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Abstract

The emergence of the pen as the main interface device

for personal digital assistants and pen-computers has made

handwritten text, and more generally ink, a first-class object.

As for any other type of data, the need of retrieval is a

prevailing one. Retrieval of handwritten text is more difficult

than that of conventional dat a since it is necessary to identify

a handwritten word given slightly different variations in

its shape. The current way of addressing this is by using

handwriting recognition, which is prone to errors and limits

the expressiveness of ink. Alternatively, one can retrieve

from the database handwritten words that are similar to

a query handwritten word using techniques borrowed from

pattern and speech recognition. In particular, Hidden

Markov Models (HMM) can be used as representatives of

the handwritten words in the database. However, using

HMM techniques to match the input against every item

in the database (sequential searching) is unacceptably slow

and does not scale up for large ink databases. In this

paper, an indexing technique based on HMMs is proposed.

The new index is a variation of the trie data structure

that uses HMMs and a new search algorithm to provide

approximate matching, Each node in the tree contains

handwritten letters, where each letter is represented by an

HMM. Branching in the trie is based on the ranking of

matches given by the HMMs. The new search algorithm

is parametrized so that it provides means for controlling

the matching quality of the search process via a time-

based budget. The index dramatically improves the search

time in a database of handwritten words. Due to the

variety of platforms for which this work is aimed, ranging

from personal digital assistants to desktop computers, we

implemented both main-memory and disk-based systems.

The implementations are reported in thk paper, along

with performance results that show the practicality of the

technique under a variety of conditions.

1 Introduction

In the last few years a number of pen computers have

been released or announced (such as the Apple Newton,

EO and NCR). These devices range from personal

digital assistants (PDAs), intended to keep personal

data such as schedules, notes, address books and so
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on, to full-scale computers with pens instead of (or in

addition to) keyboards. They come equipped with large

pen-based tablets or small writeable screens and provide

the ability to perform functions such as note taking,

browsing and mark-up of electronic documents. For

PDAs, given the size limitations imposed by the need

for portability, pens are the most natural (and some

times the only) way to input data. Market research

studies estimate there are 48 Million potential users of

PDAs as a mobile office tool and 80 Million potential

users of PDAs as a personal communications and data

organization tool [11].

As in any other type of computer, users need to search

for data that was previously input, When the data has

been handwritten, the problem becomes more difficult

than in conventional situations. The current way of

addressing this is by using handwriting recognition, i.e.,

a procedure for converting pen strokes into strings of
ASCII characters (or any other fixed character set).

Once converted into ASCII, strings can be manipulated

and searched in conventional ways. The problem is that

handwriting recognition is prone to errors. Many critics

point out that handwriting recognition does not meet

the need of users. In fact, it is widely believed that this

shortcoming is one of the main causes why the sales of

PDAs have fallen short of the expected figures.

Many systems (such as the PenPoint operating

system [6] ) force the user to write each character in a

separate fixed-size box. This is clearly a very unnatural

interface to a computer. Some systems (like the

Newton [20] ) add word recognition on top of character

recognition. Unfortunately, the software is not highly

accurate and must deal with the fact that many words

that people write are not in the system’s dictionary.

Notice also that these systems are highly dependent on

the user’s language and alphabet.

Moreover, even if handwriting recognition became

highly accurate, it is clear that it provides a mapping

from a highly expressive medium such as ink to a

constrained medium, such as ASCII strings. There are
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no ASCII parallels to diagrams, drawings and many

special symbols that the user can write.

In [13, 14], the authors introduce the notions of

pictograms and approximate ink matching (AIM) as an

alternative to handwriting recognition. Pictograms are

simply handwritten pictures, while AIM is the technique

that evaluates how well two pictograms match. By using

pattern recognition techniques, AIM can take an input

pictogram and evaluate how well it matches each one

of the previously stored pictograms. Obviously, AIM

eliminates the problems of expressiveness, language and

alphabet dependency and inaccuracy of handwriting

recognition. The procedure simply focuses in finding

a pictogram that resembles the input, without trying to

‘<understand” or translate its meaning. AIM algorithms

with high matching accuracy have been developed.

The problem with the AIM technique is that it could

be computationally expensive. Without any other tool,

we are forced to do sequential searching on the entire

pictogram repository. As the size of the pictogram

repository grows, this process becomes painfully slow

and impractical.

For instance, in [14] Lopresti and Tomkins report an

experiment that uses Hidden Markov Models (HMM)

[16] to represent pictograms. Following the AIM

approach! each pictogram in the database is modeled

by an HMM. The HMM is constructed so it accepts

the specific pictogram with high probability (relative to

other pictograms in the database). Given a pictogram,

an HMM can be executed against it, rendering an

output probability (an estimation of how likely it is that

this HMM “models” the picogram). In order to match

a give input pictogram, each HMM in the database is

executed against it. The system selects the one that

generates the output with the highest probability. They

report that this approach is extremely slow. A database

of 100 pictograms takes 16 seconds to be searched on a

68040-based NeXT.

The key to make these ideas scale is to build

indices that allow the system to prune out some of

the pictograms and select a subset of them that are

likely candidates for a good matching with the input

pictogram. In this way, we can make AIM scale to

repositories that contain large number of pictograms.

In this paper, we describe the implementation of one

such index, which we term the handwritten trie. This

data structure is based on the trie structure ([8]), but

incorporates HMMs actively in each level of the tree.

The handwritten trie provides approximate matching by

using the HMMs and a new search algorithm to decide

how the branching is done.

We envision two ways in which indexing techniques

can benefit PDAs. First, even though data repositories

in PDAs are likely to remain small due to the space re-

strictions dictated by the PDA size, sequential searches

can be prohibitively expensive in terms of energy uti-

lization. Indices will speed up the process thereby re-

quiring less energy consumption. Secondly, as the need

to access larger repositories arises, PDAs will be used

as input/output devices that send queries to servers and

receive the answers. Again, the natural way to express

the queries will be handwriting. The query will con-

sist of a set of pen strokes (a pictogram) that will be

sent to the server to be matched against a large pic-

togram repository. Of course, many other pen-based

applications that do not involve PDAs can benefit from

our techniques, With these applications in mind, we

study the performance of a main-memory handwritten

trie (for data repositories in PDAs) and that of a disk-

based handwritten trie (for large server repositories).

This paper is organized as follows. In Section 2

we study the representation of ink and the matching

algorithms. In Section 3 we present the description

of the handwritten trie and the search algorithm,

and describe briefly the main-memory and disk-based

implementations of the trie. In Section 4 we present

experimental results for both implementations of the

trie. Finally Section 5 summarizes the work and shows

future avenues of research.

2 Ink representation

Given a pictogram, whether it is an item to be inserted

into the database, or a query that is used for retrieval

from the database, we need to transform it to a more

robust form before passing it to the database system

for further processing. (The original representation of

the pictogram, which comes in terms of a series of z, y

coordinates is too vulnerable to slight changes. This

makes it innapropiate for matching.)

Traditional databases use an alphanumeric represen-

tation of the data. This representation is ideally unique,

precise and stable. Ink data lacks these qualities, mak-

ing its matching a difficult problem. The data is often

corrupted with noise. Even ideal ink does not provide

an adequate basis for sequence identification, because we

want to be able to identify a pictogram given slightly

different variations in its shape. You cannot find two

people that write the same word in the same way. Even

for the same person, it is very difficult to generate ez-

actly the same pictogram twice (it will almost always

be the case that the stroke information varies each time

the person writes the same word).

The first issue that needs to be settled is the selection

of the granularity that is to be represented in the

database. In Figure 1, we show a pictogram and its

segmentation into pen strokes and handwritten symbols.

We can choose to represent pictograms by any of the

three granules presented in the figure, i.e., as one
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(a) (b)

::: :: !:

(c)

Figure 1: Example illustrating the segmentation of the

pictogram in (a) into (b) strokes, (c) alphabet symbols.

&cl &x&
8

Figure 3: A list of pictograms, all representing

concept “gold”.

(a) (b)

Figure 2: An example of (a) a handprinted word,

cursive handwritten word.

(b) a

entity containing the entire pictogram (Figure la), as

a sequence of pen strokes (Figure lb), or as a sequence

of alphabet symbols (Figure lc). Of course, in order

to select, for instance, the symbols as granules, we

have to have a segmentation algorithm that properly

separates the symbols. For instance, for strokes, a

simple segmentation algorithm picks local minimum (or

maximum) points and uses them to segment the curve.

Segmentation could be a difficult task for some types

of pictograms, such as cursive handwritten words (see

Figure 2b), or a simpler task as in handprinted words

(see Figure 2a). Some languages, like Japanese, lend

themselves easily to symbol segmentation. In Japanese,

Kanji symbols are already separated by blank spaces,

The choice of granularity has an impact on the type of

indices we build.

The second issue is that, for matching purposes, it

is better to talk about pictogram (symbols, strokes)

classes instead of individual pictograms. A pictogram

class is the set of pictograms that have the same

semantics, according to the user. Figure 3 shows a

(non-exhaustive) list of pictograms that represent the

concept “gold.” Of course, it would be impractical to

store a pictogram class by storing the list of pictograms

that belong to it. Alternatively, we have to choose

a representative of the class and a distance metric.

the

Inputs are matched against the representative (after

the necessary preprocessing) and the distance metric

is used to rank the matches. The representative is

not a pictogram, but rather a model that captures the

essential qualities of the class.

To build the representative model one needs to use

features of the pictograms that belong to the class.

Features can be of two types.

● Local Features: One way of representing ink is

to pick some sample points from the pictogram

(or symbol, or stroke) and compute some local

features. By local, we mean that the computed

features depend on a sample point and possibly the

one (or two) surrounding points from each side. It

is important to mention that, depending on the

application, some of these features may be more

relevant than others, and hence not all of them need

be computed at a given point in the sequence.

Common features are: direction, velocity, change

in direction, change in velocity, accumulative angle

(with respect to the initial point), accumulative

length and angle of bounding box diagonal (also

with respect to the initial point), and accumulative

sequence length.

The input format of our pictogram is an array s of

P time-stamped sample points:

% = (XP$YP, L), o <P< P (1)

More feature definitions as well as ways of computing

them can be found in [18].
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After computing the local features, the pictogram

can be represented by a sequence of feature vectors

(v~,t~), (lJ2,t2),...The dimensionality of the vi corre-

sponds to the number of local features at each point,

Global Features: Global features are characteristics

of the entire pictogram. Among them are: the

bounding box coordinates, the total angle traversed

by the pictogram (measured by the angle from the

beginning point to the endpoint), and length of the

bounding box diagonal.

After computing global features, the pictogram can

be represented by a vector of global feature values.

Having collected a set of features for the pictograms

(symbol;or strokes), we can proceed to model the-class.

We show here how to build two representative models.

The choice of model also has an impact on the index

technique that we use,

2.1 Hidden Markov Models

HMMs are already used in the field of speech and hand-

written recognition as a powerful tool for speech and

handwritten document matching. (e.g., see [14, 13, 9}

15, 17, 19]). Each pictogram in the database can be

modeled by an HMM. The HMM is constructed so that

it accepts the specific pictogram with high probability

(relative to the other pictograms in the database). In

order to recognize a given input pictogram, we execute

each HMM in the database and select the one that gen-

erates the input sequence with the highest probability,

Since each HMM in the underlying sequence database

has to be tested, this results in a linear process where

the speed of execution is the primary difficulty.

An HMM is a doubly stochastic process, where there

is a probability distribution that governs the transitions

between states and an output probability distribution

that identifies the distribution of output symbols for

each state. An excellent coverage of HMMs can be found

in [17].

We use one type of HMM structures, termed left-to-

~ight Hlfikf [4] (e.g., see Figure 4b). The left-to-right

type of HMMs is useful for modeling temporal signals

as in sound (e.g., see [17]) and cursive handwritten text

(e.g., see [14]) because the underlying state sequence

associated with the model has the property that, as

time increases, the state index increases (or stays the

same) — that is, the system states proceed from left to

right.

A left-to-right HMM can be constructed to model a

handwritten word or an alphabet symbol. The HMM is

constructed so that it accepts the word (or the symbol)

with high probability (relative to the other words in the

(a)

(b)

(c)

Figure 4: Several examples of HMMs: (a) the ergodic

model with three states, (b) a left-to-right model with

four states, and (c) a parallel path left-to-right model

with six states.

database). 1 The probability y given by the HMM is the

distance metric used for ranking purposes.

Given an HMM that models a word (or symbol), we

can run an input symbol against it and obtain as an

output a matching probability, Given a set of stored

words (or symbols), one can match an input word

(or symbol) by running each one of the corresponding

HMMs against the input and choosing those with the

best matching probability. In fact, we can keep the size

of the answer set as a parameter and choose the k best

matches.

2.2 Indexing Ink

As we shall see shortly, sequential searching does not

scale well. The process becomes unnaceptably slow as

the number of items stored grows. Therefore, indexing

techniques that help pruning the choices are extremely

helpful. However, indexing techniques for handwritten

pictograms must exhibit two characteristics that makes

them different from traditional indexing techniques:

● The structures must incorporate the underlying

model that is chosen to represent ink. The model

must play an active part of the index.

● Due to the Klgh variability of the ink data, the

indices must provide approximate matching.

This paper describes one such technique, termed by

us the handwritten trie, which exhibit both of the

characteristics stated above.

As we mentioned before, the choice of granularity

and representative model dictates the type of index

that we build. For instance, we can choose to model

1we may be ~ble to apply traiting techniques in the case where

multiple inst antes of the word are available (e.g., a word can be

handwritten multiple times, resulting in more than one sample).

These samples can be used to train the HMM so that it can match

similar words with higher probabilities. The interested reader is

referred to [3, 12] for a more detailed discussion.
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entire pictograms with HMMs and build indices that

use the HMM characteristics to guide the search (we

call such an index the HMM-tree [2]). Alternative y, we

can choose to deal with alphabet symbols for granularity

and represent the symbol classes by using HMMs. The

handwritten trie, which will be described in the next

section, uses the second approach.

3 The handwritten trie

The trie structure [8] is an iW-ary tree, whose nodes have

M entries each, and each entry corresponds to a digit

or a character of the alphabet. Searching for a word in

the trie is simple. We start at the root and look up the

first letter in the word, and we follow the pointer next

to the letter and look up the second letter in the word

in the same way (see [10] for a detailed description).

The handwritten trie is an extension of the trie data

structure. It differs from it, however in two important

ways:

● Each letter in the trie is handwritten and modeled

by an HMM.

● The search algorithm (which we will explain in detail

shortly) starts at the root and descends the tree

using the ranking provided by the HMMs found at

every level of the tree.

These two characteristics follow the guidelines stated in

Section 2 for ink indices.

More concretely, we are given as input to the index,

a handwritten cursive word w that is composed of a

sequence of letters u1a2. . . ~, where n is the number of

characters in w. In order to search for a handwritten

word in the trie we need to match the letters of w with

the letters in the trie. We start at the root and descend

the tree so that the path that we follow depends on

the ranking of matches between the letter oi of w and

the letters at level i of the trie. Each handwritten

letter in our alphabet is modeled by an HMM. The

HMM is constructed so that it accepts the specific letter

with Klgh probability (relative to the other letters in

the alphabet). In order to match a given input letter,

we can execute each of our alphabet HMMs and rank

them aecorcHng to their output probabilities. (As we

shall see shortly, it is not necessary to run all the

alphabet HMMs at every level,) Due to the difficulty

in matching perfectly the incHvidual letters in w with

the letters in the trie (since it is nearly impossible to

handwrite a word twice in exactly the same way), it

would be erroneous to just follow the path indicated by

the best match. A more elaborate method to traverse

the trie is needed (and explained shortly). An example

handwritten trie is given in Figure 5.

Figure 5: An example of a handwritten trie.

In order to reduce the memory space of the trie

structure, we do not store all the M symbols in each

node of the trie. We only store the letter combinations

that correspond to words that exist in our database.

This technique was also described in [7] based on the

observation that the full trie tends to be sparse. This

amounts to replacing the trie by a forest of trees.

Several advantages emerge from using a trie.

1.

2.

Using the trie serves as a way of pruning the search

space since the search is limited only to those

branches that exist in the trie.

Using the trie also helps add some semantic knowl-

edge of the possible words to look for.

In order for the handwritten trie to function properly,

the segmentation issue has to be addressed. If the input

handwritten word is cursive (see Figure 2b), characters

in the word has to be segmented so that each character

can be used to match the correspondhg character in

one of the trie nodes. The extra strokes that are used

to connect the letters in cursive writing have to be

treated in such a way that they do not interfere with

the matching process. If the input is handprinted (see

Figure 2a), segmenting the pictogram is a simpler task.

For instance, we can meixmre the z coordinate of the

first point of each stroke. Then, by computing the

difference between coordinates of consecutive strokes

and comparing it to a threshold, we can determine that

a new character has begun.

In this paper, we will not address these issues any

further and will assume that the words are segmented

into alphabet symbols.

3.1 The search algorithm

In principle, to t~averse the trie using an input word,

we should use each symbol in the word to decide

what is the next node we need to vtilt. However,

since at each level the decision involves running HMMs

that represent symbols and analyzing the probabHities

that they output, the search algorithm is far from

straightforward. If the algorithm just takes the best

probability at each level and follows the corresponding

path, it is possible to eliminate words that maybe very

close to the input (and in fact, they might be globally,
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the best matches). On the other extreme, traversing all

the paths would certainly guarantee that all words are

considered and that the best global match is selected.

However, this would be as bad as sequential searching.

In this section, we present an algorithm for searching

the trie, termed the limited-budget search algorithm.

The algorithm approximates the answer while having

good performance. This approximation proves to be

extremely good in practice, as our results will show in

the next section.

Assume that we are given an input handwritten

word w that is segmented into a sequence of alphabet

symbols al, az, “.” 1~ (e. g.) see Figure 2 where the word

“bagels” is segmented into 6 alphabet symbols, i .e,,

n = 6). Assume further that we have an HMM for

each symbol in the alphabet set A. Let the number of

symbols in A be ~A. Therefore, we have ~A HMMs

H1, H2,..., HNA. We are also given a running-time

budget which is expressed in terms of the maximum

number of HMMs that we can execute during the search.

Instead of executing all the HMMs Iil, lf2,. . . . HNA

for each letter of the input word, we limit ourselves to

running the HMMs that correspond to letters that exist

in the trie. The algorithm maintains the following data

structures: the array lflflf.tried[l . . on, 10, , NA], the

integer variable HJIM.Budgei, and the list best. matches.

For each letter ai in the input word,

~~.kf~ried[i, 1.. +~A]

contains the HMMs that have been tried or executed

(zero means not executed, and a non-zero value means

ezecuted) with ~ as input, and if executed, a non-

zero value is stored which indicates the probability of

accepting a; by the corresponding HMM. For example,

HklM-tried[l, “c’~ = 0.3 means that the HMM

corresponding to the letter ‘c” accepts the first letter

of the input word (i.e., al) with probability 0.3,

and HAflf_tried[l, “d”] = O means that the HMM

corresponding to the letter “d” was not executed with

al as input.

Each time the entire input word is matched by a word

in the trie, the matched word as well as its matching

probability are stored in the sorted list best-matches.

The size or number of words that can be kept in

best_matches at a given time can be limited by a
constant, say k. By the end of the searching process,

the k words in best-matches can be reported as the best

k matches that are found so far.

The integer variable HAfM-Budget is initialized by

the maximum number of HMM executions that are

permitted during the search. Each time a node of

the trie is visited and some HMMs are executed,

HllIM-Budget gets decreased by the number of HMMs

that are executed. The algorithm is forced to a halt the

searching process once HMM_Budget reaches zero. In

this case, the words that are stored in best_matches are

reported as the final answer to the search.

The search starts at the root r of the trie, where

all the HMMs that correspond to the letters in r are

executed with the letter al as input. The result-

ing probabilities of accepting al are stored in array

HAfM-tried[l, 1 . . . NA], and are sorted based on the

probability with which they accept al. We store the

best 1 HMMs (i.e., the ones that accept al with highest

probabilities) in a stack, and visit the best 1 children of

r in the order of their acceptance probability. Notice

that when there are less than 1 entries in r, we store all

of the children in the stack. For example, the child of r

that corresponds to the highest matching probability is

visited first. The above procedure is repeated by match-

ing the second letter of the input word, i.e., a2 with the

HMMs that correspond to the alphabet symbols that

are stored in the visited child node. HMM.Budget is

decremented each time an HMM is executed. If a leaf

node is reached without having all the symbols in the

input word being processed, this implies that the input

word has more symbols than the word stored at this leaf

node and hence we exclude this word.

Analogously, if all the symbols of the input word are

processed and we have not reached a leaf node, then

this implies that the input word has fewer symbols than

the words stored along this path of the trie, and hence

we exclude the path as well. When a leaf node of the

trie is reached and at the same time all the symbols

of the input word are processed, the word stored at

the leaf node is further tested in order to decide if it

is among the best k matches found so far. This is

achieved by comparing the word’s matching probability

with the matching probabilities of the words currently

stored in best-matches. If the new word has a matching

probability that is greater than any of the words already

existing in best-matches (or if the number of words in

best-matches is less than k), then the word is added into

best_matches along with its matching probability, This

may result in excluding the word in best_matches that

have the lowest matching probability. This happens

when the number of words in best-matches is equal

to k words. The matching probability of a word is

computed as the product of all the probability values

of the HMMs that lie in the path from the root of

the trie to the leaf node. As long as HMM-Budget

still permits for more searches to take place, alternative

paths are visited by considering the second, through lth

best HMM matches at each node in the trie path and

then traversing alternative routes in the trie. In this

case, the array HMM-tried is consulted before executing

any HMMs since there is a chance that a particular

HMM haa been executed before given the same input

symbol. In this regard, HMM-.tried helps avoid the
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redundant execution of the HMMs. A more detailed

listing of the algorithm is given below.

1.

2.

3.

4.

5.

let input word win be al,. , ,, ~, and maximum

allowable budget be Maz.Budget.

start at the root r of the trie

store r into a STACK.

initialize budget:

budget i- Maz-Budget

Loop until budget is exhausted or no more nodes in

STACK

while budget >0 and STACK not empty do

(a) node t + top element of STACK

(b) if’ ,.,. . . . . . ,.,,

i.

ii,

. . .
111.

iv.

t has no children (i.e., 1s a lest node), then

Wi + word associated with leaf node t

if input word still has more unmatched charac-

ters (i.e., n > depth(t) or even length(wt) #

length(win)) then discard Wt

otherwise, compute P(wt ), the entire probalil-

it y of matching Wt. This is the product of all

the probabilities of the HMM letter matchings

in the path from r to t.

if number of words in be.d.matches < k or

if P(wt) is higher than any of the words

in beat-matches, insert wt into best-matches.

This may result in excluding the word in

best-matches that have the lowest matching

probability.

(c) expand node t (tis a non-leaf node):

if all symbols of ~in are consumed, then skip t,

else

i,

ii.

. . .
111.

iv.

v,

~ t next symbol in win

avoid executing the same HMMs again for ~:

execute all HMMs that correspond to the

alphabet symbols of children in t that are not

in ~kf~-i!?’ied[i, 10$. ~A]

decrease budget:

budget + budget–number of executed HMMs

store probabilities of accepting ~ in array

HMM_tried[i, 1,, slVA]

store the J-best HMMs in STACK:
sort the proba~llities with which the HMMs

accept ~ and store the best 1 HMMs (i.e., the

ones that accept ai with highest probabilities)

in STACK.

3.2 Implementation issues

The hardware of our system is composed of the

following components: a NeXT 68040 with 32 Megs of

main-memory and a pen-based tablet. The software

is composed of a graphical user interface to handle

both the pen-based tablet and graphical displays,

a home-coded package for handling hidden Markov

Models (constructing, training, and matching software),

buffering software, and two implementations of the trie:

the main-memory and the disk-based versions.

We omit the details of the implementations here for

lack of space. They can be found in [1].

The storage requirements for the main memory

implementation are 13iV where IV is the number of

nodes in the trie. Each node is structured as having

four fields: the alphabet symbol that corresponds to

the node, a pointer to its parent, a pointer to its lefmost

child, and a pointer to its sibling.

The node structure for the disk-based implementation

is a bit more elaborated. Since we pack nodes in

pages, we have to worry about a node shifting inside

a page and invalidating the pointers from the parents

to the shifted nodes. To avoid this, we partition the

node structure into two parts. A fixed-size portion

contains the alphabet symbol of the node, a pointer to

its parent, the number of children, and an offset to the

location of the variable-size portion. The variable-size

portion contains the alphabet symbol of each child, and

a pointer to each of the children. Both parts of the

node are stored in the same page so as to avoid extra

1/0. However, the fixed-size portion of all the nodes in

a given page are stored as a heap at the beginning of the

page and grow forward, while the variable-size portions

of all the nodes in the same page are stored as a heap

at the end of the page and grow backwards. The total

size of the trie can be computed as being 17N.

4 Experiments and Performance

Results

We have implemented both main memory and disk-

based versions of our trie. In this section, we report

the performance and space measurements for these

implementations. These measurements are taken in a

40 MHz NeXT Workstation.

4.1 Main memory implementation

We built a main memory version of the trie for an

alphabet size of 26 symbols. Figure 6 shows how the

trie grows with the number of words in the database.

Table 1 shows the total space requirements for the

first database size (17,903 items) in Figure 6. (The

number of items was selected to fit in exactly one

megabyte of memory. )
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Figure 6: The space requirements of

implementation of the handwritten

crease in the number of words in the

the main-memory

trie with the in-

databaae.

I code size I 150.000 I
number of words 17,903

size of a symbol pi.ctograto 100

index size 375,963

size of alphabet pictogrems 2,600

size of one HH15 20.000

total size of IIIOk I 520.000

t total space requirements 1,048,563

Table 1: Space requirements for the main-memory

implementation (using 1 megabyte as a base),

The size of a symbol pictogram row refers to the space

taken to store a pictogram that represents a symbol

of the alphabet. We choose to store a representative

of each symbol to avoid storing handwritten words

altogether. In that way, after the search, we can show

the user the word(s) found by the search by putting

together the pictograms of the symbols encountered

in traversing the trie. Doing this saves a significant

amount of space. (This is an additional benefit of the

trie structure). The size of HMM refers to the number

of bytes needed to store the HMM model for each of

the alphabet symbols. The total space requirements for

almost 18,000 words (including the executable modules

of the code) is about 1 Mbyte. Thus, our technique is

extremely practical from a space utilization standpoint.

In order to measure the matching rate of our search al-

gorithm we conducted the following experiment. First,

we chose 80 words at random from the dictionary of

words that are stored in the trie. Then, we handwrite

the words, and considered them as our query words to

drive the search algorithm. For each handwritten query

word, we found the best matching word in the trie using

the search algorithm given in Section 3.1. Finally, we

count the number of properly matched query words over
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Figure 7: The matching rate for various

database sizes. The x-axis corresponds to

SECution Tm (=)

handwritten

a tuning pa-

rameter of the search algorithm (main-memory imple-

mentation).

the set of 80 query words. The matching rate was mea-

sured aa the percentage of queries for which the query

word is matched with the correct word in the database,

i.e., when the search procedure ranks the correct word

that matches the input word at the top of the best-

matches word list (i.e., the l-best selection). Notice

that, since in this database there is only one ‘correct”

answer to each query, this definition of matching corre-

sponds to the more traditional definition of recall. We

repeated this experiment for various sizes of the under-

lying handwritten database, Figure 7 gives the result

of our experiment. The figure gives the matching rate

(y-axis) for different sizes of the underlying handwritten

databaae. The z-axis corresponds to the time spent in

the search. The Figure shows that the overall matching

rate is around 9070, This value can always be reached for

the various sizes of handwritten database by increasing

the budget (and therefore the execution time), as shown

in the figure.

Figure 8 compares the matching time when using our

indexing technique versus using a sequential matching

algorithm. As expected, the search time of the

sequential matching algorithm grows linearly with the

size of the database. On the other hand, the search time

of our indexing technique tends to grow logarithmically

(slow growth) in the size of the database. The search
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Figure 8: A comparison between the matching time us-

ing our indexing technique (main-memory implementa-

tion) versus using a sequential algorithm. The z-axis

corresponds to various database sizes.

time using the index is around one second for 150 items.

4.2 Disk-based implementation

For the disk-based implementation, we built our database

of words from an online dictionary that contains over

150,000 words, In order to avoid handwriting all the

words, we insert the ASCII version of the words into the

trie. This also guarantees that words are inserted prop-

erly, i.e., without any errors at insertion time. Notice,

however, that we are not matching handwritten text

with ASCII, but with the corresponding HMMs for each

character. We still entered handwritten pictograms for

each alphabet symbol, trained the corresponding HMMs

and made the connection between ASCII characters and

the HMMs. In other words, we use as symbol names the

26 ASCII characters that represent lower case reman

characters.

The input query words are all handwritten. We cate-

gorize the input words into the following four groups,

based on the length of the handwritten words: long

(more than seven characters), medium (between four

and seven characters), short (less than four characters),

and mixed (a mix of long, medium, and short words).

We implemented the disk-based handwritten trie and

the search algorithm as described in sections ?? and

3 respectively. We also implemented a page buffer

management system. It uses a least-recently used

(LRU) replacement policy. Unless mentioned otherwise,

in the following experiments we pre-allocate a buffer

pool of 1000 pages, where each page is of size lK bytes,

i.e., a total of 1 megabyte of buffer space and use no

clustering (nodes are allocated by order of insertion).
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Figure 9: The space requirements of the handwritten

trie with the increase in the number of words in the

database (disk-based implementation).

In addition, we vary the page size as well as the number

of pages in the buffer and study their effect on the search

time performance.

Figure 9 illustrates how the disk-based trie grows with

the increase in the number of words in the database.

The size of the trie is expressed in terms of the total

number of bytes.

In order to measure the matching rate of our search

algorithm we perform the same experiment described

in Section 4.1. We maintain a buffer pool of size

1 megabytes, as explained earlier in this section.

Figure 10 shows the matching rate for a query set of

mixed lengths when the budget is expressed in terms

of the total search time allowed for the limited-budget

search algorithm. The z-axis reflects the search time (in

seconds). The y-axis shows the matching rate.

From the figure, we observe that as the number

of words in the database increase, the matching rate

decreases, This is because it is harder to rank the

correct word from among the database words to appear

at the top of the best-matches list as the database size

increases.

During our experiments, we observed that the number

of letters of the query word (i.e., its length) has an

effect on the matching rate of our search algorithm. In

order to test this hypothesis, we constructed four sets

of handwritten query words: short ~ medium, long, and

mixed, where each set contains a group of handwritten

words of a given range of word lengths (uhort means

words with length s 3, medium means words with 3<
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Figure 10: The matching rate vs. search time using the

limited-budget search algorithm

length <7, long means words with length >7. The size

of each data set is 80 words. Table 2 shows the effect

of word size in the matching rate. The entries on the

table are pairs (b, r), where b is the HMM budget value

for which the matching rate peaks at a value r (i.e.,

for budgets bigger than b, the matching rate remains

at r). As we can see, long words reach higher points

(100%) than short or medium words. (In general, the

matching rate of long words is higher than that of the

shorter words. ) This is because for longer words we

have more information that enables us to narrow the

search significantly. Also, since the trie is much denser

at the levels close to the root, long words tend to use

the characters towards the end of the word to produce

a better matching. On the other hand, short words

are more likely to be mismatched because of the high

density of the top levels of the trie. Nevertheless, on the

average, we are able to achieve around 80~0 matching

rate for the mixed set of query words in the case of the

150,000 words database, which is very promising. For

each database size, the matching rate peaks and does

not improve any further, even with the availability of

more budget. This is because for the given query word,

the subtrees in the trie that are likely to contain the

word are already explored, and hence additional budget

will not help.

Figure 11 shows the results when we change our

ranking method to report the k-best items instead of

just reporting the best match. This is practical since

more than a relatively small number of answers (in

this case k answers) can easily be reported to the

user in a small display device. (Or if this is not

possible, the k items can be matched against the input

sequentially to select which one of them is the best

match. We could use for this comparison HMMs or

other matching techniques. ) From the figure, we can see

that by considering the k-best matches, the matching

Database Size 1 Short Uords Uedium Words I Long Words

~ 2:3 ii ‘i !! i: Ii!

Table 2: The matching rate saturation points for different

word and database sizes.

M,,IIIw Rue@ercenw.)

I I I I - LOW words
Iim,w shortwind,

./ . . . . . . . . . . . . .
98,Ou ..; . Mixd Words

./” Medufn Word,
96.W .

l“ 1
,,,................

9400

92.00
/“’” ,..’’’’’”

90.00
./. .. . . . . . . . . .

,,.,

88.00 ./” ,.”
,/,

86,MI
..,’

,, . . . . . ../[ . . . . ...” . . . . . . ..- ----------- .

84.04 ,,
,,,

/

,’
S1.cl? ,’

,“ ,,,
MM ,“ hi.-------->”

78.00 ,,:1’

76.W ,’ i
/’ f

t
74.03

71.03 / ~

““~ ,
1.W 4,00 6.00 8,00

Figure 11: The matching rate of k-best matching with

varying k for different input word lengths.

rate enhances significantly.

Figure 12 shows the search time aa the database

size increases for query sets with various word size

combinations. For this experiment, we pre-allocate

a buffer pool of 1000 pages, where each page is of

size lK bytes, i.e., a total of 1 megabyte of buffer

space (the effect of changing the buffer pool size

is studied below). In each case, the budget was

adjusted (using information from previous experiments)

so that the maximum possible matching rate is achieved

(these matching rates are listed in the map legend

of Figure 12). Notice that the response time is very

reasonable for an interactive online query environment.

Notice that for longer words, the search algorithm takes

more time to perform the matching because there are

more letters to match in this caae. Notice also that

the search time increases almost logarithmically (and

not linearly) aa the size of database increases. This

demonstrates the usefulness of the index.
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Figure 12: The search time vs. database size using the

limited budget search algorithm for various query sets.

Figure 13 shows the effect on the number of disk reads

when varying the number of buffer pages from 1 to 10

megabytes for a database size of 150,000 items, Notice

that the total size of the trie index is 9.8 megabytes

(Figure 9). In order to conduct these experiments,

we warm-up the buffer pool by issuing many queries

to reduce the transient effect. Notice that the number

of disk reads reduces as the number of buffer pages

increases since more pages that are common among

successive queries can now be kept in the additional

buffer space. Also, notice that the number of disk reads

tends to level as the size of the buffer pool exceeds 7

megabytes since the portion of the trie that corresponds

to the words of the input queries is loaded entirely into

the buffer pool and hence any additional buffer pages

that are allocated are not utilized and hence they do

not enhance the performance. The behavior of the

average search time as the number of pages in the buffer

increases was found to be similar to that of the disk

reads [1].

5 Concluding Remarks

We have studied in this paper the implementation

of the handwritten trie, a tool to index handwritten

words. The results show conclusively that the usage of

the index improves the search times considerably. In

both, the main-memory and disk-based implementation

of the trie, the search times are very reasonable

for an interactive online query environment. The

matching rates obtained are also very good and can

be tuned up by showing the k best matches instead
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Figure 13: The average number of disk accesses required

during the trie search while varying the number of pages

in the buffer pool.

of only the best match. Space utilization is specially

important for main-memory databases: main-memory

implementations will be the likely choice for PDAs,

and these machines do not usually have large main

memories (main memory in current PDAs range from

half megabyte to two megabytes). Our technique allows

the implementation of an index for almost 18,000 words

in 1 megabyte of main memory. The space utilization

of the disk-based implementation is also very reasonable

(around a 65 bytes of index per stored word). We need

a total of 9.8 megabytes of index space for a database

of over 150,000 items. Although this amount of space

could even be found in the main memory of some

contemporary workstations, it certainly would have to

be allocated to disk in labtops and notebooks, where

pen-based technology is most likely to find its place.

We will experiment in the future with larger databases.

We can further reduce the storage overhead per node

by packing the subtrees that are linear chain of nodes

containing just one word at the leaf. The packing

is performed by clustering together all the alphabet

symbols that appear in the nodes of the chain. This idea

was also used by Knuth [10]. Experiments show that we

achieve a reduction of space by a factor of 4.5. The index

requirements for the disk-based implementation for a

database of 150,000 items decrease from 9.8 megabytes

to 2.1 megabytes. This packing would also reduce the

number of disk operations, thereby reducing the search

time. In the case of the main-memory, the database

index for 17,903 items would occupy around 80,000
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bytes instead of 375,000. (That means we can place

an index for many more items in the same amount of

memory.)

In [1], we also report the effect that different cluster-

ing techniques have on the performance of the trie. We

have found that with breadth-first mapping (i.e., per-

forming a breadth-first traversal of the trie, and cluster-

ing the nodes into disk pages as they are traversed), we

can achieve improvements of around 40’?10in the number

of 1/0’s performed during the search.

In addition to the handwritten trie, we are cur-

rently investigating other ways of indexing handwritten

text [5, 2]. Future research includes performance and

comparative studies among the various types of hand-

writing indexes.
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