
An Iterativ e Algorithm for Optimal Message

Recognition in Linguistically Constrained

Do cumen t Image Deco ding

Kris P opat, Dan Blo om b erg, and Dan Greene

Xero x P alo Alto Researc h Cen ter, P alo Alto CA 94304, USA

f popat,bloomberg,greene g @par c.xer ox.c om

Abstract. A means of incorp orating soft linguistic constrain ts in a do c-

umen t image deco ding system is describ ed. Do cumen t image deco ding

recognizes text b y �nding a most probable path through a h yp othesized

Mark o v source mo del for a giv en degraded do cumen t image. The lin-

guistic constrain ts are expressed b y a sequen tial predictiv e probabilistic

language mo del. Searc h is accomplished b y iterativ ely rescoring complete

paths using conditional language mo del probabilit y distributions of in-

creasing order, expanding state only as necessary . This approac h results

in a solution that is pro v ably optimal with resp ect to the sp eci�ed source,

degradation, and language mo dels. Sim ulation results are presen ted for

a recognition system wherein the do cumen ts are one-dimensional cor-

rupted streams of American Morse Co de pulses. This sim ulation pre-

serv es the essen tial features and c hallenges of text line deco ding in a

simpli�ed setting that highligh ts the imp ortan t algorithmic issues.

1 Best-P ath Searc h in Do cumen t Image Deco ding

Do cumen t image deco ding (DID) [5, 6] is a metho d of text recognition in do c-

umen t images that is based on a comm unications systems view of the do cu-

men t comp osition, prin ting, degradation, and scanning pro cesses. Among the

adv an tages of DID are high recognition accuracy in situations where extensiv e

customization is allo w able, the abilit y to recognize some higher-lev el structure

along with the text, and the abilit y to extend and impro v e the system within a

consisten t probabilistic framew ork. In the w ork on DID rep orted un til no w, the

high recognition accuracy has b een ac hiev ed despite a lac k of an y prior sp eci�-

cation of whic h recognized strings are linguistically v alid.

In DID, do cumen t images are mo deled as ha ving b een pro duced b y a Mark o v

source (a probabilistic �nite-state mac hine). The source b egins in a distinguished

start state and terminates in a distinguished stop state. Eac h transition causes

the imaging of a c haracter template (bitmap) on the page at a curren t cursor

lo cation, and adv ances that lo cation in preparation for prin ting the next c har-

acter. The c haracter template ma y b e whitespace. F ormally , eac h transition in

the source is assigned a four-tuple consisting of: a c haracter template, a t w o-

dimensional displacemen t b y whic h to adv ance the cursor, the prior probabilit y



of follo wing the transition, and a string lab el. Ev ery complete path through the

source th us de�nes a do cumen t image and an asso ciated transcription: the image

is the union of the bitmaps imaged on eac h transition, and the transcription is

the concatenation of the asso ciated string lab els.

F or a giv en observ ed do cumen t image, recognition in v olv es �nding a complete

path through the h yp othesized Mark o v source that b est explains the observ ed

image. Sp eci�cally , a complete path is sough t that is most probable considering

the en tire image as evidence, where the probabilit y is computed on the basis

of the prior probabilities of the transitions and the lik eliho o ds of the asso ciated

imaged templates, allo wing for p ossible corruption of the imaged templates b y

an assumed probabilistic degradation pro cess. Dynamic programming is used to

�nd suc h a b est path.

1.1 Separable Mark o v Sources and T ext Line Deco ding

In man y instances, the do cumen t can b e satisfactorily mo deled b y a t w o-lev el

Mark o v source structure in whic h the top lev el c haracterizes and accoun ts for the

v ertical la y out of a do cumen t page; the transitions at that lev el corresp ond to

subsources describing individual text lines [4]. Suc h a source is termed sep ar able .

Because linguistic constrain ts b ear most strongly on recognition within text lines,

w e fo cus on the deco ding of individual text lines. Th us, the problem of in terest

is to �nd a b est complete path through a subsource represen ting a text line.

In the absence of an y linguistic constrain ts, a suitable subsource for text line

deco ding consists of a start state, a single in terior state, and a stop state. The

in terior state has one self-transition for eac h c haracter template. Con trol com-

mences in the start state with the cursor at a sp eci�ed horizon tal lo cation, then

transitions to the in terior state and rep eatedly self-transitions bac k to that state,

eac h time imaging a c haracter and adv ancing the cursor, and �nally terminates

in the stop state, again at a lo cation that has b een sp eci�ed in adv ance. T ypi-

cally , the cursor lo cations sp eci�ed for the start and stop states are the left- and

righ t-most prin table pixel lo cations in the image, resp ectiv ely . A complete path

through this subsource can b e represen ted b y a trellis diagram, wherein no des

represen t horizon tal pixel lo cations along the baseline, and edges represen t the

transitions that together mak e up the complete path. Eac h edge is lab eled with a

score that is the pro duct of the prior probabilit y of the transition and the lik eli-

ho o d of the corresp onding imaged template in the spatial lo cation that the edge

spans. Finding the highest-score path can b e accomplished b y a straigh tforw ard

application of dynamic programming.

2 Incorp orating Linguistic Constrain ts in DID

As it is describ ed ab o v e, DID mak es no use of prior kno wledge ab out whic h rec-

ognized transcriptions are more linguistically v alid than others; it simply c ho oses

the transcription corresp onding to a path with highest p osterior probabilit y . It

is desirable from the p oin t of view of error rate to pro vide DID with a means



of preferring linguistically more v alid transcriptions o v er less v alid ones. Sev eral

approac hes are p ossible. Conceptually , the simplest is to mo dify the dynamic

programming searc h to pro vide a m ultiplicit y of high-probabilit y paths rather

than a single one, then select among them on the basis of linguistic v alidit y [9].

Preliminary exp erimen ts follo wing this approac h rev eal a p oten tial for signi�-

can t reduction in recognition error rates in some case, but only if the n um b er of

retained paths is v ery large (on the order of 500 p er text line) [8].

In principle, a more direct w a y of incorp orating linguistic constrain ts in DID

is b y mo difying the Mark o v source mo del so that the states encapsulate linguis-

tic con text. W e are primarily in terested in soft linguistic constrain ts, whic h can

b e expressed probabilistically within this linguistically-expanded Mark o v source.

The main obstacle to doing this in a direct w a y is that the requisite n um b er of

states gro ws exp onen tially in the length of the linguistic con texts b eing consid-

ered. In sp eec h recognition, the p oten tial exp onen tial explosion of states (and

hence candidate paths) is usually addressed b y mo difying the searc h algorithm

to explore only a small fraction of candidate paths, namely those deemed most

promising as the searc h unfolds. While this approac h app ears to b e useful in

practice in �nding go o d transcriptions, it pro vides no guaran tee that the path

with highest probabilit y will b e actually b e found [2, Chapter 6].

In this pap er w e consider an alternativ e searc h strategy that is guaran teed

to �nd the most probable path, while in practice a v oiding exp onen tial gro wth

in space and time complexit y . Linguistic constrain ts are expressed b y a language

mo del , whic h measures linguistic v alidit y b y assigning conditional probabilities

to c haracters in a sequence. The idea is to �nd a b est candidate path using

upp er b ounds on the language mo del probabilities, then to rescore this path

using impro v ed b ounds or actual language mo del probabilities, rep eating these

t w o steps un til the b est candidate path found has b een scored only with actual

probabilities rather than upp er b ounds. The success of this approac h in a v oiding

exp onen tial gro wth relies on the empirical fact that the lik eliho o ds (template

matc hes against the image) pla y a m uc h greater role in determining the b est

path than do the probabilistic linguistic constrain ts. In practice, the linguistic

constrain ts exert only a \tiebreaking" in
uence.

2.1 Probabilistic Language Mo del

Linguistic v alidit y can b e measured b y means of a probabilistic language mo del,

whic h in its full generalit y is a probabilit y distribution o v er all �nite strings o v er

a giv en alphab et. F or use in do cumen t image deco ding w e restrict the language

mo del to b e factorable as a sequence of probabilit y distributions o v er individual

c haracters, eac h conditioned on a subset of preceding c haracters. Let the alpha-

b et b e A , and let v
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; : : : ; v

n

denote a string with v

i

2 A ; i = 1 ; : : : ; n . Let � b e

a termination sym b ol, and let A

0

= A [ f � g . W e view strings as b eing formed

b y the follo wing pro cess. Characters are generated sequen tially according to a
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maps con texts in to equiv alence classes. The string terminates when the sym b ol �

is generated; in terms of the Mark o v source this corresp onds to a transition in to

the stop state. This is essen tially a tree source similar to the source describ ed in

[7], but di�ers from it in its use of a termination sym b ol and in the fact that it

induces a v alid probabilit y distribution o v er all �nite strings.

F or simplicit y in this pap er, w e remo v e the dep endence of p in (1) on i , and

restrict �

i
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(2)

for a �xed small in teger N . With these restrictions, (1) is referred to as a char ac-

ter N -gr am language mo del , hereinafter referred to simply as an N -gram mo del:
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where N

i

= min f i; N g . Although the searc h tec hnique to b e describ ed herein

remains practical using a class of language mo dels more general than N -gram, N -

grams are widely used and are fairly e�ectiv e in capturing imp ortan t statistical

regularit y in natural language strings, so that m uc h of the p oten tial impro v emen t

in recognition accuracy accruing from the use of arbitrarily complex language

mo dels is preserv ed under this restriction, and m uc h is gained in the w a y of

clarit y of exp osition.

F or a �xed N -gram, w e de�ne a sequence of auxiliary functions q
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whic h for eac h k pro vides an upp er b ound on the probabilit y that can b e assigned

b y the N -gram to v

i

when immediately preceded b y ( v

i � k

; : : : ; v

i � 1

). F or exam-

ple, q

0

sp eci�es the maxim um probabilit y that can b e assigned b y the mo del to

v

i

in any con text, while at the other extreme, q

N � 1

is simply another name for

p . Note that for an y �xed string section ( v

i � N

i

+1

; : : : ; v

i

), q

k

is nonincreasing in

k .

3 Incorp orating an N -gram Language Mo del in

Best-P ath Searc h

The p osterior probabilit y of a complete path through the Mark o v source can

b e expressed as the pro duct of t w o factors: the lik eliho o d of the path giv en

the observ ed image, and the prior language-mo del probabilit y assigned to the

asso ciated transcription. F rom the p oin t of view of minimizing error rate on a

giv en do cumen t image, w e wish to �nd a maxim um p osterior probabilit y (MAP)

complete path [6] in a practicable manner. Inspired b y a tec hnique for reducing

computations in standard DID [4], w e prop ose �nding a MAP path b y iterativ ely



re�ning candidate paths, eac h time using impro v ed upp er b ounds on linguisti-

cally w eigh ted edge scores. Ho w ev er, departing from [4], w e apply the searc h

within text lines, use a sequence of upp er b ound functions deriv ed from a lan-

guage mo del, and incur an expansion of state on eac h iteration. If the n um b er

of iterations necessary for con v ergence is small, as is exp ected when the images

are relativ ely clean, then the expansion will not b e prohibitiv e.

3.1 Iterated Complete-P ath Searc h Algorithm using N -grams

W e assume an N -gram language mo del with the functions p and f q

0

; : : : ; q

N

i

� 1

g

as de�ned ab o v e. Initially , a standard DID trellis is constructed as describ ed in

Section 1.1, except that the score on eac h edge is no w the pro duct of the tem-

plate lik eliho o d and the unconditional upp er b ound q

0

on the language mo del

probabilit y assigned to the corresp onding c haracter lab el. An initial b est candi-

date path �

(0)

is found b y dynamic programming in the usual w a y . The follo wing

t w o steps are then iterated:

1. F or eac h non-maximal no de along the curren t candidate b est path �

( j )

, a new

no de corresp onding to the same spatial lo cation is created, and a con text

lab el is asso ciated with the new no de corresp onding to the transcription

of the longest unam biguous path segmen t leading to it. A no de is deemed

maximal if its asso ciated con text lab el is of length N

i

� 1.

2. A new candidate b est path �

( j +1)

is found in the expanded graph b y re-

stricting the dynamic programming searc h to consider only those no des in

eac h spatial lo cation that ha v e the most sp eci�c con text consisten t with

path history . Edge scores used in the searc h are the pro duct of the template

lik eliho o d and highest-order upp er b ound q (or probabilit y p , in the case of

a maximal originating no de) consisten t with the originating no de's con text

lab el.

The searc h terminates when all no des along �

( j )

in step (1) are found to b e

maximal; suc h a path is pro v ably MAP with resp ect to the language mo del and

template lik eliho o d scores.

4 Sim ulation on a Demonstration Problem

Application of the searc h tec hnique describ ed in Section 3 to text recognition is

most easily understo o d and analyzed in terms of a one-dimensional demonstra-

tion problem. The essen tial ingredien ts are a message source, a signaling sc heme

that in v olv es the concatenation of v ariable-width templates, and a degradation

pro cess whereb y the concatenated templates are corrupted to yield the observ ed

w a v eform to b e deco ded.



T able 1. American Morse Co de.

Letter Co dew ord Letter Co dew ord Letter Co dew ord Letter Co dew ord

A � - K - � - U �� - 5 �����

B - ��� L � - �� V ��� - 6 - ����

C - � - � M -- W � -- 7 - - ���

D - �� N - � X - �� - 8 - -- ��

E � O -- - Y - � - - 9 - --- �

F �� - � P � -- � Z -- �� 0 - --- -

G -- � Q -- � - 1 � -- -- � � - � - � -

H ���� R � - � 2 �� --- , - - �� --

I �� S ��� 3 ��� - - ? �� -- ��

J � --- T - 4 ���� -

4.1 Demonstration using American Morse Co de

Sp eci�cally , w e tak e the c haracter templates to b e discrete w a v eform segmen ts

obtained from the co dew ords of American Morse Co de (T able 1), with eac h ` � '

replaced b y the n umeric sequence (2 ; 3 ; 2 ; 1) and eac h `-' replaced b y (2 ; 3 ; 3 ; 2 ; 1).

A letter space c haracter is represen ted as (1 ; 1 ; 1 ; 1 ; 1). When a string is \t yp eset"

in to a w a v eform, adjacen t templates are separated b y the spacer elemen t (1). F or

example, the string `THE' maps to the w a v eform

(2,3,3,2,1,1,2,3,2,1,2,3,2,1,2,3,2 ,1,2,3 ,2,1 ,1,2 ,3,2,1 )

After the w a v eform is created from the original text string, it is degraded

b y passing it through an additiv e white Gaussian noise c hannel. Sp eci�cally ,

pseudorandom noise is added to eac h elemen t in the w a v eform, where the noise

is indep enden t and normally distributed with mean zero and v ariance �

2

.

Construction of the deco ding trellis requires that the spatial lo cations corre-

sp onding to the start and stop states b e sp eci�ed. In actual practice these w ould

b e set to the left and righ t extremal p ositions, resp ectiv ely , at whic h a template

can b e imaged. T o facilitate sync hronization, a sp ecial linguistically inert single-

space template w ould b e in tro duced in to the set of c haracter templates, and

assigned a probabilit y su�cien tly small to discourage its gratuitous insertion.

When constructing and matc hing linguistic conditioning con texts, all instances

of this single-space template w ould b e ignored. F or simplicit y of implemen ta-

tion, a single-space template is not used in the w ork rep orted here; instead, it is

assumed that the true start and stop p ositions are kno wn exactly in adv ance.

The b o dy of text selected for preliminary exp erimen ts is an electronic v ersion

of Lewis Carroll's Thr ough the L o oking Glass [1], with all c haracters mapp ed to

upp er case, and only those sym b ols listed in T able 1 along with newlines and

spaces retained. Blank lines are omitted, and the remaining 3,118 lines of text

are divided in to t w o equal-size p ortions: a training segmen t, consisting of the

ev en-n um b ered lines, and a test p ortion, consisting of the o dd-n um b ered lines.



4.2 Implemen tation of the N -gram

In the presen t study , an N -gram language mo del is implemen ted using a trie.

Sp eci�cally , an N

i

-long windo w is displaced sequen tially from left to righ t along

the training text, terminating alternately at ev ery p osition in the text. A t eac h

p osition, c haracters in the windo w are scanned from the left, and the trie is de-

scended (or gro wn, as necessary) recursiv ely do wn w ards, incremen ting the coun t

of eac h no de encoun tered. The leaf coun ts are transformed in to the requisite N -

gram conditional probabilit y estimates b y adding a smo othing factor � to eac h,

then normalizing.

Upp er b ounds are stored in the same trie. This is p ossible b ecause of the

manner in whic h training is done. Sp eci�cally , b y sliding the con text windo w

exhaustiv ely along the training text, it is ensured that for ev ery su�x of a path

from ro ot to leaf, there exists a no de in the trie that can b e reac hed b y descending

that path-su�x from the ro ot. This allo ws the upp er b ounds of order k to b e

recorded at the lev el- k no des of the trie; in practice these are obtained b y making

a second pass through the training data using the probabilities estimated on the

�rst pass.

No w consider applying the trained language mo del to score new data. While

smo othing allo ws v alid conditional probabilities and upp er b ounds to b e assigned

to c haracters in a giv en con text that w ere missing in the training data, it do es

not help when the required con text no de itself has a coun t so lo w as to mak e

the probabilit y estimate unreliable, or w orse, when the con text no de is missing

from the trie en tirely . In this not-so-uncommon situation, \bac king o� " is used:

su�xes of the desired con text of decreasing length are tried un til the resulting

con text no de has a coun t that is larger than a sp eci�ed threshold v alue m . In

suc h cases, the resulting con text no des are considered to b e of maximal order

when testing for termination of the iterated b est-path searc h.

4.3 N -gram P arameters

The existence of a coun t-based bac king-o� strategy mitigates the data sparsit y

problem, and allo ws N to b e larger than migh t otherwise b e w arran ted [3].

Sev eral com binations of v alues of N , � , and the coun t threshold m w ere tried in

training the language mo del on the training data, and the resulting log-lik eliho o d

v alues on the test data noted. Suitable crossv alidated parameter v alues w ere th us

found to b e N = 4, � = 0 : 025, and m = 5, resulting in an estimated co ding cost

on the test data of 2 : 24 bits p er c haracter.

4.4 Preliminary Results

Do cumen t Image Deco ding w as implemen ted for the Morse Co de problem using

data structures suitable for implemen tation of the searc h metho d describ ed in

Section 3. Errorful transcriptions w ere obtained for a v ariet y of v alues of the

c hannel noise in tensit y parameter � , ranging from 0 : 05 to 0 : 50. The resulting

transcription error rates for line-b y-line deco ding for the �rst fourteen lines of



the test data, as measured b y edit distance to the original text, is sho wn in

Figure 1. F or comparison, the error rates using the Viterbi algorithm without a

con text-dep enden t language mo del are also sho wn. F rom the graph it is eviden t

that incorp orating the language mo del via the prop osed searc h algorithm signif-

ican tly reduces error rates in this example. One of the c haracteristics of the pro-
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Fig. 1. P er-c haracter transcription error rates v ersus c hannel noise in tensit y � for the

prop osed algorithm, as measured b y edit distance, using unit costs for insertions, dele-

tions, and substitutions. Also sho wn is the corresp onding curv e for the sto c k Viterbi

algorithm sans language mo del.

p osed searc h algorithm is that its space- and time- complexities dep end strongly

on the degree to whic h the template lik eliho o d scores dominate the o v erall path

scores. In the lo w-noise case, the template lik eliho o ds o v erwhelm the language

mo del scores, so that the algorithm con v erges relativ ely quic kly to a path found

early on in the searc h, with little expansion of state b ey ond the starting trellis.

A t the other (high-noise) extreme, the templates pro vide v ery little information,

and the deco der m ust essen tially \hallucinate" a high-probabilit y string of the

required length using the language mo del alone. This latter task is essen tially

exp onen tially complex in the order of the language mo del, so w e exp ect a com-

putational explosion as the degradation lev el increases. W e can see this e�ect

in Figure 2, where the n um b er of iterations required b y the prop osed algorithm

is plotted against noise lev el. The corresp onding space-complexit y curv e sho wn

in Figure 3. Finally , in Figure 4 w e presen t the cum ulativ e ra w path scores for

the prop osed algorithm, Viterbi sans language mo del, and ground truth. P aths

found b y the prop osed algorithm consisten tly outscore Viterbi and matc h or
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Fig. 2. Av erage p er-Line n um b er of iterations required b y the prop osed algorithm for

con v ergence, v ersus c hannel noise. Based on the same sim ulation run as Figure 1.

outscore ground truth, whic h is exp ected as the algorithm is guaran teed to �nd

a path with the highest score. When the comp onen ts of the o v erall score w ere

examined, it w as found that the Viterbi algorithm generally results in higher

lik eliho o ds, while the prop osed algorithm tends to yield higher language-mo del

scores. Again, these �ndings are consisten t with exp ectation, considering what

eac h algorithm optimizes.

5 Conclusion

An iterativ e tec hnique for incorp orating a class of causal, sequen tially predictiv e

probabilistic language mo dels in to the do cumen t image deco ding framew ork has

b een describ ed in detail. Its t w o theoretical adv an tages o v er standard approac hes

are that is in tegrated directly in to the b est-path searc h algorithm, and it results

in a truly optimal deco ding with resp ect to the language and degradation mo dels.

Complexit y is con trolled b y expanding state only on an as-needed basis, so that

in the usual lo w-noise case where the template lik eliho o ds dominate the path

scores, only a mo dest expansion in space- and time-complexit y o ccurs. Ho w ev er,

in cases of mo derate to sev ere degradation, the computational complexit y of the

prop osed algorithm b ecomes prohibitiv e. Ultimately , the cause of this b eha vior

is the algorithm's insistence on �nding a \b est" path rather than just a \go o d"

path, the latter whic h ma y w ell b e su�cien t in practice.

Preliminary results on a demonstration problem in v olving recognition of a

one-dimensional Morse Co de signal indicate a p oten tial for signi�can t reduction
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Fig. 3. Space-complexit y (a v erage p er-Line n um b er of graph no des) required b y the

algorithm v ersus c hannel noise. The baseline corresp onds to the size of the starting

trellis.

in error rates b y incorp orating ev en a mo dest language mo del in to DID using the

prop osed algorithm. The next step in exploring the nature and p ossible uses of

this algorithm will b e a more extensiv e sim ulation on actual do cumen t images,

taking in to accoun t the sync hronization issues alluded to in Section 4.1.

It is still an op en question whether the prop osed algorithm can o�er clear

practical adv an tages o v er alternativ e tec hniques that �nd only appro ximate b est

paths. More immediately clear is the usefulness of the prop osed algorithm as a

researc h to ol. A t mo derate computational cost, it pro vides a means of �nding

an otherwise elusiv e true-b est path when a non-trivial language mo del is in

the system. This pro vides useful calibration information when ev aluating the

p erformance of alternativ e, p erhaps appro ximate searc h strategies.
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