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Optical Character Recognition

e Classic pattern recognition problem with several
commercial systems claiming better than 99%
accuracy, provided:
® machine printed text

® noiseless, unskewed pages
® “typical” script and language (for some systems)
® ‘“standard” font and point size used.

® Recognition qualiz quickly degrades when any of the
above conditions fail to hold

® Systems typically use a labelled template matching
approach with a large collection of models in various
scripts, fonts, styles, and sizes

® How can we improve this?
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Cryptogram Approach

Determine connected blobs of ink in an image, then
cluster similar blobs together

Compare strings of cluster assignments with an
underlying language lexicon based on cluster
frequency and n-gram statistics to come up with an
initial mapping from clusters to characters:

DGF LIHTOUFHW MPNNOHSG WI SCOUF AFTOHFMFHW EKOBF
GIKROHS P VRJNWISAPMQ

Use confident mappings to guide refinement (like
solving a cryptogram)
Major advantage: Completely font neutral.

Should work with any consistent “language” you can
get statistics for (Java, Klingon, [P




® Determine connected components using a two-pass

Our OCR Procedure

algorithm [Haralick, Shapiro ‘92]:

we can wmphcitly integrate oot the infinitely many

® Scan the pixels, propagating and assigning preliminary labels from neighbouring
pixels, which are recorded in an equivalence table

® Resolve the equivalence classes using DFS in the label equivalence graph

® Scan and relabel based on the resolved equivalence classes
oj1j1rjojojojpl 0OJA|A|JO|O|O|B AlBI|C 0OJA|JA|O|O|O|A
gjojrjrjnjngl OJO0JAJAJA|ALA OJ0OJAJAJA]IALA
I]0|J0]|J0O]jO]O]|I Cl|O0|O]|O|O]|JO|A - EEENR AlO|O|O|JO]|O|A
1{1]o]ofo]1]|of == |cl[clo|ofo|Aa|o| = |B|i|[1]o0 wlie-- (AlAalo0|o0f0]A]0
i]0]0|J0]O]1]0 C|0]J]0]JO]JOJA]O clilol A|l0JO]|JO0O]JO]A]D
ojlrjojirjoji1]o 0)jCJjO0|DJ|O]JA]D 0JA|O]|A|O]|JA]|D
ojojrjirjrj1j]o 0J]0|JCIC|C|A|D Dlojo|1 0J0OJA|JAJA]|A|D
input image labels after first sweep equivalence table labels after 2nd sweep




Our OCR Procedure

® Throw out any components with large aspect ratio or
small size (horizontal lines, small punctuation)

® Process components page by page, initially adding each to
its own cluster, then refine by a straight Euclidean
distance match

® Refine remaining clusters iteratively by attempting to split
and merge cluster averages, and by carrying out either a
convolved Euclidean or Hausdorff distance match
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istance Matching

Hausdorff D
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from image x to Y

® Hausdorff “distance”
h(X,Y) =

.
5.
a

S’

S

L

maxmin

xeX yeY

IS

re d(x,y)
Euclidean or another
distance metric

where d

| ¢ 0 AR NEEENEN | 0 pEl
0 0

i4 1 0 O

22 [N 0 |0 |0 | o [EREETF!




Euclidean Cluster Averages and
Elements
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Hausdorff Cluster Averages
and Elements
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Line Solving

® Dynamic Programming used to fill in entries of a
cost table. Columns of the table correspond to
the columns of the image, and rows of the table
correspond to characters

® FEach table entry defines the cost of placing a
character ¢ down starting at column n

cost(c,n) = ngiﬁn[(model score of ¢ from n to n+ ) + bigram cost from ¢ to k+ cost(k,n+ 8+ 1)]

® Model score is based on mismatches between
the model pixels and the underlying data pixels

® Limited to character bigrams only



cluster | Line SOIVing

ad that minimizes
score for placing
this cluster starting
at 11 and
completing the rest
of the line

'\ dark areas are
penalized according
— to the models

these columns are deletion probability
scored based on

score
pixel mismatches
between this
cluster and the data
(Ke;0c)..
cluster 2 NG
| where kg is the :
character with
lowest cost placed
at column 1+ 9,
and completing the
rest of the line

cost table
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Character Decoding Issues

® Cryptogram decoding assumes there is a one-to-
one mapping between clusters and characters, this
isn’t always the case

® Ligatures Ex:‘fi’ result in a single connected
component. Characters like 7, j" are made up of 2
components

e Can augment the output alphabet to include an
upper bound on the number of components in a
character: ¥/ ={e}UXuUZX?

oost ghost
frioiten > i ghten



1337$p34k
® Huang et al

(unpublished) Have
performed synthetic
tests using the
Leetspeak “language”

® Able to achieve 86%
character and 64% word
accuracy (but 99% on
ascii coded text)

a
b
C
d
c
f
g

gold is expected to continue its rise this year due to renewed
inflationary pressures especially in the us
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(Near) Future Work

e Still lots to be done! Very much a work in
progress.




The Bigger Picture

® |TAG system for finding and classifying regions of

%%tiument images into 25 different categories [Laven et al

® Region information currently used as a preprocessor to
determine text regions upon which to run our OCR
pipeline

® |deally would like to use OCR results to improve region
identification, and use region class to modify n-grams and
character distributions (ex. mathematical expressions
versus code blocks versus plain text)
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EM-DD: An Improved Multiple-Instance
Learning Technique
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Abstract

We present & new multiple-instance (MI) learning technigue [EM
D) that combines EM with the diverse denmty (DD} algorithm,
EM-DD in & general-purpose M1 algorithm that can be appliod with
boclenn or real-value Inbels and makes real-value predictions. On
the boolean Musk benchmarks, the EM-DD algorithm without any
tuming significantly outperforma all previous algonithmas. EM-DD
ia relatively insensitive to the number of relevant attributes in the
data set and scales up well to large bag sizes. Furthermore, EM-
DD provides a new framework for MI learning, in which the MI
prablem i converbed to a single-instance seiting by uwning EM o
eotimate the instance reaponsible for the label of the bag,

1 Introduction

The multiple-instance (MI) learning model has received much attention. In this
model, each traning example w a sel (or bag) of inetances along wilth n sngle
label equal to the maximum label among all instances in the bag. The individual
instancos within the bag are not given labels. The goal s to learn to sccurataly
prodict the label of previovsly unieen bags. Standard supervised learning can be
viewed ns s special case of MI learning where each bag holds & single instancs. The
MI learning model was originally motivated by the drug aclivily predichion prodlem
where cach instance is a possible conformation (or shape) of a molecule and each
bag contains all likely low-energy conformations for the molecule. A molecule is
active if it binds strongly to the target protein in at least one of its conformations
and s mactive if no conformation binds to the protein. The problem is o predict
the label {active or inactive) of molecules based on their conformations,

The MI learning model was first formalized by Dietterich et al. in their seminal
paper [4] in which they developed MI algorithms for learning axis-parallel rectangles
(APHs) and they also provided two benchmark “Musk” dats sets. Following this
work, there has been a mgnificant amount of research directed towards the devel
opment of MI algorithms using different learning models [2,56,8,9,12). Maron and
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real-valiie predictions. On Uhe boclean Musk beachimarks, the
EM-DI} algonthm without any luning sigmificanily
calperforma all previcis algorithms. EM-DD s relatively
insenmbive io the number redevand atbributes in the dats
sl nnd peales wp well W lange bag s, Furthermors, EM DD
provides a pew framewark for M1 learning, in which the M1
problem w converfed fo a single-inslance sebling by waing EM
L estimnate the imstance responsible for the Inbel of the bag

L Introduction

The multiple-mstonce (M1} learning model han pecoived
much stlention. In this model, each training exemple s oot
[on Bag) of instemces along with & single label egual to the
maximum label among all instances in the bag The
indevadial instances n'l'.Eln ihe bag are not glven lab=ls The
goal is to loarn 1o accurately predict the label of previously
upnoon hage. Standard superviecd learming can be viewod ae
n apechal case of MI learning where rach holds & angle
inatance. Tk M learning model n'.l.h'-rtgmnl y miotivated by
the dewyg actily prediclicn prebdem where each instance 88
pomsible conlformation (or shapol of & mobculs and sach bag
contming  all likely low-energy conformatoms for the
mpodicube, A maolecule b8 active if i binds strongly te the
targel proteis in sl least one of s conformations and i
inactive if no conformation binds to the protein. The
problem is o predich the label (sctive or inacitive) of
madecabes bascd on iheir conformations. The MI learming
mevidel waa Ml formaliesd by Distterich ol al. in Uheis
seiminal paper [4] in which they developed Mi nl!lp'.lnlhlm fong
learning axis-parallel reclangles (APHs) and ihey also
proveded two benchmmark “Musk® data sets. Following this
worll, there has besn a sagmdleant smounl of research
directisd towanda the devel opment of M1 slgorithms nsing
different learning mr-|'|.r-]|-|’.".|'r.F.-.H-.I.‘.£| Muarom and

Ratom [T] applied the multiple- inmance model bo the iaak of
meoogminkng a pereon from o srim of imagos that aro labelsl
pomilive il thoy eontalin Wie person and negalve alhereiss
Ul snnise technigue wan weed bo learm decriplions of maiwral
wemn imagem (aach as & walorfall) and o elrove similas
kmages froem & large bm age dalabase wsing the learped
coneepl [TI Miore rn'|'||.1.|jr. Hualla I] |_| lonm woeed Lhim model fos
date miming applications. Whike (ke musk data sels have

boolean labels, algonthma that can handle real valoe labels
are often dosirabde im real-world applcations. For example,
the hinding affinity between a molecile and receplor
guastitative, and hepce o renl-value classification of hinding
stremgth 1 preferable to a binary one. Most pricr research on
Bl lenrming i® restricied (o copcepd learming {ie bocolean
Inbeln). Recenily, Ml learning with real-valoe labsls has boen
performed using extensons of the diverse demsaty (DY) and
k-NM algorithma (1] and using MI regressiomn [10]. Is this
paper, we present a general-purpose Ml learning technigue
(EM-DDY that combimes EM (3] with the extended DD 1]
abgorithm. The algorithm s applicd o both boolean and
real-value labeled data and the resulis are compared wilh
corraponding MI learning algorithma from previoas work
In addition, the offecia of the number of instances por b.:.j
and Lhe mumber of rolevant fealures on Lhe performance
EM:-DD algorithm aro slso evaluated using artificas] data
seda. A woond contribution of the work » a new gencrmal
framework for Ml learning of converting the M1 problem (o
n alngle-fnstanes setbing wstng EM. A very skmblar approach
wan also ised by Ray and Page |10]

2 Background

Dietierich et al [4], presented theee algorithms for learning
AFRs in ke MI model Their best performing algorithm
[itemated-discrim]), staris with a point in the feature space
and “grows” & box with the goal of nding the amallest box
that covera at least one instance from each pomtive bag and
eo imstances from any negative bag The resulting box was
them expanded (via u statistical techmique) to get better
rédialta. However, the fesl data from Muask | was deed to fiine
the paramaters of the algoritbm, Thess parsmetors are then
aweed for Musk] and Musk?. Awer [2] presented an slgorithm,
MULTINST, that loarss using ssmphe stadistics o Amd the
binllspaces defining the bouwndarses of the target AR and

ciee avabds some podentinlly hard compuiational probloms
that wure required by the houristics weed in  Ehe
ierabod-discrim algonthm, More recently, Wang and Sacker
[11] propossd o lagy learnimg approach by applying twe
varianl of ko k soarcat nmgtb-ul algarithm [E-NMN} which
they rofer Lo aa cilalon-kNN snd Bayemian k-MNN. Hamon
and D Hasdi IIE'] devel & Ml neural metwork algorithm
Chir work builds beavily upon the Diwerse Denmily (DR
nlgorithm of Maron and Logago- [éres |B,0]. When descnibing
the shape of & molecule by n fealares, cne can  wiew sach
conformation of the moletuls s a point in 8 n-dimenmonal
featire space. “The diverse denmity al n Lrnil:ll pin the feature
space b 0 probabilistic peeasiee of bolh how many diiferenl
poaitive bage have an instance near p, and how [ar Ehe
negative (nstances are from po Dstaitively, the diversity
densily of n hypothesis b b jael Lhe lbedihood [with respect
e e daln) that & b Lhe Langel. A high diverse densily
indecuten n good camdidate for & “true” comcept We pow
formally define the general Ml problem (wath boclean or
real-valus In

bela} and DD Likeliheod measirement eriginally deflaed in |5
anid cxbended to eal-valis labels kn II.] Let L3 e ihe lnke
dals which conaiels of & sel of /m baga B ow (8, Ha ) and
labels L = (£, el b bon, 0 m o By o S (Mg
.|'L.' ainil lubala L By, £ ). Lot bag B - § B, i HI.I-
My | where By denobo the j** o [ b ) e, [ elance o
bag i Amume Lhe labels of 1he instances kn M are £ | .J‘._r.
. Lin: For booloan labels, & wmar{f;, &y, fis |« ‘The
diverss denmity of iypothesiped targel point b i dofy; v f5

W s , amd Bor real-wvalas Inbela, & Aol ma LAEA )= Prlh |




Related Work

® Using cryptograms for OCR goes back at least to
1986 (Nagy)

® Zhang, Zhou, and Tygar (2005) had an interesting
paper that used a $10 microphone, clustering
keyboard click sounds to recognize typed text.
After a 12-20 minute recording session their
system could recognize over 96% of typed
characters, and correctly guess 90% of 5 character
passwords in fewer than 20 attempts!
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