page 188). Ligatures are often 
formed by adding one or more distinct strokes (derived from the constants that lose their 
inherent vowel) to the letter that keeps its inherent vowel, although there are many exceptions to 
this general scheme. Medial vowels (i.e., non-initial vowels  or vowels positioned between letters) 

                                                
4 http://en.wikipedia.org/wiki/Assamese_script 
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are written in the form of diacritic marks, with certain inconsistencies regarding positioning 
below, above, to the left and to the right of a consonant or a ligature.  Also, exceptions are made 
for some foreign and unusual words where medial vowels are explicitly written. Brahmic scripts 
are written left to right. Sentence endings are marked with a perpendicular stroke called dari in 
Eastern Nagari and danda in Devanagari. Two such strokes are used at the end of verses in 
poems.  
 
In the Eastern Nagari script, there are at least 240 ligatures, four special characters, 10 digits, and 
3 special punctuation marks. The medial vowel forms appear inconsistently, regarding location 
with ligatures, just like with single consonants. Even for a single vowel, there may be more than 
one form for appearance of the diacritic, depending on the particular consonant or ligature. The 
number of ligatures used varies from font to font. In the initial implementation we present later in 
this proposal, there are at least twelve complex diacritic marks that can occur with at least 11 
vowels + 10 vowel diacritics + 10 digits + 4 special signs + 3 special puncutation marks + 37 
consonants + 240 ligatures = 315 character forms. Although the use of every  diacritic may not 
create a new glyph (except in some special cases), we feel it is expedient and efficient if all 
consonant-medial vowel and ligature-medial vowel combinations are provided for easy and direct 
input. If we do so, we need (37+240)*10=2,770 character forms. In addition to the vowel 
diacritics, the hasanta character needs to be provided so that any ligaturees we missed because of 
their rare nature can be entered. We have determined that up to 5 additional symbols often 
combine with consontants and ligatures. To provide for all these possibilties (which will make 
text-entry extremly efficient, at least in theory), we need 315+(37+240)*(10+6)=4,747 character 
forms. How many of these should be provided in a soft keyboard and in what configuration 
remains an open question. In addition to Eastern-Nagari characters, the standard QWERTY 
keyboard based punctuation symbols can occur. There is propensity to write English words once 
in a while in the middle of a vernacular text. Frequently, the numeric symbols are written in 
Roman. Thus, our challenge is to develop a text-entry system that can compactly represent the 
possibility of entering about 3000 characters as well as allow for Roman input.  
 
We have decided to represent the keyboard in software form since language-specific physical 
keyboards are rare and unavailable. In addition, a good soft keyboard available on the Web will 
enable people to get familiar with it, practice and hone their typing skills. Experts will also be able 
to come the Web site for text entry before cutting and pasting it to some other application like 
Microsoft Word. We will provide the software for download for easy installation instructions in 
English and the language under consideration. Not only should the soft keyboard representation 
be efficient space-wise, entry of text using the softkeys should be efficient and less error-prone. 
Finally, dedicated users should be able to gain fast typing speed with practice.   

 

3.1  Existing Text-Input Schemes  

As mentioned earlier, text entry in these languages is almost impossible for most speakers of 
these languages, even ones who regularly communicate in these languages in formal and informal 
situations. Only professional typists or computer technicians and very dedicated individuals enter 
text in these languages at this time. The commonly available text entry schemes include  

1. Dedicated keyboards: These allow text entry in a specific script, need special training to 
use, almost impossible to find in the marketplace, do not allow text entry in Roman 
character set. Joshi et al. (2004) describe a dedicated physical keyboard they built for the 
Devangari script.  

2. Adaptation of physical QWERTY keyboards: These provide mapping of the QWERTY 
keyboard to characters in the specific language under question. Usually the mapping uses 
shift, option, command and other keys to obtain the variety and number of keys needed. 
Usually, they allow entry in Roman character set as well. The mappings are inconsistent 
across font makers. There is usually no correlation between what the characters 
represented by the direct keys and the ones with shift, command, etc. Usually, the 
mapping of the QWERTY keyboard to a specific language shows up as an image on the 
screen; the user has to look at the image, find the key on the physical keyboard and type.  
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3. Soft keyboards: Several Web sites have created softkeys for entering text. However, the 
softkeys list the basic vowels, consonants and semi-vowels and special characters. Thus, 
they are difficult to memorize. Websites such as ekushay.org, xobdo.org, the Wikipedia 
pages for various Indian languages, Google India, Inc., etc., provide examples of such 
softkeys for Indian languages using Unicode. Shanbhag et al. (2002) give an example of 
multi-layer soft keyboard for Devanagiri script for use in mobile phones; although they 
implemeted the scheme, they do not provide any evaluation of any kind.  

 
In none of the above three approaches, there is no easy way to enter the ligatures that are 
abundantly used in these languages, making text entry slow and painful. In the dedicated 
physical keyboard scheme, the ligatures need to be typed slowly with the hasanta character 
between two consecutive consonants.5 Even when softkeys are provided on a Web site, usually 
only the basic characters are provided for clicking and entering into a textbox. Out of the 250 
or so ligatures commonly used, none is usually provided for direct entry. For example, to type 

the ligature  (jjb), a user has to type ! (j) followed by " (hasanta) , followed by ! (j), 

followed by  " (hasanta), followed by # (b). Thus, jjw, which is written by most people as one 

single glyph if they are writing by hand, has to be written using five keypresses. The hasanta is 
a way to tell the font processing system under the Unicode scheme to say that we are in the 
middle of creating a multi-consonant ligature where a consonant will be followed by another.  

 

4.  Prior Work  
We first discuss the preliminary work we have performed in developing a text-entry scheme. We 
then discuss our plans to improve upon the current work.  

 

4.1 A Pop-Up Menu-based 
Unicode Text-Entry Scheme 

We decided to extend the commonly 
available softkey schemes so that a user 
can easily and efficiently enter the large 
number of glyphs, the special cases for 
glyphs and vowel diacritization, as well 
as it make it easy for entering vowel 
dicritization with consonants, and 
ligatures. Figure 1 shows the top-level 

menu items for character entry. The 11 
vowels are represented by the first menu 
item in the top row. The second item in the 
top row represents the medial diacritic 
representations of the eleven vowels. The 
last three items on the bottom row 
represent special characters, numerals and 
punctuations, respectively.  
 
Figure 2: Vowel menu. Shows the 11 
vowels. 
 
Figure 2 shows the vowels from a pop-up menu. 
Figure 3 shows the diacritic marks corresponding 
to the vowels.  
 

                                                
5 In traditional printers that are still common, text entry is still done using hot metal glyphs. A 
shop may have several hundred glyphs for a font.   

Figure 1 shows the top-level menu items for 
character entry. The 11 vowels are represented by 
the first menu item in the top row. The second item 
in the top row represents the medial diacritic 
representations of the eleven vowels. The last three 
items on the bottom row represent special 
characters, numerals and punctuations, 
respectively. 
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Figure 4 shows a second level pop-up menu corresponding to the 
character ! (na). There are three rows in the pop-up. The first row is 
mostly the vowel diactritics except the last two that are special 
diacritics. The first character of the second row is the hasanta 
characters that allows one to build ligatures one by one. The rest of 
the characters in the second and third columns represent two or 
three-consontant lgatures that usually take several Unicode 
characters to type. Figure 3 represents an example third-level menu 
where we provide for vowel diacritization of the ligatures in addition 
to a few special diacritization.  
 
Table 1 provides a summary of the numbers of pop-up menus at various levels. The number of 
pop-ups vary from two to 43 at the second level. The small number 2 is for language-specific 
punctuation characters. All consontants and semi-vowels have the eleven vowel diacritics. 
However, on top of these 11 and two other diacritics and the hasanta, there are a large number of 
ligatures in some cases. The mean number of pop-ups at level 2 is 18. That is there are at 4 
ligatures on an average at level 2. Out of 34, 42 characters, i.e., 81% have second level pop-ups. 
The third level pop-ups are for the vowel diacritic marks and a few other diacritics.  

Table 1: No on pop-up menus at various levels 

4.2 Implementation 

We decided to implement the on-screen-
keyboard using common web technologies 
like PHP, JavaScript, HTML and MySQL.  
We decided to structure our database to 
allow one-to-one relationship between 
characters. Characters in the database are 
Unicode values for the Assamese-Bengali 
alphabet. Third Normal Form database 
normalization was used to structure the 
database, with the purpose of using PHP to 
dynamically populate the on-screen-
keyboard.  We implemented the Sothink 
DHTML library to dynamically calculate 
the x and y position for every component. 
At the same time, the library allowed us to 
sort the direction and effects for the every 
character. We decided to place two menu 
bars, the upper menu contains 24 
characters and the lower menu contains 18 

characters. They are separated by several pixels which allows for an empty “space” to display the 
on-hover effect.  

 

Item Number of pop-
up menus 

Top-level 42 
Mean no pop-ups at level 1 18 

Max no pop-ups at level 1 43 
2nd highest  no of pop-ups at 
level 1 

29 

3rd highest no of pop-ups at 
level 1 

28 

4th highest no of pop-ups at 
level 1 

24 

No of characters with 2nd level 
pop-ups 

34 

Mean no of pop-ups at level 2 7 

Max no of pop-ups at level 2 16 
2nd highest no of pop-ups at 
level 2 

11 

3rd highest no of pop-ups at 
level 2 

10 

Figure 3: Vowel 
diacritics 

 

Figure 4: Second level menu for the consonant ! (na).4 
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In order to record metrics we implemented Ajax technologies to communicate with the backend 
server and databases. Custom programming scripts were developed to track the user input and to 
allow for certain functionality. 
 
The concept behind this 
implementation is that we 
can create several on-
screen-keyboards for 
different languages by only 
populating the databases. 
 
Language rules are 
enforced from the SQL 
query.  By queering the 
relationship between the 
entities we are able to 
create and enforce 
languages rules within the 
alphabet. 

 

4.3 Evaluation 

To evaluate the performance of our on-screen-keyboard, we decided to utilize common metrics 
for measuring text entry performance: characters per keystroke, average number of keystrokes 
per minute, average number of characters typed per minute, and the amount of movement of the 
mouse or the trackpad.  
 
We tested our text input scheme with 5 testers distributed around the US and India. They were 
each given a page of text to type. The pages were chosen randomly from two encyclopaedias 
published after 2000. During a period of one week, our testers typed 10,748 characters. Table 2 
shows the distributions of the number of Unicode characters per keystroke or mouse click. 
 
Table 2: Distribution of number of Unicode characters per keystroke 

 
The above data show that 50% of clicks 
produce  two ore more Unicode characters. 
 
We also keep track of the number of 
keystrokes per minute. We use this metric 
to measure the performance of our UI 
interface organization. Keystrokes per 
minute is computed as (Input 
Stream!1)/60 seconds. For our 5 testers 
over a week, we compute the average 

number of kestrokes per minute to be 20. None of our testers, who speak Assamese natively, has 
any professional training in typing in the language uder question. In addition, they hardly typed 
in the laguage under question before because it is too diffcult to type.  
 
Characters per minute is a common metric for measuring text input. It abstracts all details about 
how the input device was layout and only focuses on the final productivity of the user by arguing 
that the more characters or words a user can type per minute, the better. To obtain this metric, we 
analyzed our text entry log and compute that our testers are able to type 30 characters per 
minute. However, we did not ask our testers to type in a single setting or not to multi-task. This 
translates to about 7-10 words per minute. In America, where people learn to type from 
childhood, the average typing rate is 33 words/min for transcribing and 19 wpm for composition 
(Karat et al. 1999).  
 

No of 
chars/click 

No of characters Percentage 

1 5372 50.0 

2 4184 38.9 

3 663 6.2 

4 469 4.4 

5 40 .4 

6 20 .2 

Figure 5: Third level pop-up menu for a ligature 
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We conclude that the results so far show that on-screen-keyboard enables text entry for a 
language by an average computer user for a language for which text entry has been very difficult 
at a reasonable speed. We also believe that it has the potential to allow for faster text entry input 
at the same rate and speed of a QWERTY keyboard, but with the functionality to allow non-
Roman languages to be able to write in their native language. 

We have recorded user gestures while using our on-screen-keyboard. We have defined a user 
gesture as an event generated by the mouse with the purpose of generating text input. By this, we 
have defined that moving the mouse across the computer screen is part of the gesture; therefore 
we are tracking the displacement of the mouse on the user screen.  

The purpose of tracking the user mouse movements is to measure the distance between 
keystrokes with the purpose of studying how to optimize the user interface.  Current results 
showed that the averages distances (in pixels) that the user travels between keystrokes are given 
below.  

 

Average X distance Move (Pixels) 270 

Average Y distance Move (Pixels) 95 

Average XY distance move (Pixels) 302 

 

5. Proposed Research 

Physical keyboards have never been used widely in most Brahmic languages, at least for the 
languages of the Indian subcontinent. Thus, there is no legacy keyboard like the QWERTY 
keyboard that is hard to dislodge, even though the design is sub-optimal.  Since the use of 
computers and cell phones are increasing  due to increased prosperity, it is appropriate time to 
focus on designing soft keyboards for languages using Brahmic scripts. Zhai et al. (2000) say "the 
efficiency of a virtual keyboard depends on very different, if not opposite mechanisms from that 
of a physical keyboard. For a physical keyboard, one  key factor influencing its efficiency is the 
frequent alteration between two hands. This means that frequent adjacent letter pairs (digraphs) 
should be on opposite sides of a keyboard. For a virtual keyboard tapped with a stylus, however, 
the frequent digraphs should be close to each other so that the hand doesn't have to travel much." 
Thus, opportunities are ripe for developing an efficient as well as natural soft keyboards layout for 
languages using Brahmic scripts. In this proposal, we want to study the problem of designing soft 
keyboards for languages using Brahmic scripts, generate keyboard designs by hand as well as 
automatically, evaluate them according to mathematical models, choose a few most efficient and 
learnable designs from among these designs, and evaluate them with experiments with real 
people. 

The issues on which our proposed research will focus are discused below. 
1. Predicting Soft Keyboard Performance 
2. Testing with Other Keyboard Layouts 
3. Searching for Optimal Layouts 
4. Developing Predictive Text Entry 
5. Developing Corpora 
6. Testing with Real People 
7. Testing with Hybrid Schemes 
8. Testing with PDA 

 

5.1 Predicting Soft Keyboard Performance 
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Designing a soft keyboard layout is easy. However, testing it on real people is time-cosuming and 
expensive. Hence, researchers have developed techniques (e.g., MacKenzie and Zhang 1999, 
MacKenzie et al. 1999, Zhai et al. 2000) for predicting performance of various layouts of soft 
keyboards by novices as well as experts. Such techniques provide a way in which various keyboard 
layouts can be designed and mathematically evaluated, and testing only the most promising 
layouts with real people. Such an approach is absolutely necessary for designing a high-
performance soft keyboard. Designers need to evaluate not only how a layout works for experts, 
but also the learning time for typical and novice users.  

MacKenzie and Zhang (1999) modeled text-entry with soft keyboards using linguistic data, Fitt's 
law (Fitts 1992), a shortest path model, and a key repeat-time measure. They created a soft 
keyboard called OPTI with predicted upper bound text-entry rate of 58.2 wpm, 35% faster than 
the QWERTY layout, and 5% faster than a commercial keyboard called Fitaly. Zhai et al. (2000) 
model and compare the predicted performance of four soft keyboard layouts, viz., QWERTY, 
CHUBON, Fitaly and OPTI to be in the neighborhood of 30, 33, 36 and 38 wpm, after making 
some corrections to predictions by prior authors.  

We plan to work with many keyboard layouts some of which are mentioned below. The idea is to 
create a large number of layouts by hand or automatically, evaluate them using machine-
calculated prediction techniques, choose only a few best ones for testing by people. 

1. Layouts with basic vowels, vowel diacritics, consonants, and special characters. These 
keyboard layouts will have about 60 characters in them. Such layouts will be at a single-
level just like the keyboard layouts that have been tested for English by researchers above.  

2. Layouts with the characters in 1) and numeric symbols. These layouts will have about 70 
characters in them. These layouts will be at a single level. 

3. Layouts with the characters in 1) and a few most frequently used ligatures.   
4. Layouts with the basic characters in 2) as well as combinations with just the vowel 

diacritics. These layouts will have about 300+ characrers. These layouts will have two-
level menu items.   

5. Layouts with the characters in 2) as well as multi-consonant glyphs. These layouts will 
have about 300+ characters as well and will be in two levels.  

6. Layouts with characters in 3) as well as multi-consonant glyphs and vowel diacritics with 
multi-consontant glyphs. These layouts will be similar to the layout we have created now. 
There will 3000+ glyphs respresented. Such layouts will have 3 levels of menus. 

For layouts with one level of characters as those in 1) and 2) above, we will be able to apply the 
results from current research in single-level English keyboard layout, to predict performance 
before carrying out experiments with real people. For 2-level layouts and 3-level layouts, 
application of just the Fitt's law will not suffice. 

Recently, several models for cascading pull-down menus have been developed (e.g., Ahlstrom 
2005, Cockburn et al. 2007). These models attempt to use various laws such as Fitts' Law and 
Hick-Hyman Law as well as ideas from physics such as Force Fields to predict how users will 
perform while using a certain multi-level menu layout. For example, Ahlstrom (2005) proposes a 
model for selection times for pull-down menus based on Fitts' Law and the steering law, and 
introduces the usage of "force fields" to support users during menu selection, making the process 
easier and faster. They show experimentally that force fields, which guide the user during cursor 
movement, can reduce selection time on an average by 18%. Cockburn et al. (2007) also model 
complex menus using Fitts' Law for pointing time and Hick-Hyman Law (Hick 1952, Hyman 
1953, Landauer and Nachbar 1985, Seow 2005) for predicting decision time for experts. They also 
add visual search time for novices and a method to transitition from novice behavior to expert 
behavior. They are able to model adaptive split menus, items with different frequencies and sizes, 
and multi-level menus. Althouth they did not test on multi-level menus, the predicted 
performance on other types of complex menus matches extremely closely with experimental 
performance. Cockburn et al. (2007) claim that their method can be used to explore a wide range 
of menu possibilities before implementation and testing.  

5.2 Testing with Other Keyboard Layouts 
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So far, we have worked with only one soft keyboard layout in our preliminary research. Our 
current two-row layout reminds us of the early typewriter layout seen in US patents prior to 1878, 
where the letters were laid out in two rows in alphabetical order, from N to Z and A to M 
(Beeching 1974, Noyes 1983).  Noyes (1983) also notes that there is no obvious reason for the 
placement of letters in the QWERTY keyboard; however, we may be forced to work with a 
sequential sort-order layout in soft keyboards to reduce cognitive load. There are other possible 
layouts we want to experiment with. One of the observations from our preliminary experiments is 
that, there is a high amount of movement along the X-direction between clicks or keypresses. One 
of our goals is to see if we can reduce the amount of X-direction movement while keeping the 
keyboard layout natural.  

Among the various alternatives we want to try are: 
1. Standard layout of the alphabet in terms of barnamala,  
2. Using split menus,  
3. Provide most common digrams (two glyph sequences) or even trigrams. 
4. Providing for one or more space keys in the soft keyboard. 

5.2.1 The Standard Layout: One layout that comes to our mind is the standard layout used for 
charting the alphabet in elementary schools. This is called the barnamala layout.  The standard 
layout is in a form where the 11 vowels are laid out before the 37 consonants, followed by 4 
commonly-used special characters that are always written as part of the alphabet at the end. A 
cursory examination of ten elementary school textbooks of Assamese while writing this proposal 
shows that the consontants and the 4 commonly used special characters are laid out more or less 
the same way in 8 out of 10 books. The first 25 consonants are laid out in sort-order in rows of 5 
in all of these 8 books. The next 12 consonants are laid out in 7 of these 8 books in 3 rows, each 4 
long. Thus, although there is some variation, there is almost near consensus among authors of 
elementary school books for the layout of the consonants and 4 special characters. However, there 
is more variation in the layout of the 11 vowels. Six out of the 10 books display the vowels in sort-
order in 3 rows, 2 of length 4 and one of length 3; in 5 books, the second row is 3 long, and in 3 
books, the third row is 3 long. Three books display the 11 vowels in two rows, the first being 6 long 
and the second 5 long. Two books display the consonants and special characters in 4 rows that are 
9 long, followed by a last row with 5 characters.  

Based on this simple analysis of the layout of the characters in elementary school textbooks, we 
can come up with a "standard" layout in the following manner: 11 vowels in 3 rows with lengths 4, 
3 and 3, respectively; 37 consontants in 5 rows each 5 long, followed by 4 rows each 4 long. Thus, 
we can use a matrix layout of  12 rows, each between 3 and 5 long. This is the manner in which 
people remember learning the alphabet, and we believe, it will produce the least cognitive load on 
a typist. However, it will now make the Y movement of the mouse between clicks much longer 
than the layout we tested with. In addition, since the layout will be tall and narrow, the textbox 
area in which clicked glyphs actually show up will become narrower. While developing a physical 
keyboard for Hindi, Joshi et al. (2004) found that laying out the keys roughly in barnamala order, 
made typing more efficient, especially for individuals who are novices or do not type in their 
native languages often. 

5.2.2 Provide for Digrams in the Menus: In the case of English, Kinkead (1975) found that 135 
digrams (two-letter sequences) account for 83% all digrams typed, and that the other 17% occur 
so infrequently that their analysis is non-productive and tedious. At the current time, no reliable 
counts of frequent digrams (not in terms of single characters as in English, but in terms of glyphs) 
is available for any of the Indic languages of India as far as we know. We intend to perform an 
analysis like Kinkead with corpora we build and see if inclusion of some digrams or even trigrams 
may make typing faster in the case of Brahmic scripts.  

 
5.2.3 Use of Space Keys: In our initial layout, we do not have any space key. The space bar is 
the largest key in the QWERTY keyboard. In English typing, about 16% of characters are the space 
charcter. A QWERTY softkey layout has a large space bar. The OPTI soft keyboard (MacKenzie 
and Zhai 1999) has four space keys; each one is double the size of normal keys. However, the 
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optimal space key is used by slightly less than 50% individuals since it requires one-step 
lookahead in typing. We intend to experiment with different numbers and/or sizes of space keys.  
 
5.2.4 Providing for Split Menus and/or Pie Menus: Split menus (Sears 1993, Sears and 
Schneiderman 1994) divide menu items into two categories: high- and low-frequency items. Both 
high- and low-frequency parts of the menu should be organized in "traditional" or sort-order in 
our case. In modeling interaction, it is assumed that users get to high frequency items (whose 
locations get memorized) in logarithmic time and to low-frequency items in linear time as 
scanning becomes necessary. Users maybe somewhat familiar with many of the low-frequency 
items, so predictions of access times are less adeqquate for low-frequency items. Sears and 
Schneiderman (1994) state that the following values must be known to predict the amount of time 
saved by switching from a traditional orgranization (alphabtical) to split menus: relative 
frequencies of an item in the high-frequency part, the location of an item in the traditional menu, 
the location of the item in the split menu, the average amount of time to select an item in the 
traditional menu, the slopes of the regression equations for the high- and low-frequency items. If 
prediction shows that the selection time willl be reduced, they propose that split menus should be 
used. 
 
Split menus have been shown to make time for selection of menu items faster, especially for large 
menus like ours. The number of items in the high-frequency part should be kept low. Sears and 
Schneiderman (1994) suggest 4 or fewer items in this section although a few more may be placed 
in some situations. In our case, for each menu, we may consider placing the most frequently 
occuring vowel diacritics or ligatures in the high-frequency part. Based on frequency count, we 
may be able to find a "natural" dividing line between high-frequency and low-frequency items. In 
any case, the number of items in the high-frequency part should be kept low. We can use 
modeling techniques to predict the amout of improvement in selection time using split menus. 
Sears and Schneiderman (1994) reduced selection time by between 17% to 58% just by using split 
menus. They found that users preferred split menus over alphabetic menus and menus ordered by 
frequencies of occurrence for all itmes in a menu.  

 
5.3 Searching for Optimal Layout  

 
Zhai et al. (2000) were the first to use optimization techniques to design optimal soft keyboard 
layouts. Before them, all designs were based on manual exploration through all possibilities. An 
exhaustive O(n!), where n is the number of keys (26, for English),  search is impossible even for 
single-layer layouts for English keyboards. Zhai et al. (2000) designed and implemented two 
physics-based techniques to search for the optimal virtual keyboard. The goal in such designs is to 
minimize the statistical travel distance between characters based on character frequencies in a 
corpus, and placement and size of the softkeys in the proposed layout.  The first method used by 
Zhai et al. (2000) is based on Hooke's Law and the second method is based on a Monte Carlo 
optimization algorithm called the Metropolis algorithm, widely used in statistical physics to 
search for minimum energy state (Binder and Heermann 1988). The keyboard layout produced by 
the Metropolis keyboard using "energy" computed using Fitts' Law, had predicated preformance 
of 43.1 wpm according to corrected calculations, 40% improvement over QWERTY and more than 
10% over an improved version of OPTI keyboard. However, Zhai et al. (2000) did not test with 
real people. Raynal and Vigourous (2005) use a genetic algorithm based on MacKenzie model 
(MacKenzie and Zhang 1999,  MacKenzie et al. 1999) to design a soft keyboard layout. Although 
their method can be applied to any language, the experiment they report is on designing a 
keyboard for English. An individual in a population is a keyboard layout, and the fitness function 
used is the average time in seconds for typing a character. A generation has 20,000 individuals. 
The genetic algorithm does not change they layout of the keyboard, only position of keys within a 
given layout. Raynal and Vigourous (2005) produced two keyboards, GAG I and GAG II, that 
outperform the improved version of the OPTI keyboard by about 10% in terms of predicted upper 
bound.  
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In our case, as discussed earlier, we will generate keyboard layouts for various size keyboards. We 
intend to use the Metropolis algorithm, genetic algorithms of various types as well as more recent 
learning methods such as ant algorithms (Dorrigo and Gambardella 1997) and particle swarm 
optimization (Kennedy and Eberhart 1995). Ideas from reinforcement learning (Mitchell 1997, 
Chapter 13) may be applied as well. As the keyboard size becomes progressively bigger and multi-
level due to the introduction of vowel diacritics on consonants, ligatures, vowel diacritics on 
ligatures, the use of straight-forward learning algorithms will become difficult. For various levels 
we intend to optimize the layouts in various ways. For example, for the second level layout, we 
will look at optimizing the distance traveled between a consonant key and vowel diacritic. We can 
perform this optimization considering a generic consonant and the 11 vowel diacritics: as a result 
of such optimization, we will have the same layout for each consonant (as well as ligature) as far 
as the layout of vowel diacritics go. We may consider performing optimization for the consonants 
and the ligatures separately as regards to the placement of vowel diacrtics in the pop-up menus. 
There are many combinations we can perform regarding what we want to optimize.  

 

5.4 Developing Predictive Text Entry for Indic Languages 
 

Predictive text entry is quite common these days on mobile phones. However, even in countries 
like India where Brahmic scripts are predominant, the predictive schemes in mobile phones 
usually work with English only. Masui (1998, 1999) proposed an efficient text input scheme called 
POBox where users can efficiently enter text in any language using menus, word prediction and 
approximate pattern matching. The system was implemented on Windows computers, PDAs, cell 
phones and one-handed keyboards in English and Japanese. For example, on a Windows 
implementation, when one types in "F", a few (it seems between 10-20 or whatever number fits in 
a specifically assigned areas of the soft keyboard) most frequently used words start showing up as 
soft keys. After one types "Fa", the words shown on the soft keys in the specifically designated 
area changes. One can enter the whole word in the textbox by clicking on the soft key for the 
appropriate word. Masui (1998, 1999) states that the choices for soft keys can be obtained by 
approximate string matching as well, allowing for correction of wrongly spelled words as well as 
short-hand type typing (e.g., in English, not typing some or all of the vowels in a word). The 
algorithms used seem quite simple. Masui (1998) reported that users could enter Japanese text at 
40 characters/minute, twice as fast as handwriting recognition-based and other existing text-
input methods. Tanaka-Ishi (2006) discusss experiments with text input devices with only 4 to 10 
physical keys, using adaptive n-gram language models, in English, Japanese and Thai. He uses 
the PPM model (Bell et al. 1990), originally used for higher-order context prediction in arithmetic 
coding. The PPM model outperforms other models he tested on ranking choices higher and 
reducing the number of keystrokes needed. Although the number of soft keys we use is not 
constrained, ideas from Tanaka-Ishi's experiments can be investigagted in the context of text 
entry in Brahmic script languages. The method requires a general dictionary and a user dictionary 
of words. The general dictionary can be used from a general corpus, whereas the user dictionary 
can be built as the user enters text using our method, or from prior documents the user has 
written. One idea that we think we should test based on Tanaka-Ishi's observations is allowing the 
user to skip the use of vowel diacritics altogether or sometimes and predict it ourselves. If vowel 
diacritics can be predicted, the effective number of levels of menu in our text entry method for 
many situations can be reduced. Another characteristic that Tanaka-Ishi notes but does not use in 
his prediction model is that a user reuses vocabulary at a 70% rate in a specific document after 
entering only a small amount of text. Thus, a separate cache model (Kuhn and De Mori 1990), can 
possibly be used to improve performance. Commonly used phrases can be predicted as well.  One 
problem that remains daunting in predictive texting is the issue of handling words not in a 
dictionary (Gutowitz 2003). This is something we need to investigate. Use of some back-off 
models (e.g. Katz 1987, Jurafsky 2008) must be used to used in such a situation. Hasselgren et al. 
(2003) use a word bigram model of Swedish for prediction of next words and decrease the 
number of keystrokes needed to enter text by between 7 and 13%.  
 
Stocky et al. (2004) use commonsense knowledge in the form of OMCSNet (Liu and Singh 2002), 
a semantic network built from textual contributions of many individuals over the Web for the 
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Open Minds Common Sense (Singh 2002) project. We do not have access to such source of 
knowledge. Publicly available sources such as Wordnet and OpenCyc work in English only 
although there are some recent attempts at creating Wordnet like networks for a couple of Indian 
languages. However, one finding the authors reported is that in their experiments, exploiting 
recency of use of words gives best predictive ability although it can be improved by use of 
common-sense knowledge. We intend to use recency in our prediction. If a Wordnet-like source 
of knowledge is available for a specific language, we will use it too.  
 
There is need for an electronic dictionary for each of the languages under consideration. Some 
electronic dictionaries are available for Indic languages, but may be difficult to acquire. In lieu of 
using extant electronic dictionaries, we can create such dictionaries by working with linguistic 
corpora for these languages and perfoming simple frequency analysis  as well as implemenation of 
sophisticated string matching algorithms.  

 

5.5 Developing Corpuses 

Corpuses for Indic languages are starting to be created. The PI is involved in creating corpora for 
three languages of the linguistically diverse North East part of India, viz., Assamese, Meithei and 
Khasi. We collaborate with researchers in India (at Tezpur University, Northeastern Hill 
University, Manipur University, Indian Institute of Information Technology) as well as US (e.g., 
Martha Palmer at the University of Colorado at Boulder; Sohbana Chelliah at the University of 
North Texas) in creating these three corpora. We have collected a corpus of about half a million 
words for implementing word prediction algorithms (Sharma et al. 2008). The corpuses are in 
Romanized form; we are in the process of converting them to Unicode. Corpora, created for 
computational linguistics processing, are beginning to be available for many of these languages. 
We can obtain corpora from Wikipedia for some of these languages. Here are the number of 
articles in some languages using Brahmic script as of October 1, 20086: Newar/Nepal Bhasa—
43,489; Telugu--41,400; Thai—39,213; Bishnupriya Manipuri—23,402; Hindi—21,499; Marathi—
20.070; Bengali—18,225; Tamil—15,460; Kannada—5,967; Gujarati—2,492; Bhojpuri—2,415; 
Burmese—649, Assamese—261; Tibetan—230; etc. Although the number of articles is small 
compared to the number of speakers, there are sufficient numbers of articles in many of these 
languages to obtain preliminary single-letter (unigram) and two-letter sequences (bigram) 
frequencies. These can be improved as the number of articles grows.   

5.6 Testing with Real People 

Testing with real people is expensive. The PI will create a Website where the layouts will be 
published and recruit volunteers from around the world to type in various languages using the 
layouts. We will collect data on performance on these Web sites. Like other studies (e.g., 
MacKenzie and Zhang 1999), we will recruit a few participants (say, 10) and design experiments 
where the participants train for 10-15 hours over a few days. Since this is expensive, we will 
perform such experiments with only one or two top-performing layouts. We will keep track of 
data such as typing speed in words per minute, error rate, etc. The PI collaborates with several 
universities in India and travels there regularly. Experiments will be performed in these locations 
as well.  
 
One important question that needs to be investigated is the learnability of keyboards when testing 
with real people in addition testing for speed of typing in wpm. Questions that we will ask of 
keyboards designed with optimization or machine-learning algorithms include how quickly can 
users reach the level of predicted performance? How do they learn the keyboard layout? How 
much of area do the users scan to choose the next letter? Is the layout easy for novices or 
infrequent users? Etc.  

 
5.7 Testing with Hybrid Schemes 

                                                
6 http://en.wikipedia.org/wiki/Wikipedia:Multilingual_statistics 
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One of the reviewers of our initial implementation commented that ''This is a greatly intuitive 
piece of software that requires minimal training for use.  It is a great tool for beginners.  But I 
think this will not be used for serious text entry purposes because using a mouse to search down a 
tree for a particular glyph is tiresome.'' We agree with this finding and think that there should be a 
way to incorporate the QWERTY keyboard in some fashion when used with a standard computer 
with a standard keyboard. This is what is normally done for Indic languages at this point. 
However, the keys are arbitrarily assigned by different keyboard layouts. However, as usual, the 
assignment of letters to keys is somewhat arbitrary. One needs to study the assignment of keys 
rigorously following the pioneering studies leading to building alternate keyboards of Dvorak 
(1936, 1943), Griffith (1949) and Maxwell (1953) for the English keyboard. For example, Griffith 
statistically analyzed a corpus of 100,000 words to come up with the placement of keys. Maxwell 
studied the 5000 most commonly used words in the English language to design his placement of 
keys on his alternate keyboard. Thus, creation of a corpus of words in each of the languages and 
concerns such as the following will have to be addressed. 

1. Balance the load on the two hands. 
2. Assign frequently used letters to strong fingers. 
3. Allow for maximum typing on the home row, i.e., assign most frequent letters to the home 

row.  
4. Assign letters often found together to positions such that alternate hands can be involved 

in striking them. 
5. Allow for typing a large number of frequently occurring words in the home row. 

Since the keyboard used will still be the QWERTY keyboard, we will have to provide a map of the 
layout in terms of graphics on the side of the textbox, or in a different floating window. Having to 
look at the layout and map an entry from the layout matrix to a specific key will involve cognitive 
load, but if the most commonly used letters and words can be typed efficiently, it will provide for 
serious text entry after sufficient amount of traning. This needs to be thoroughly modeled, 
evaluated and tested.  
 
It should be noted that the layout for the physical keyboard will be available in addition to the 
softkeys in terms of menu hierarchy. Therefore, each user will be able to make the judgment 
regarding which keyboard---hard or soft to use and when.  

 

5.8 Working with PDA 

Most of what has been discussed in this proposal apples to mobile phones and PDAs. The 
research reported in many of the papers cited in this proposal was performed in the context of 
small electronic devices. Mobiles phones are extremely common all over the world at this time. 
There are 500 million mobile phones in India at this time for a population of 1.2 billion (The 
Economist, November 2009, special issue on mobile phones). We intend to carry out our research 
for mobile phones, especially smart phones.  

  

 

6.  Plan of Work  
A detailed plan for research and development work to be carried out is given below in tabular for. 
We intend to work with at leaset 3 languages with 3 different scripts.  

Task  Year 1, first 
6 months  

Year 1, 
second 6 
months  

Year 2, first 
6 months  

Year 2, 
second 
6months  

Year 3, first 
6 months  

Year 3, 
second 6 
months  

Develop and 
refine 
performance 

x  x  x x 
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prediciton 
models 

Create 
Corpora  x  x x x 

 

 
 
 

Optimization 
models 

  x x x  

Text 
prediction 
models 

 x x x   

First 
language  x  x  x  x  x  x  

Second 
language    x x x x 

Third 
language     x  x  x  

Develop and 
model 
hybrid 
schemes 

 

 
x  x  x  x  x  

Development 
with PDA  

 

 
  x  x  x  

 

 

7. Results from Prior NSF Support 

7.1 NSF CSEM Scholarship Grant, 2004-2008. The purpose of the $395,920 grant is to foster the 
development of well-qualified manpower in the CSEM fields keeping in mind that the workforce 
of the future will be diverse and adaptive. On an average 40 students have been awarded $2250 
scholarships per year. The graduation plus retention rate for CSEMS scholars has been in the mid 
to high 90%. 

7.2 NSF Engineering Scholarships Grant, $500,000, September 2006 through August 2011. 
Thirty-six academically qualified but financially needy students will be given scholarships to 
pursue studies in Engineering and Computer Science starting the fall of 2007. The scholarship 
amounts are 2 scholarships each worth $7,500; 4 scholarships each worth $5,000; and 30 
scholarships each worth $2,500. The retention plus graduation rate is extremely high. The 
average GPA for scholarship recipients is 3.4. 

7.3 NSF REU Grant: REU (Research Experience for Undergraduates) Site for Artificial 
Intelligence, Natural Language Processing and Information Retrieval, $320,510 (with Dr. 
Terrance Boult, Computer Science, UCCS), July 2009 through August 2011. The grant was 
received in late June-early July 2009. We have obtained permission from NSF to hire interns in 
the summer who will continue part-time in the Fall and beyond. We have already hired three 
interns and are in the process of hiring more. One intern who is a Linguistics major with 
Computer Science minor at UC-Boulder has started working on developing a database-supported 
cyber-infrastructure for linguistic processing.  We will hire 8 interns altogether. For the second 
and third years of the grant, we will hire full-time interns for ten weeks in the summer.   


