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Coding and Comparison of DAG's as a
Novel Neural Structure with Applications
to On-Line Handwriting Recognition

Flong Lin and Sun-Yuan Kung, Fellow, IREL

Abstract—This paper applics directed acyclic graphs (DAG’S)
fo a large class of (temporal) pallern recognition problems and
other recognition problems where the data has a lincar or-
dering. The dala streaws are coded (BAG-coded) into DAG’s
for robust segmentation. The similarity of two streams can be
manifesied as the path matching score of the two corresponding
DAG?s. This paper also presents an cfficient and robust dynamic
progianmming algorithm for iheir comparisons (DAG-compare).
Since the DAG-coding methodology directly provides a robust
seomentation process, it can be applied recursively to create
a novel system architectore. The DAG structure also altows
adaptive restrucluring, leading to a novel approach Lo nevral
information processing. By using these elementary operations on
DA, we can recognize on average 94.0% (writer-dependesnt)
of the isolated handwrilten omrsive characters. DAG-coding may
also be applied o specch recognition or any other continuons
streams where o vobust muktipath segmentation aids the recog-
HEON Process.

I INTROIUJCTION

N SPHECH and writing, the information is transmitted in a
Esimplu formal; continuous streams, time-mndesed series of
real points Reconstruction of these ideas or even words [rom
the continuous stteam is a difficult problem since a continuons
stream has o obvious stiucture exeept (or ordenng Structme
is instrumental (o the recognition process

Conlinvous streams use ordering and focality o create
i rostructires within themselves  Macrostieetures are col-
lectives of focal and/or global elements within the continuous
strean that define the location of “breaks™ and consolhdale
sets of points info larger features. Tor instance, w Lig. 1, ¢
serics of points can represent a handwritten letier; these points
can also be coalesced into a setics of lines or loops 'through
the ordering of these larger features, we can distinguish
this constructed representation more seadily than the originak
continueus stream

Segmentation is an important slep in reeognizing these
larzer fealures: the process that identifies these TACLOSre-
tires  Derived from the location of the macrostrictures,
“hreaks™ are inscried into the strcam In the ditected acyclic
graph (DAG) representation, these breaks are represented
by nodes The information contained between Lwo “linkable”
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Bxample | Recognilion of lowercase g

Nomanrisanislandentireolitself

No man 15 an island entive of iisell.
Example 2: Sentence Hecognition

Flae 1 Two examples that use segnentation Loc casicr recognifion DAG s
support Tobust nse of segmentation lor recognition

nodes, i.c, breaks. to be explained momentarily, is represenied
by an edge

Although there arc many schemes for recognition problems
such as time-dependent neural nets (EDNN), hidden Markoy
models (HMM sy [11-]5], curve representalion technigues
[6]-110], and some lhat use scgmentation Lo some degrec
T[4}, our approach is fundamentally diflerent in its treat-
ment of segmentation Traditional segmentalion s a simple
ordered sel of breaks within (he continuous stream and,
morcover, Huks (cdres) exist only helween two conseculive
breaks (nodes) These constrainls lead fo what we tenn a
single-path DAG [ contrast, we believe that a multipath
segmentation 13 vital for a robust recogrition

To sopport multipath scgmentation, we express the seg-
mented steeam as o mulripath DAG (sce Tig 2) DAGTs
compactly encode ordering inlormation and ambiguity IDAG™s
also allow for a computationally cfficient dynamic progeam-
ming algorithm for robust comparison ol these processed
streams. By converting he continuons stream 0 a DAG, we
also realize the adaptability of our data structure through graph
rransformations

The coding of data streams s DAG™s and the algorithm o
compare DAG’s present a high-qualily solution to the problem
of cunsive handwriting recogrition al the character fevel. We
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{cd)
Tig 2 (o) DAG structure for (b) a cursive lowercase Goand (&) a stream of
leltevs, () sepmented at loop and cusp poiats and at recopnizable word breaks,
respectively Macrostructuees i 1he enrsive letier are pen-ifts, pen-downs,
cusps and laops; macrostructures e sentence are e valid word breaks

Cemtinuons Daka Streamn ~+ DAG Struckure J
' . A Node )
& Source Node

=  Sink Node
& An Edge

Eh‘c:l‘ki-minl. . 4y
Sepinning of Data Siream

[ “Find of Daks. Shecam

| Segment of ihe Data Stream

| Tartial Chdering & Direcfion of
Ares
“Derived Data Structure liom & o Ldge Valuo
[raka Sepment,
Ambi@_dty, Duality e Multiple  Tath
) With DAG
Hypothetical Segmentation & Dath from
souree Lo sink
[i\_ll Hypothetical Sepmentalions > DAG

Fig 3 Correspondence between DAGTs and a daty siveam

are of the opinion that DAG’s can be used on any continuous
datar siream where a robust segmentation process can aid in
recognilion, such as specch recogrilion

I EXTRACTION OF CONTINUGOUS STREAMS 1O DAG

A Data Struciure

Our basic data structure corresponds very closely fo a
polar DAG [L5], which iz a directed acyelic graph with two
distinguished nodes (a sink and a source), bui we add real-
valued data structures on each edpe called edge values When
we reler to a DAG in this paper, we tefer (o this particular
flavor of DAG A {nll corespondence between DAGs and a
data stream is given in Fig 3 Aninstance of a DAG expresses
multiple traditional segmentations within a single structure

Our multipath DAG differs fundamentally from a traditional
single-path version used tn dynamie time waiping (IVIW):
Mulfipath DAG™s integrate a complex segmentaiion process
into iis stiucture  Segmentation schemes insert a serics ol
hreaks into the continuous stream Traditional schemes sen-
erate their breaks causally or locally, basmg the location
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Fig 4 Pxample of a confinuous stream of peints converted 0 a DAG with
edoe values as three dimengional (30 veetor () Cowtinons strearn: afler

sepmentation and (b) DAG-coded continneus stream after segmentation and
cdge value exnuction

Fig 5 DAG that deals with hnperteet segmentation Spurs ace the breaks
ihal are wrongly mserted mto the continuons stream With additional edges
(0 bypass any mmnber of & noncouscoutive spurs, this DAG can accomnt lor
these spurs The original edges are dashaed; the solid. dark edges are added o
account for a nonconsecutive spurs

of breaks on previous or local inlormation; they recognize
segments of data only belween breaks and their immediate
predecessor With these breaks and their simple dependen-
cies, traditional scgmentation schemes produce a single path
DAC representation such as those used by IYTW in speech
recognition

Multipath structires support complex copstructs such ay
contextual segmentation scliemes, ambiguous and dual stric-
fures, and segmentation fault wodels The multipath structue
of DAG™s sive scginentation schemes the Trecdom o cieate
all ovdered dependencies between generaied breaks Since
dependencics between breaks are no longer constrained by o
strict ordering, our multipath segentation scheme can fake a
alobal perspective and incorporate more information m the
gencraiion of a break than whal is available between two
consecuiive breaks

B DAG Coding

DACG coding combines the plobal Structe from seginen-
tation and local informanional exiraction from edge value
exiraction lo provide a robust representation. A snuple DAG
coder takes a single continuous strean and yields one IAG
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For a speeific example of a stimple DAG coding, refer (o Fig 4
For the use of DAG coding in our apolication, sec Section V-B.
1) Segmeniation: Segmenlation finds where the continuous
stream is fo be broken into segments and derives a DAG
that encodes all possible seis of breaks and their respec-
five segments [Sce Fiz 4{a)] Scementation schemes
with a DAG can also combine different informational
coniex(s 1o create complex feature structwe. In ow
application for handwriting recognition, we combine
spatial analysis wilh time indexing (sce Section V-B)
Segmentation also reduces the aumber of clements
that represent information compared with the numbet
m ihe original continuous streatn Unlike a single-path
DAG, a mullipath DAG can compensaie for this reduc-
ton by creating multiple path struciures. A single-path
DAG imphciily classifies a segment of the continuons
stream and forces ownership of the data segment on
a single leature; a mullipath DAG can put 5 dala
segtnent within multiple paths, allowing for multiple
ownership of a data segment. When the definitions of
macrostructures overlap, DAG’s can express this duality
through redundancy
Multipath DAG"s can also compensate for imperfect
segmendation. For inslance, spurs are breaks thal are
wrongly inserted into the continuous stream Scgmenta-
tion Tor multipath DA s can deal with nonconseculive
spurs by adding, edges (o bypass these spurs (see Fig 9)
% Edge Value Iiraction: Fdge value extraction represents
the data between two breaks as 2 single representation
Bdyue value extraction collapses the data scament he-
tween two brealks mto a single edge value under the
assumplion that enly one macro feature exists between
the two breaks |See Fig A(h)]
DAG Cading of Multiple Dara Stregws: DAG coding can
take more than one data stream as input. A simple DAG
coder takes only ane sample and produces one DAC
we can exiend this concept of DAG coding 1o represent
mullple inputs with one DAG The complex DAG coder
produces a single DAG that gencralizes multiple inputs

d
-

witht g single sorictare ke o newral net 1lowever, we
deler this discussion ro Sectron 1V

O Analysis of DAG's

Although any continueus siream can be DAG coded, it must
have certain charactenistics o henefit from representation i
DAG™s This section discusses these characrevistics and their
implicitions on DAG™S

D Existence of Identifiable Macrosiuciures: The scomen-
tfion process attermpts to break up the contimuons daia
stream with respeet to- idendifiable macrostruclures  [f
there are no such macrostructnres within the continuons
streani, segmentation has no meaning,

2} Information Ordering: DAGES require both the continu
ous stream and the macrostructures within the continu-
ous sticam to be ordered. Tnformation erdering allows
a path within DAG fo be a compact representation of
the continuous streamn affer scgmentation [F elemenis
for a single featwe me not localized between two
macrosiructures, edoe values cannot be extracted. If
there is no strong oredlering of the nacrostruciures, paths
and partial paths within DAG's no longer represend
segmentation, wvalidating our dynamic programming
comparison algorithm (see Section 1D

3) Segmeivation Grannlarity: Elficiency and quality ol the
DAG s solution iy divecily related the reduction of daia
i s extraction  If sepmentation s o fine, DAG
coding will have little advantage over the origial stream
smee the number and ordering of elements will not
change appreciably Tf the segmenialion is oo coarse,
conventional fearure extraction through single functional
mapping is a simpler solution than DAG™S Tn general,
DAG coding neads to balance ordering information with
edge value extractor complexity

4y Cost of Redundami Inforsnation: 1he DAG multipath
stiscture tends to represent the same information on
different paths The price of redundancy 15 hopefully
compensated by improved recognition performance

13 Recursive Structure

DAG coding and its complementary DAG compare operation
are a divide-and-conquer method thai is independent of level of
linguage recognirion Thus, thev form a robust inductive step
within a structural recarsion By choosing another YAG coder
and its DAG compare operation as an edge value extractor
lor a higher level DAG, a DAG coder [or the edge can be
considered (o be the inductive step within a recognition system
architecture (sce Fig 6)

Groring into this recursive architeeture, the system recursively
apphies the sepmentation o divide the problem and uscs
the DAG to mamltain dependencies among subproblems. The
archilecture recurses on subproblems until the subproblem s
small encugh for a simple basis functton  Coming out of
the recursive archutecture, the recognizer repeatedly applics
the DAG compare operalion o consalidate the recognition
results.

Tu curstve handwriting, breaks exist at different fevels of
representation: loop/line, charactler, word, and sentence level
Pach level ol representaiion corresponds to a level within
the 1ecursive architecture that is orthozonally designed and
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e 7 Two segmented Y oand their DAGT Cireles and s correspond (o
hreaks Note that both Ys have very diflerent sepmentation and very differenr
DIAG structure, but they are scored ag very shollar when compared using our
path marchine alzovithin The feft letter has the Lop DAG strecture; the righi
lener has the botiom

opiitnized. This structuratly recursive architecture and its 1m-
plications on recognizer design are diseussed in detail in [16]

1. A GORFTHM FOR MATCTING DAGTS

To take full advantage of the expressivencss of DAG s, thig
paper also presents an cilicient algorithm (o measute similarity
of DAG s {(DAG-compare} The path matching algorithm s a
varianl of the Viterbi that uses dynamie programming o find
the best matchmg path between iwo DAG™s The algorithm™s
outpul 1s a real-valued sinilarity score for two DAG's This
score can be used for classification by companing DAG-coded
input to DAG coded exemplars. Similarity of iwo DAG s s
defined as the highest path marching scove of any two paths
hetween the iwo DAG s {See Figs 7 and 83

A Pam Maiching Secore

In this section, woe will npose a minor restriction on the
formulation of path matching score so that compulation 18
tractable  If we allow the path matching score to be any
arbitrary function (cspecially a boolean one), the problem can
he: NP complete. We restriet the path score to a parficula
recursive formulation with a requirement of monotonteity

For our path  malching  score, we
MatchBdge within a

define a function
FECLUITENCE that selates  the
previous path matching score to the next path scove affer
traversing an edge for cach path in each of the two DAGTS
A matched edge 1s allowed to be null, allowing the DAG
comparison to “skip” some edges

refation

Meatchlddge(fodge 1, Bdge 2, prov_scor ) - neat_score

st ISdge | Fdge 28 prcu_senre > nont_score
1 ! H ! I -

(h

The MatchBdze function compares the edge values and

refurns a score. A farger mismateh between edaes should mean

a lower reterned scove Matehludge may also accept null cdges
that correspond to the “skipping” of an edge
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Fie 8 Example ol path marching with nede and edge correspondence
Davkened nodes and cdges comespond tothe meo paths that give the highest
matching score The doted lipes show which two edges were matched
Logether

The seleclion of Matchlidge is up to the designer bul should
obviously model the matching probabililty and infermational
loss associated with each edge value. To reduce computational
corplexity. MatchEdge must be monotonically decreasing
with respect 1o the previous score, as defined in (1) However,
a beller match can mean less of a decrease in score Only a
petfect match can avord any loss in score

The basic delinition of path matching 15 very similar {o the
DTW: an ondered correspondence between nodes and edges in
the two paths thal gives the highest score (see Tig ¥)

B Dynamic Programming Path-Maiching
Algorithin for DAG’s

This section presents a polynomial-time algorithm for path
matching hetween two DAG’S. The malching score between,
two paths can be solved e polynomial time [E7]. Tlowaver,
a DAG compatison compares all pairs of paths between two
DAG s, which requires an exponential number of path com-
parisons. Fortunately, dynamic prograimming can be applied
1o this problem to construct a polynomial time algorithm [or
comparison of fwo DAG™S

The problem is W compare all paths between source and
sink of one DAG to all the paths between source and sink
of another Lel us define the subproblems associated with this
problem

Set of alf path scores for one path that
eocs from souree and (o node x (in

one DA and another that goes from
sotrce 1o node iy (in e another DAG)

(2)

sear e, ) =

where we wish to find
max{seore{ sinkpracr, sinkoacs)) H

The previons subproblems can he reached by traversing af
most onc edge i each graph to the present subproblem. In the
IDIW algorithm., the single paih DAG stuctuie ondy allows
a node in the araph o be dependent on its previows node,
simplifying the compulation. Since our algorithm accepts a
multipath DAG, the previons subproblenms are nol as regufas
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mas(score(x,y
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Fig 9 Cemputatonal dependencies for dynamic programiing algorithm for
path comparison of two DAGTs The provions problems ace represenied by
the crosses Note that all previous problem miangles e contaloed withm the
shaded area

as DWW bur are debned in the same manner

) \ L_J [ MaichFdge(ey e, 1
seore(ny ws ) . 4 _
werei ) | seore(ey preves prev)) |
ey Imdsdgraiog ). :
el dintdges{na

where Indodges(o) = {cle - (z,9),2 ¢ F} (4

1o find a maximum of this set. this formulation stll
leads fo a possibly cxponential time conputation DBy using
MatchRdze's monoionicity from (1), we can simplify the
cquation for the maximuam of a given score scl

max{seorelng, ug)) = max(S) (5)

g U f MaolehFEdoan{ey, ea,

| \ masdseor (e, premes pen)))
il bdgnsag ).

ey dndsdges{on)

{6}

Ry dynamic programming principle, we recognize that only
the best score needs to be remembered at the previous step
Al that remams 18 to be shown 1s that there exists an order
of solving the maximum of the scoe sels that preserves these
cdee dependencies, i e, all computation of previous scores can
he finished before traversing another pair ol edges

In faci, there ave many owders ol solving the subprob
lems thal preserve these dependencies Since both graphs are
DAG s, we can opologically sort [17] the nodes i each graph
such that all edges feave [rom one node and lead to another of
higher order 'has, a subproblem is only dependent on other
subproblems that are contained within the recrangular arca
between the problem and the origin. Giraphically speaking, the
inductive process of solving subproblems can be pictorially
viewed as growing an area along the axes such that any point
to be added to the atea 1% supported both hotizontafly and
verlically from cach axis (see Figs 9 and 10).
To find the path malching score of the two DAGTS,
subproblems  are caleulated  until
max(seore(sinkpac, sonkpags]) 0 found Too find
the achual paths and the edge malching that wesulted i this

the  solufion  for

PR AR AR
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Pao walid orders ol computaton

scorc. we employ a backtracking method simidar o the
Viterhi algorithm

O Proof of Opfimality

The application of (3) and (&) in a valid traversal of
subproblems finds the optinal (maximun) path matching score
of 2l paths cocoded belween two DAGTs with Malchlidge
as defined in (3) Proof of optimality s given by a suople
indaction on the muwuber of solutions for the maximum score
sels [he basis is the path score before traversing any edgres
For the nductive step, consider the (n 4 1)th subproblem By
the meluetive hypothesis, all the previous »n subproblems have
been visiled and have the optimal score for their subproblem
Since owr traversal of subproblems 1s valid, all maxima of
previons score sets on which the maximum for the (n |
Lith score sof is dependent have already been compuied
By running this algorithm to the final maxiun, we obtain
the max(seorc(smkpacr, stnkpes)), which is the pathe
matching score for two DAG s as delined i (3).

D Running fime

If MatchBdoc is an (1) operation, the running time ol our
algorithm s

O]+ B Vel + [120)) (N

where (W, £ and (15, 195 are the graphs of the two DAG™s
to be comparcd

£ Comparison to Dynarne Trine Warping

Chur algorithm takes o aecount the frecdom of connectiv-
iy, fusing the power of o Jilly penevalized DTW-like olgorithm
on top of an adaptive struciure Our algonthm encompasses
DIW in its delimtion L8] (sce g 1) DTW is limited by
its localized connectivity in ils computation dependencies Tar-
thennore, conneclions in IY1TW are still ander the constramts
of resularity of structure, whereas DAG comparison can take
any two DAG s, Since DAG cotmparison can aceept structures
of irregular and dynaimeally varying connectivity, 1t can be
applied 1o adaptive neural siractures Global path constraints
m DUW can he accommodated with minor adjustments o the
algorithm

The drawback o our approach is that the freedom ol
connectivity within DAG comparison removes any regularity
within design implementation, which s kev to mapping onto
ammay structures This nonuniformity of structure makes our
algorithim slower 1 mnpleentation than a similarly  sized
DTW algorithm
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Fig 11 Algonthmie space of dynanic time warpig (T77W) and DAG
comparison DTW can be generalized by relaxing it oeality constraings
However DAG companison fully generalizes the connectiiily ol the stuing,
comparison with its DACG stuetnre. Fucthenmore, this flexibility allows DAG
contparison 1o be used on adaptive stroctures. juast ke a nentad oot

IV NEORAL STRUCTURE OF DAGTS

With its dala structure defined and algorithmic ramework,

in place, DAG™s have another dimension: adaptive neural
strucie. With their adaptahility, DAG s can be coded 1o learn
and represent mudtiple DAG coded input streams, 1e , complex
DAG coding This capability in DAG s allows for a novel
learning algorithm that miegrates parametric and structural
optimization. Unlike block-updating parametric optimization
that depends on cumulauve offects of each member of the
training set, a DAG leaning scheme optunizes structure by
negotiating graph transformations with respect to the training
set as a whole.

A Memory DAGS

Ome of the simplest learning schewes 15 memory  For
DAG’s (as for TIMM), such an adoptive learning scheme is
trivial: DAG coded outputs are collected into a parallel DAG
network, and a DAG compare on this nelwork resulgs in the
score of the most similar oulpui that had been previously scen.
We use this simpie but effective fearning scheme m Section V
However, unlike traditional schernes witl fixed structure. we
can nse this “memory”™ DAG as a starting point for structuval
learning Just as the distillation of memory leads to experience,
reducing the structure of this “memory”™ DAG will correspond
to [earning.

B Strategies Jor Learning

Unlike block-updating schemes, DAG Tearning is inherently
structural . Although memory DAG’s are a naive learning
scheme, they still maintain a global view of e tining set

through its graph structure Since the structure of the memory

DAG maintains visible dependencies among the members of

the training sel, graph fransformations will take wto account
these interconnections Two forms of reducfions can be applied
o a DAG network: edge and node reduction Maltiple edges
thal begin and end at reducible nodes can be clustered through
(raclitional methods such as vector quantizalion, k-means, efc
Nodes are reducible only il {heir successot or predecessor
structures are also compatible Like graph network problems,
there ave well-delined expand and reduce translormations that
san fead o the optimally distilicd IDAG The learning schemes
for DAG s looks to be an exciting opic and is the focus of
future wotk

' Algorithmic Conversence of ACON and (M ON

AGE" global view of learning extends beyond the scope of
single-class training. DAG’s provide a specirom of all-classes.
one-nef (ACON} and one-class-one-net (OCONY networks
[19]. where the degree of shanng amoung classes 15 governed
puely by the networl stinctire This spectrum of networks
is based on the same algorithmic kernel [16] but manifests
Hself as changes i the simeture of the memory DAG Jusl as
DAG coded outpurs for a single class may be combined into a
single DAG, DAG coded ourpuis for multiple classes may be
alse combined o a single DAG with multiple sinks and be
similanly weduced Cleaily, we will also pursue the theoreticaf
implications of structural training of DAG's

V.o APPLICATION 10 ON-LINE
CURSIVE HANDWRITING RUCOGNITION

We now apply DAGTs to a specific conlinuons-strean,
time-sampled points of a pen fiom a digitizing fablet. From
these poinls, we can extract DAG™s at loop/line level from
sampled pen points of individual written characters. This DAG
coded representation of the data is compared o similarly
DAG coded exemplars. The malching score will delermine
the classilication his experiment forms the basis of a cursive
handwriting recognition system The system is user dependent
and user traned. Design of such a system through application
ol DAGs and experimental resulis are detailed below

A Cursive Handwriting as DAG Problem

Connected cwrsive handwriling s a good candidate for
DAG s First, cursive handwriting at the word Tevel is a poinl
strearn of characters The continuous stream ol characters can
also be secn as a stream of foops and line segments broken
al cusps, loops, and the liliing of the pens Secound, cursive
handwriting stuietly enforcss its ordering by forcing the pen
always (0 be touching the paper excepl lor word breaks and the
crossing ol Us, ele 'Lhe DAG coding ot cursive handwriting
al the toopdine level is relatively straighlorward; since block
printing does not hive such a strict enforcing, o DAG solution
would require a special ordering scheme. In this section, we
shall concentrate on handwritten cursive character recognition
on the Toop/line level and its respectlive segmentation

1) Probles Statement  In tlus case, the input daia is simply
the time-sampled (i, y) coordinates of the pen position on the
pen tablet sampled at approximmaiely 45 Hz. A special symbol
is given when (he pen is ptaced on or lifted of of the tablet
Each cursive Tetter is given as a separate set of points to be
recognized. The problem 15 to recognize all letters for one
wriler, gtven only a known subsct thal contains example(s) oi
every letfer

2) Svstem Design. The recognilion syslem design 1s siniple
{sce Iag. 12) Known exemplars for cach Jetter as well as test
letters are DAG coded at the loop/ine fevel Test letlers were
then compared 1o DAG coded exemplazs. The letier tor test
data is selected by choosing the letter of the highest scoring
exemplar. [or this DA solution instantiation, we must define
the segmenfation and edge value extraction aleng with our
MatehEdge function

;
i.
i
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Test ki DAG Path

Reongpmizer
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e 12
u.f'.(;r-d(:])umdcm annd nser trainable There are no restrictions on how o writer
dvaws a letter other than thit the letiers are easonably consisient and
recognizable by the witer

Block dingram for cirsive letter recognizer Note that system 18

= [ oop

Pen-1aft

e

"
g 13 Vxamples of the twee types of nmcro-sirietures from lele w rmli:
Pen-down, cusp. loop arul pen-litt

Pen-Down

.

B DAG Coder Jor Cursive Lelier Recognifion

) Segmentation for DAG-Coding: Segmentation al the
ioop/line level 1s relatively simple and has been
described hefore in (14 There are Tour types of
macrostiuctres: loops, cusps, pen-down, and pen 1ifis
{see Fig 131 Tines are not considered macrostructures
since thev do not create any brecaks Rather, they ae
products of a pair of hreaks. On the other hand., we
consider loops 1o be macrestructures Once a loop is
identified, two breaks are created: one at the beginning
of the loop and one af the end. Casps are another Lype of
magcrostructure: the points at which the differential of the
curvature exceeds o certain theeshold. A cusp breaks the
stream 1n the middle of the cusp. Pen-downs and pen-
lilis are when the pen first louches and Jeaves the wrilimg
surface and are assumed 0 be perfect inlormation for
the location of breaks. Our segmentation scheme also
accounts for nonconsecutive spurs, as mentioned in
Section -8 Cusps may exist within loops and must
expressed in tenns of a doal path structure

2) Fdge Value Pxraciron: Bdge value extraction 13 defined
in Fig #4 Fdze value extraction at the loop/fline level is
a feature vector crealed from the low-frequency terms of

complex discrete Fourter transform ol the line segnicnt
position in the complex plane, relative y position, and
relative distance that the pen tiavels within the segmeni
It can be shown that COFT cncodes direction, loop
cecentricity, and how well the ends of line sepment meet

CDAG Comparison for Cursive Tetier Recognition

For our DAG comparison, the function Matchbdge 15 de
fined in ()—(10) (see Fig 15). Timpirical results puide us oy
a preferable cholee In the case, the Matchl'dge function is an
exponential Gaussian dependent on the radial distance between

Fdpge Valne definition:

1. 8]  Real Part of Low Freq CDITU terms

9. w6 Imagiary DPart of Low Preq CDET ferms
[17] Relative distance Lhai pen Lravels i segmont
[15] Relakive average height of pen witbhin segment

Hdae value detinition for cursive handwriting ac the loop/hne level
Muatch{score, oy, A) = seore A{eq|L7]) (8)
Matchiscore, A en) = seore — He 171 (9)
MolchEdge(score e en) =
SCOTE ¥ exp (—— \/{ﬂ —ar e - 4175_)')
where O = diag (dy . dhs, 3, 8)
and d; — 1 (egfL7] b en]l7))/2,1 D D U6

Flg 15 MawehBEdge defingion for cwsive handwriting at loopfline level

the two edge values The Matchbdge function also depends
maore on the shape of the line scgment as the line segment
becomes longer Skipping deducts a cast proportional (o the
distance the pen travels for that segment Since the score gocs
to 7ero aller 25% of the infonmation is skipped, the MalchBHdge
function disallows any result that does nol use at least 73% of
the available information. The path minimum matching score
is O; the maxiomm is 1

D Experimental Resulls

The DAG solution recognizes all lowercase letters not only
with high accuracy (around 94%) that approaches human
recognition rates but also with robust precision The DAG
solution places the correct letter within the top three choices
=00% of the time on average over all fen wrilers, nsing only
three exemplars per letter The system 1s nser dependent and
user trainable. There were no restrictions on how a letter is
drawn other than that the lellers are rcasonably consistent
and recognizable by (he writer Tnthermore, the design of
recognition systems was relatvely simple, computafionally
efficient, and extremely tolevant to variations in writing styles
The complete resulis are shown in Fig 16 1he source code
is available at [16] and [20H

Handwriting samples were Laken [rom en different subjects
All lowercase letters [rom o to z were used A subsel ol letiers
were used as exemplars for comparison Each letter class was
given the same number of excraplars, and the exemplars were
chosen randomly Tor cach run. The recognition program was
run eight times with different scis of exemplars for the average
value The range column m Fiz 16 correspond 1o the worst
and hest gingle run for a particular writer These zesults do
NOT use any word-bascd or neighboring letfer conlexiual
inforntalion

Recognition rales were normalized by relative {requency
letters in the English Language [23] Fhe final results approach
human recognilion rates of discretived cursive handwriting ol
05 6% [22] A common reeognition error is between lowercase
cursive « and [ Since we enforce a strict solation between
characters, the two letters cannot be distinguished by relative
heizht Tlowever, il we were o add postpiocessing Lo disfin-
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