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Abstract

We presert a hew approac to personalized
handwriting recognition. The problem, also
known as writer adaptation, consistsof con-
verting a generic (user-independert) recog-
nizer into a personalized (user-dependert)
one, which has an improved recognition rate
for a particular user. The adaptation step
usually involves user-speci ¢ samples,which
leadsto the fundamenrtal question of how to
fusethis new information with that captured
by the genericrecognizer. We proposeadapt-
ing the recognizerby minimizing a regular-
ized risk functional (a modi ed SVM) where
the prior knowledge from the generic recog-
nizer ernters through a modied regulariza-
tion term. The result is a simple personal-
ization framework with very good practical
properties. Experiments on a 100 classreal-
world data setshaw that the number of errors
can be reduced by over 40% with as few as
v e user samplesper character.

1. Intro duction

This paper addressesthe personalization of a hand-
writing recognizer,as found in computer applications
where the primary input deviceis not a keyboard but
a digital pen. The basicidea is to increasethe recog-
nition rate for a specic user by adapting the recog-
nizer to her personal writing style. The problem is
also known as writer adaptation and has been exten-
sively studied e.g. by Matic et al. (1993); Platt and
Matic (1997); Brakensiek et al. (2001); Connell and
Jain (2002). Writer adaptation is gaining new impor-
tance as devicessud as Tablet PCs, PDAs (personal
digital assistaris), and SmartPhones(cell phoneswith
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PDA capabilities) are becomingincreasingly popular.
The rationale behind personalizinga recognizeris sim-
ple: since handwriting is inherently unigue, one ex-
pects that | given realistic design constraints | a
personalizedrecognizerleadsto better performanceon
the corresponding user'sdata than a genericrecognizer
which hasto work for a variety of users.

In practice, the recognizer has to adapt to a user's
writing style via sample data which requires explic-
itly prompting the userfor training samples.In terms
of usability, this is expensive and as a consequence
the amount of personalization data will be very lim-
ited. Also, combining this new information with that
already captured by the generic recognizeris a chal-
lenging problem. We proposesolving the personaliza-
tion problem by minimizing amodi ed regularizedrisk
functional | in our casea modied support vector
machine (SVM) | on the personalization data. We
shaow that this technique, called biasedregularization,
provides a principled way for trading o generic and
user-sgeci ¢ information and leadsto state-of-the-art
results in writer adaptation.

The paper is organized as follows. The model of our
recognizeris described in Section 2. A brief intro-
duction to SVMs is given in Section 3. This may be
skipped by readersfamiliar with the subject. Biased
regularization is introduced in Section 4, the result-
ing algorithm is discussedin Section 5. Sections 6
through 8 give experimental results, which are com-
pared against previous approadiesin Section 9. The
paper concludeswith a brief discussionin Section 10
and an appendix on the use of kernels.

2. The Mo del

Building a character recognizer requires solving a
multi-class classi cation problem. In the caseof our
Latin character set (Section 6) the number of classes
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isn = 100. The model that we useis a pairwise multi-

classSVM classi er, i.e. it consistsof an ensenble of
all possible binary 1-vs-1 SVM classi ers. For a 100
classproblem, there are 5 = 4;950 pairwise classi-
ers. The 4,9500utputs (all 1) are combined into a
single output through majority voting, i.e. we simply
count the number of wins and output the classlabel
that won most often. There exist other, equally plau-
sible SVM-based multi-class models such as 1-vs-rest,
DAGSVM and monolithic methods (Hsu & Lin, 2002).
We chosethe 1-vs-1architecture sinceit is easyto im-
plement, scalesto our 100classproblem, and is known
to work reasonablywell in practice. However, the per-
sonalization approac preseried below is by no means
restricted to this particular choice.

The modelis asfollows. For agiveninput x, ead pair-
wiseclassi er i-vs- producesa binary output hj (x) 2
f1; 19, indicating whether it will vote for classi orj,
respectively. The h; are thresholded linear functions
of the form

hij (x) = sgn@w;” x + by ) @)

The output of the recognizeris an integer betweenone
and n, computed via

" #
X X

hik (x) hki (x) 2
k K

f (x) = argmax
I

For notational corvenience,we now drop the classin-
dicesij , sinceall 1-vs-1classi ers are treated indepen-
dently and identically. This allows us to discussthe
ideas below using a single binary classi er h(x), two
classed 1;1g, and one set of parametersw and b.

3. The Generic Recognizer

The genericrecognizerconsistsof the above multi-class
model with the binary classi ers h(x) trained as lin-
ear soft margin SVMs. For h(x) to be an SVM, its
parametersw and b have to minimize the regularized
risk

1 2 X >
R(w;b) = ékwk + C 1 yiw’xi+b . (3
i=1

Here, the right term denotesthe data t on the m
training points, measuredby the hinge lossL( ) =
[ ], = maxf0;1 g. The left term is the regular-
izer which ensuresthat the problem is well-posed by
penalizing large componerts of w and thusimplements
the maximum margin principle (Schelkopf & Smola,
2002). The tradeo betweena small kwk, i.e. a large
margin, and a good data t hasto be made a priori

by the choice of the regularization parameter C. The
problem of how to choosethis parameter will be ad-
dressedin Section7.

The standard way of looking at an SVM howeer, is
through the dual problem of minimizing (3), namely

P P
min 3 Ho 0 YiYiXX =1
sit: B i C (4)
iz1 i¥Yi=0

The derivation can be found in Schelkopf and Smola
(2002); Chang and Lin (2001). Both problems(3) and
(4) are equivalent. Given the solution to the dual, the
optimal primal parameter w corresponds to

X
W =
i=1

iYiXi: )

Note that the form of the solution (5) implies that
the normal of the decision hyperplane (1) lies in the
span of the training points x;. The well-known repre-
senter theorem (Kimeldorf & Wahba, 1971; Schelkopf
et al., 2001) statesthat this is indeedthe casefor any
lossfunction, and for any regularizer that is a strictly

monotonic increasingfunction of kwk. We will return
to this result in Section4. Also, note that in the dual
formulation (5), C bounds the magnitude of the co-
ecients y; ; and therefore limits the e ect of the
training points on the solution (5). This is in agree-
ment with the role of C in the primal formulation (3),
namely that of controlling the e ect of the data t

term.

4. Biased Regularization

Let ussupposethat we havethe genericrecognizerplus
a small number of new user-sgeci ¢ training samples.
Also, we assumethat the original (user-independert)

training samplesusedto build the generic recognizer
are no longer available.

To motivate our approad, note that the regularization
term kwk? in (3) encadesthe prior knowledge about
small w being preferable. This is basedon various
related ideas sudh as the Occam's Razor, smoothness
of the decision boundary, or in the particular caseof
SVMs, the maximum margin principle. If we fully ig-
nore the data t term by setting C = 0, the solution
becomesw = 0. In away, w = 0 is our safestbet in
caseof unreliable or insu cien t data.

The idea of this work is to exploit this regulariza-
tion mechanism for personalization by exchanging the
w = 0 prior with the parametersof the genericrecog-
nizer. To this end, we proposeretraining ead pairwise
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classi er by minimizing

1 X
R(w:b) = Skw wok?+ C 1 yi(w xi+b,

i=1

(6)
where wy is the parameter vector of the correspond-
ing pairwise classi er in the generic recognizer, and
(Xi;Vi), i = 1:::m are the new user-speci ¢ examples
for the respective binary problem. Note that (6) is
very similar to (3), with the only di erence being the
bias towards wq rather than 0, hencethe term biasel
regularization. In particular, setting wo = 0 makes
both problems identical, indicating that the generic
recognizeris a special caseof the personalizedone.

The dual of (6) is given by

. 1P m S P
mn 3 G 0 YIYiXOX] iz (1)
sit: 9 i C
izz i¥Yi=0
(7
where
i = Yiwg X 8

The derivation is completely analogousto the stan-
dard (wo-free) caseand the problem in (4) becomesa
special caseof the problem in (7), namely for wo = O.
Analogously to (5), the optimal solution satis es

X
W = Wo + iYiXi: 9

i=1

The form of (9) makesintuitiv e sense:the prior knowl-
edgefrom the user-independen data is represened by
Wo, Whereasthe user-specic data enter as a linear
combination whosecoe cien ts are bounded by C. In
particular, if we setC to zero, we get badk the generic
recognizerwy.

It should be mentioned that the possibility of gener-
alizing the regularizer in this way has been pointed
out in Schelkopf et al. (2001), Remark 1. There, the
authors state that the represerter theorem still holds
in the presenceof an additional regularization term

wg w, which adds an extra multiple of wq to the
solution. By expanding the square term in (6) and
noting the multiple of wq in (9), onecan seethat their
generalization of the regularizer is equivalent to our
method. As a consequencethe biased regularization
approad to personalizationis very generaland can be
extendedto arbitrary lossfunctions and a wide range
of regularizers.

Finally, biased regularization can also be motivated
from a MAP (maximum a posteriori) interpretation of
SVMs (Sollich, 2000), where the L ,-regularizer comes

from a Gaussian processprior on w. There, using
W simply meansthat this Normal distribution has a
nonzero| instead of the usual zero| mean.

5. Personalization Algorithm

This section describes how to implement SVMs with

biased regularization (7) for personalization. Solving
standard SVMs (4) e cien tly is a well studied prob-
lem and seweral good implementations exist. Sequen-
tial Minimal Optimization (SMO) (Platt, 1998)is the
perhaps most commonly used algorithm for solving
(4), for exampleasin LIBSVM (Chang & Lin, 2001).
SMO can be easily adapted to solve (7) instead of (4),

sincethe only di erence is a translation of the objec-
tive function in -space. In SMO, there are basically
two mecdhanisms: one that follows the gradient (or a
related decent direction) downhill and onethat makes
sure that every iterate satis es the constraints. With

biasedregularization, the gradient changesonly by the
constart ! ;, while the constraints stay the same. This

simple change can be readily applied to any standard
SMO implementation.

Before we give the actual pseudo code, a subtlety
about the decisionthreshold b in (1) needsto be ad-
dressed. Supposethe generic model usessomevalue
bp. One could arguethat by is just asmuch part of our
prior knowledgeaswg, and should be taken into con-
sideration accordingly. On the other hand, the non-
penalized b makesthe problem (6) translation invari-
ant, and we might wish to retain this property during
personalization. It is not clear which of the two ap-
proacheswill give better results, and the decisionwill
mostly be determined by the designer'spersonal pref-
erences.

In the current study, we decidedto put a penalty on
deviations from by. Mainly for the sake of simplicity,
we use the same penalty as for the deviations from
Wo. This is achieved by making the following changes
to the method: we replace

X7 (x7;1); i=1l::m

wg  (wg;ho)
w>  (w”;b)

(10)

and minimize

1 2 x >
R(w) = Ekw wok® + C 1 yi(w”xi), (11)
i=1

with respectto w. Note that this implicitly introduces
the term %(b by)2, which penalizesdeviations of the
personalizedthreshold from by. The problem now has
the form of a linear SVM without a threshold, wherein
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Figure 1. A random sample from data set A.
4. Up date:
k  minfmaxf « 2—; 0g; Cg
goto 2

the dual reads

P P
min 3 T 0 YiYXTX ST ¢ R
st: O i C

(12)
In comparison with (7), the equality constraint has
vanishedin (12). In the context of standard SVMs, the
Kernel Adatron (KA) algorithm (Friess et al., 1998;
Shawe-Taylor & Cristianini, 2004) may be viewed asa
simpli ed version of SMO for caseswith no threshold
b, i.e. no equality constraint in the dual. Aswith SMO,
KA is readily adapted to solve (12), the pseudocode
is given as Algorithm 1. Line 1 initializes the coe -
cierts to zero,and pre-computesthe constart gradient
oset !i. Lines2 and 3 nd a descem direction, and
line 4 updates the coe cient |, subject to the con-
straint 0 k C. The nd in Line 3 is deliberately
looselyspeci ed. In our implemertation, we pick the k
with the maximum jsgj, which is a simple and popular
choice(seeChangand Lin (2001)), but other heuristics
are possible(Friesset al., 1998). Algorithm 1 reduces
to KA (modulo the selectionheuristic) for wg = 0.

6. Data Sets

The performanceof our method is tested on two real-
world data sets, A and B. Data samplesin both sets
are uniformly distributed over 100 possible western
handwritten character classesgiven by

ABCDEFGHIJKLMNOPQRSTUVWXYZ
abcdefghijklmnopgrstuvwxyz
0123456789 "#S$%&" () *+,./:;
<=>?@[\1"_{|}~¢£¥§°2€

The number of samplesper user, however, varies be-
tweenroughly 100 and 3,000. Each character sample

vector x 2 R®. The features have been computed
from ink stroke data, asin Rowley et al. (2002) and
references(they are essetially coe cien ts of Tchehy-
chev polynomials tted to the ink strokes).

Data set A contains 200,000 handwritten characters
from 215users. We split set A into training (85%) and
test (15%) sets. Data set B cortains 84,000 samples
from 21 usersthat did not cortribute to setA. It has
40 samplesper character and user. We alsosplit setB

into training and test set (30 and 10 samplesof eah

character, respectively). A samplefrom setA is showvn

in Figure 1.

7. Building the Generic Recognizer

Prior to training the genericrecognizer,we ran a model
selectionexperiment to x the regularization parame-
ter C. For the sake of simplicity, we decidedto usethe
samevalue of C for all 1-vs-1classi ers. We computed
cross-walidation errors (8 folds) on training set A for
various valuesof C (from 10 ! to 10*), and chosethe
onethat gave the lowesterror. The 1-vs-1SVMs were
trained using a publicly available Matlab wrapper for
LIBSVM (Chang & Lin, 2001). Figure 2 preserns the
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Figure 2. Fixing the regularization parameter C for the
generic classier. The solid line shows the mean cross- BRSVM
validation error for various choices of C, the dotted lines z 19
denote one standard deviation. The minimum is attained g 8
betweenC = 10and C = 100. gl
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cross-walidation error as a function of C. As C is in- 8 %
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the range of 10 to 100, and then increasesslightly, as
the model starts to overt. Aslong asthe valueof C is
above someminimum value, its e ect on performance
is not dramatic. Giventhat C variesover v e ordersof
magnitude, the error performanceseemsrather insen-
sitive to a poor choice of C. Based on these results,
C was set to 20, producing an 8:4% error in cross-
validation, and 8:2% error on test set A. In terms
of computation time, a direct Matlab implementation
yielded over 1; 700 predictions per secondon a 2GHz
PC.

8. Personalization Exp eriments

At this point we discarded the generic training set
A and focusedon personalization performance on set
B. The biasedregularization approac was compared
with from-scratch retraining, i.e. with simply training

standard SVMs as before, albeit on personaldata this
time. To distinguish betweenthe two methods, we will

refer to the biased regularization method (Algorithm

1) as BRSVM, and to from-scratch retraining (stan-
dard SVM) simply as SVM.

8.1. Mo del Selection

Although C = 20 was found to work well for the
generic recognizer (Section 7), we ran another model
selectionexperimert to (re-) x the regularization pa-
rameter C for personalization. We did this for two
reasons.First, the optimal value for C may vary with
the number of training samples(Schelkopf & Smola,
2002)and could changeasthe training setsizefor per-
sonalization (data set B) is two orders of magnitude
smaller than for the generic recognizer (data set A).
Second,C was chosenfor a standard SVM, and might
be inappropriate for BRSVM.

We computed crossvalidation errors (8 folds) on train-

Figure 3. Fixing the regularization parameter C for the
personalized classier. Both panels shov contour plots
where lighter areas denote smaller error, and the black
lines are level curves. The top panel illustrates how the
crossvalidation error (averagedover all 21 users) depends
on the number of samplesand on C when personalizing via
standard SVMs. The bottom panel shows the dependen-
ciesfor the BRSVM method.

ing set B, while varying the number of training points
per character from k = 1:::10 and the regularization
strength from C = 1:::1000. As expected, for both
methods accuracy improves with increasing amourts
of training data. Along the C-axis, the SVM solu-
tion (Figure 3, top) doesnot changefor valuesabove
C = 10, indicating that we are already in the hard
margin domain there. BRSVM (Figure 3, bottom)
seemsto overt slightly as C grows. A possible ex-
planation for this is that the biasedregularizer imple-
mens a tradeo betweenlarge margin and closeness
to wo, and sothe large margin e ect decays faster as
we increase C. On the other hand, BRSVM seems
more robust to strong regularization than SVM. This
is expected, sincefor C = 0 we still have the generic
solution, w = wg, asopposedto w = 0 (SVM).

From Figure 3 we concludedthat C = 20, which was
also used for the generic recognizer, is a reasonable
value for personalization as well. We therefore kept
C = 20 unchangedfor both SVM and BRSVM.

8.2. Biased Regularization vs. From-Scratc h
Retraining

For the comparison experimerts, we randomly drew
1:::20 samples per character (n = 100) from
training set B, which yielded training sets of size
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Figure 4. Top: Error rates for personalizedmodels on user-
dependert test data (test setB). The plot shows results for
both methods (averagedover 21 users), SVM and BRSVM.
The dotted lines denote one standard deviation. Bottom:
p-values for a paired t-test of the improvemert being in-
signi cant (seetext).

100,200 ::: 2000. Thesedata setswereusedto sequen-
tially personalizethe genericrecognizer. Experimerts

wererepeatedeight times for eat user, ead time with

a di erent random seedfor drawing the training sub-
set. Figure 4 depicts the the meanerror (averageover
all 21 users)on test set B asa function of the number
of personalization samples.

8.2.1. Perf ormance Gain

The error rates for the SVM and BRSVM versionsof
the personalizedrecognizers,are shavn in Figure 4A.
When no samplesare available (far left), SVM oper-
ate at the baselineerror rate corresponding to random
guessingin a 100 classproblem, which is at 99% (not
shawvn). With BRSVM, this error rate is 10:2% and
equalsthat of the generic recognizeron the test set
B. The increasein this value from 8:2%, which is the

2000
training samples per class x 100

Figure 5. Error rates for the personalized model on user-
independert test data (test set A). Analogously to Figure
4 (top), the plot shows results for both methods (averaged
over 21 users), SVM and BRSVM, including error bars.

performance of the generic recognizeron the test set
A, is probably due to the set of usersin set A and B
being disjoint.

BRSVM produceslarge improvemerts during person-
alization, even with few training points. With ve
samples per character, it reducesthe error rate to
6:1%, which is 40% lower than without personaliza-
tion (10:2%) and 45%lower than from-scratch training
(11:1%).

8.2.2. Significance of the Impr ovement

As the sample size increases,the error rates for the
two methods becomecomparable. With more than 10
or 15 samples,the di erences in Figure 4A do not ap-
pear signi cant (one standard deviation error bars are
shown as dotted lines). The relatively high variance
however, comesfrom di erences between usersrather
than within users. To illustrate this, the bottom plot
in Figure 4 shows the p-values of a paired t-test of
the hypothesisthat two matched samples,i.e. the re-
sults of both methods for a xed user,comefrom dis-
tributions with equal means. Examining Figure 4B,
we note that the p-valuesare always well below 10 4
suggestingthat even though the error bars overlap,
BRSVM produces statistically signi cantly lower er-
rors than from-scratch training.

Evertually, with lots of samples per class, the two
methods will becomeindistinguishable in terms of per-
formance. Howewer, in a real-world setting, expecting
even 10 samplesper character from a user is proba-
bly already at the limit of than what we canaord in
terms of usability.
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8.2.3. Inter-User  Generaliza tion

Next, we tested how well the personalizedrecogniz-
ersgeneralizeto usersnot seenduring personalization.
Since the personalizedrecognizeris designedfor use
only with one speci ¢ user, inter-user generalizationis
not as important. However, given the improvemerts
on the personalizationset obsened in Section8.2.2we
were curious to know how much the genericrecognizer
had changedduring BRSVM personalization, and how
well the SVM personalizedrecognizercould generalize
to other users. We took the recognizersfrom Figure
4 (two methods, eight trials, 21 users)and measured
their performanceon test set A. This corresponds to
the scenario wherein a generic user (one of the 215
usersin data set A) usesone of the personalizedsys-
tems. Figure 5 shows the results.

The SVM recognizer starts at 99% error on the far
left and learns user-independert information to some
extent, but the error remains above 40%. It is obvious
that samplesfrom a single user, no matter how many
there are, are not su cien t to learn a generalclassi er.
As a result, the SVM personalizedrecognizerwill do
poorly on usersother than the oneit waspersonalized
for.

On the cortrary, using BRSVM, the error, starting at
10:2%, does grow, but saturates around 15:5% as we
reach 20 samplesper class. Even though asymptoti-
cally both methods achieve lessthan 5% error on the
personalization data, the SVM error on the generic
datasetis v etimes higher (48:7% vs 15:5%).

8.2.4. Experiment Summary

The two main insights from the comparison experi-
mernts are

1. Personalized recognizersyield higher accuracies
than a generic recognizer, even with very few
training examples.

2. BRSVM vyields signi cantly lower errors than
SVM training, on both user-specic and user-
independert data.

9. Related Work

The absenceof a standardizeddata setfor writer adap-
tation makesit dicult to compare the results ob-
tained hereto related work. Error measuresalso vary
from handwritten characters to handwritten words,
both with and without dictionaries and frequency pri-
ors. Nevertheless,we outline the results of some ex-
isting approades on writer adaptation. Two neural

network basedmethods were preseried by Matic et al.
(1993) and Platt and Mati c (1997), although with lim-
ited experimental results. Both methods personalize
only the last layer of a neural network, which is an
SVM in the former caseand a constructive RBF net-
work in the latter. The rst approad uses450 re-
training samples(handwritten character) from sewen
users(40 classes)and yields a 2:5% character error af-
ter personalization. The performance of the generic
systemis not given. The secondapproac was tested
on Vv e users(72 classes)using 50-100retraining sam-
ples (handwritten words) per user, and yielded a 45%
improvemert on the word error (using a dictionary). A
larger experiment was conducted by Brakensieket al.
(2001), who used MAP estimates and EM (expecta-
tion maximization) to adapt an HMM (hidden markov
model) for recognizing handwritten words from a dic-
tionary. They report a 39% reduction in word error
using 100 samplesand 21 users.

The most relevant comparison can be made with the

work by Connell and Jain (2002). They propose an
HMM based writer adaptation sdheme that uses a
whole set of models (called lexemeg for adaptation.

They report a 58% improvemen in character error
from 23:8% to 10% on data from 11 users over 26
character classes. Each user provided 1,100 training

examplesduring personalization, which correspondsto

roughly 42 samplesper character. In our experimerts,

the maximum number of samplesper character is much

lower (at most 20) and our method produced a 57%
improvemert in character error rate (from 10:2% to

4:4% with 20 samples)through personalization. While

the two results seemsimilar, pleasenote that besides
having lessthan half the number of training points,

our data set has four times as many classesand that

our accuraciesare in a higher absolute range where
improvemerts are usually harder to achieve. Sitill, a
direct comparisoncannot be made sincethe data sets
are di erent.

10. Discussion

We have preserted a new personalization method for
handwriting recognition. The main cortribution of
this paper is the use of biased regularization for per-
sonalization as a principled way of trading o user-
dependert versususer-independert information. Since
the proposed method is a modi cation of standard
SVMs, it inherits desirable properties such as corvex-
ity of the risk functional or the possibility to use ker-
nels (seeAppendix A).

A comprehensie evaluation on real-world data shows
that our approach performs well in practice. First,
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it signi cantly reducesthe error rate, even with very
few user samples. Second,the low computation time
of both evaluation (> 1;700 detections per second)
and retraining (< 10 secondsfor 200 user samples)
makesit well-suited for real-time applications, also on
platforms with lower computation power.

App endix A: The Kernelized Case

An important feature of SVMs and related algorithms
is that they can be turned into more generalnonlinear
methods by merely using nonlinear kernel functions
k(xi;X;j) instead of dot products x;” x; . To seethat the
useof biasedregularization presenesthis property, let
the genericsolution be

Xo
oi K(Xoi; ): (13)

i=1

Then, replacing all dot products in (12) with kernels
yields

=)
min 3 T 0 Yy k(xisx;) Pizl i 1)
st: 0 i C
(14)
where
Xo
Li=yi oj K(Xoj ; Xi): (15)

j=1
Implemerting the kernelizedversion of Algorithm 1 is
therefore straightforward: the only required changeis
to replacethe o set initialization in Line 1 with (15)
and the dot products in Line 2 and 4 with k( ;).
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