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Handwritten Digit Recognition by Adaptive-Subspace
Self-Organizing Map (ASSOM)

Bailing Zhang, Minyue Fu, Hong Yan, and Marwan A. Jabri

Abstract—The adaptive-subspace self-organizing map (AS- model which first partitions the data into disjoint regions
SOM) proposed by Kohonen is a recent development in self- by VQ and then performs a local PCA about each cluster
organizing map (SOM) computation. In this paper, we propose a canter, Hintoret al. [10] considered the partition assignments

method to realize ASSOM using a neural learning algorithm in . .
nonlinear autoencoder networks. Our method has the advantage of examples among different PCA models in bdtimeans

of numerical stability. We have applied our ASSOM model Cclustering procedure and the expectation maximization (EM)
to build a modular classification system for handwritten digit framework. Recently, Kohonen proposed a modular neural-

recognition. Ten ASSOM modules are used to capture different network architecture called adaptive-subspace self-organizing
features in the ten classes of digits. When a test digit is presented map (ASSOM) [11], [12], which creates a set of local subspace
to all the modules, each module provides a reconstructed pattern . . . .
and the system outputs a class label by comparing the ten 'representat'lc.)ns by competitive selection and cooperative learn-
reconstruction errors. Our experiments show promising results. iNg. In traditional SOM [13], [15], a set of reference vectors
For relatively small size modules, the classification accuracy is spatially organized to partition the input space. In ASSOM,
reaches 99.3% on the training set and over 97% on the testing set. 3 number of submodels is top0|ogica||y ordered, with each
Index TermS_Adaptive_Slespace Se|f-0rganizing map, hand- Submodel reSponSible fOI’ describing a SpeCifiC I’egion Of the
written digit recognition, principal component analysis. input space by its local principal subspace. The ASSOM model
is attractive not only because it inherits the topographic repre-
sentation property in the original SOM, but also because the
learning results of ASSOM can faithfully describe the kernels
ANY neural networks learning methods have been pref various transformation groups. The simulation results in
posed to realize principal component analysis (PCA}11] and [12] have illustrated that different feature filters can
For example, an earlier approach for extracting the firgk self-organized to different low-dimensional manifolds and
principal component [1] has been extended to a network withwavelet type representation does emerge in the learning.
multiple output units, with weight vectors spanning the sub- |n an ASSOM model, local Subspaces can be adapted by
space of the firsd/ principal components [2]. Another popularinear PCA learning algorithms, which often converge slowly.
Iearning rule which allows the WEight vectors to converge tQore importantly, when applying a linear PCA algorithm to an
exactly the firstM eigenvectors was proposed in [4]. TheaASSOM model, it is prone to instability problems. It is known
significance of PCA has been much discussed. For exampleiHgt there are a number of advantages in introducing non-
pattern recognition, the subspace pattern recognition methpfarities into a PCA type network [16]-[18]. For example,
(SPRM) [3] can be directly set up on PCA. However, as |gy extending the minimization problem of the mean-square
linear method, PCA is inadequate in many real-world nonlineggpresentation error from a linear network to its nonlinear
problems. In recent years, many developments on nonlingdunterpart, the stability properties of the resulting learning
extension of PCA have been proposed. Examples incluggorithm can be much improved over the corresponding
principal curves [5], [6] and multilayer autoencoders [8]inear PCA learning algorithm. From this consideration, we are
which establish a global parametric or nonparametric modsloposing to realize local principal component representation
to describe the nonlinear data structure. Another paradigmpi$ an approximative principal subspace algorithm [16]-[18]
to use a mixture of local PCA to collectively model the datand apply the ASSOM model to classification as a generaliza-
space. tion of the traditional PCA-based subspace pattern recognition
Constructing a mixture of local PCA usually involves thenethod (SPRM) [3].
partitioning of the data space followed by the estimation For practical multiclasses classification problems, we can
of the principal subspace within each partition. A commoftain a separate ASSOM model to describe each class of
praCtice is to utilize the reconstruction errors from |0C%ata and then C|assify an unknown data point according to
principal subspace projections as the relevant distortion mgghichever model gives the best match. As an application, we
sures to guide the data space partitioning. For example, Dagpply the ASSOM model to handwritten digit recognition.
and Haykin [8] and Kambhatla and Leen [9] independentlxithough much progress has been made [19], handwritten
proposed a kind of vector quantization (VQ)/PCA mixturgigit recognition remains a difficult problem. A major reason
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some small transformations. For example, Simar@l. [20] x = x—x can be used as a measure for efficiency the subspace
have established a computationally expensive nearest neighbatescribing data, thereby forms the classification criterion.
method that allows for typical digit transformation. The elastic For a problem withK pattern classes, each class can be
deformable matching [21] also attempts to capture all the varepresented by its own subspagé) = [,(ugk), e ug\’;)m),
ations with a single model, but using a very complex matchinghere A7*) is the number of basis vectors i6*). An
scheme. As ASSOM has an important feature that some bagisut patternx is classified according to its distances from

transformation groups invariant filters (detectors) will emergg classes, with the distance being evaluated by decomposing
directly, we can use these models to combine knowledge frgiin terms of each subspace’s projection

many examples about the diversity of characters. oy o

paper is organized as follows. In the next section,
we first review the method of subspace pattern recognihe classc to which x is assigned can be defined as
tion and neural-network implementations. The least square _ .
reconstruction principle for a simple nonlinear autoencoder c = arg H%n{HX( )||}- 4)
is introduced. In Section Ill, we propose an approximativ.
implementation of ASSOM. Section IV presents ASSOM-
based modular classification scheme for handwritten di
recognition and Section V gives experimental results. Finall
concluding remarks are discussed in Section VI.

hat is, we choose the closest subspace for each data point.
i{1is is in contrast to other classification approach such as
earest neighbor, where a single point represents a class. In
g’PRM, the decision boundaries between the classes (i.e., the
boundaries where two subspaces are equally far in terms of
orthogonal residual) are quadratic surfaces.
Il. PATTERN RECOGNITION USING AUTOENCODERS In the above SPRM, it is expedient to select principal

The goal of PCA is to find thel/ orthogonal directions components for the basis vectors of a subspace and use neural

in the L-dimensional data space that account for the great&§tworks in the implementation [11], [12]. Amongst a number
possible percentage of the data’s variance. Projecting ®feneural learning paradigms, a three-layer feedforward net-
data onto theM-dimensional subspace spanned by thase work can be gsed to extract principal components, whi.chlhas
basis vectors produces the optimal dimensionality reducB@des in the input and output layers aiinodes in the hidden
description of the data in the sense that it achieves the miaver. The network is usually called an autoassociative network
imum possible information loss. In pattern recognition, the§¥ L-M-L autoencoder because it is trained to reproduce its
properties have been straightforwardly used for classificatidAPUt:

which is the subspace pattern recognition method (SPRM) [3].IN this paper, we consider a symmetrical network structure
In SPRM, certain linear subspaces within a pattern space tevhich L input elementse; are transferred taV/ hidden
used to represent classes and the basis vectors that spart'fii§" activationsy,, via the feedforward weights,,;, m =
subspace define the features of the pattern. The most important -» M, 1 = 1, -+, Ly M < L, y = f(31, wium),
significance of establishing a correspondence between clas¥i8 f being an activation function. The hidden layer activa-
and linear subspaces is that many important transformatiépns are then carried to linear output units via connections

groups can be automatically taken into account. Classificatity, { =4 L,m =1,---, M, yielding the outputs
of an unknown pattern can then be set up on an efficiengy = Zmzl Yo Wi l = 1., -+, L. We can rewrite the
metric by which the subspace can represent the data. connection we|ght_s In-matrix forrWrsar, Warxr. The
A pattern subspace is defined by its basis vectors. A setyfmmetry assumption implié& = W™ We denotew(m) as
M linearly independent vectons;, - - -, uy; in RY(M < L) themth column vector ofW, then the reconstruction vector
spans a subspacé % can be written as
M
[,:[,(uh ..-711]\4) X = Z Um (m) (5)
M m=1
= {X|X =Y amu,, for some scalars, -, @M}- Consider the optimization criterion
m=1
(1) minimize J = E{||x — %||*}
=E{[lx - Wy|*} (6)

The basic operation on a subspace is a projection of a vector ) )
x via x = Px, where the projection matri® of £ is given where E stands for the expectation operator. Obviously, (6)
by P = UWUTU)*UT, U = [ug, -, upy]. If U is an is a generalization of the least square reconstruction problem

orthonomal matrix, ther can be simplified taP? = (/77 eading to the standard PCA. Detailed studies of the objective
and the projection ok by P is x = UUTx. In this case, the (6) have been given in [16]-[18], with the gradient descent
subspaceC can be written as based learning rule as follows:

Wi = W, + i [x(ef Wediag(g:)) +ey! ] (7)
where ¢t is the time scalediag(g;) is the diagonal matrix

which is spanned by thé/ L-dimensional column vectors whose mth element is the derivative of,,, i.e., g.. =
of U. The length of the corresponding orthogonal residudl (x*w(m)), m =1, .-, M. e, = x— Wiy,.

L={xx=UU"x} )
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The close relationship between autoencoders and principdlere output units affiliated with a predefined topology com-
component analysis has been discussed in many papers,pfete for each input. Units that are neighbors of the winner
example, [16]-[18] and [22]. For a linear autoencoder, i.eupdate their weights(m), m =1, ---, M, together with the
y = WTx, it has been proven that the autoencoder acts likensnner unit, according to
linear PCA filter. In this case, the outpWW W7 x reconstructs

the input wiEh a corresponding squared reconstruction ITQY, 1 (m) = vi(m) + puhme(x — ve(m)), m=1,---, M

E = ||x — %|?, which measures how well the model fits 8

the data. Similarly, in a nonlinear autoencoder, the activation (8)

vy = f(WTx) provides the coefficients for linear combination

of the basis vectorsv(1), ---, w(M) and the reconstruction where ¢t is the time scale and,,. is a unimodal function
error ||x — %||2 = |jx — Wy]|? can be considered as athat decreases monotonically for increasing distance between
distance betweer and the subspace spannedwogm), m = ¢ andm. In this original form of the SOM algorithm, arbitrary

1, ---, M. Algorithm (7) can be termed as an approximativéample vectors are compared to weight vectors using a metric

subspace algorithm because its results are different fréff measuring their distances in the input space. The algorithm
but quite close to strict PCA solutions, especially for mil§an be generalized by associating each unit with a dynamic
nonlinearities, and the learned weight vectors of different un@perator, which is the idea of operator map proposed in [14].

are typically not exactly orthogonal, but not far from bein\SSOM is a more recent development of SOM [11]-{13].
orthogonal [17], [18]. In this paper, we choogeas a typical An essential architectural difference between ASSOM and

sigmoidal function, i.e.f(¢t) = 1/(1 + ¢~7*), with parameter traditional SOM is that the simple formal neuron in SOM
5 controlling the nonlinearity. is replaced by a basic operational unit, which could be a

As pointed out in [17], using nonlinear activation in anodule consisting of a linear input layer and a quadratic
PCA type network implicitly introduces higher-order statistic§euron. The input pattern is compared with the signal subspace
into the computations and increases the independence of f@resented by the module. The learning results of ASSOM are
components. In addition, an attractive merit of the approxinost descriptive of the kernels of the transformation groups
mative subspace algorithm (7) lies in its numerical benefitd:1], [12]. In other words, the various feature filters emerge
It has been observed by several researchers that algorifimiearning and become tuned to different low-dimensional
(7) is not sensitive to local minima and has much bett&panifolds.
stability property compared with some standard neural PCAIN [11] and [12], the local subspaces are adapted using
learning algorithms. Therefore, an autoencoder with sigmoidillinear learning subspace method, which is computational
activation in the “bottleneck” layer can be applied togethdiostly for real problems. In [11] and [12], and to overcome the
with the principle of SPRM. The squared error between tidgorithm’s stability problem, measures were proposed in order
autoencoder input and output is a measure of the distari@eachieve a sufficient stability in the self-organizing process.
between the actual data point and its projection onto the lowéys we discussed in the last section, approximative subspace
dimensional subspace employed by the bottleneck layer. atgorithm (7) has a number of advantages. In our work, we
practice, we can train separate autoencoder for each clBE&POSe to implement ASSOM by adapting the local subspaces
of data and classify an unknown data point according With algorithm (7), as detailed below.
whichever autoencoder produces the smallest reconstruction

error. B. Implementation of an Approximative ASSOM

Consider K autoencoders with each one affiliated with a
IIl. SELF-ORGANIZATION OF ADAPTIVE SUBSPACES predefined topology. Thith autoencoder associats< M *)
Basically, a set ofK autoencoders can be trained comweight matrix W), where M*) is the number of units in

petitively so that each one contributes its own representatit® bottleneck layer. When an input pattern is presented to all
to a specific data class. Given a data point from a clagbe networks, theth network with the smallest reconstruction
the reconstruction errors are first compared for all networkgiror is called the winner and satisfies the following condition:
In either way, we can allow the network with the smallest
reconstruction error to learn and keep all other networks lx — xF)|| < ||x — %W, for k # k* (9)
unchanged, or we can let each network adapt with a step size

depending on the portion of its reconstruction error in all thv(\a/here %™ is the reconstruction vector frorkth network,

errors. In the following, we consider the competitive learning ., W F(WRTx). The autoencoders can be defined

SOM [15] proposed by Kohonen which plays an |mportaQ be topologically ordered, if for each autoencoderthe

role as a component in a variety of natural and artificial neural. = . . S .
. . . principal subspace representations provided by its immediate
information processing systems.

neighbors are closer to principal subspace representation pro-
, , vided by kth autoencoder. An ASSOM can be realized by
A. A Brief Review of SOM first selecting a winning autoencoderand then choosing
The underlying principle of SOM (and its variants) is the neighborhood setV. around ¢, which determines those
preservation of the probability distribution and the topologyautoencoders withir's neighborhood. All the autoencoders
The SOM model usually uses a simple single layer netwonkjthin the V. adapt their weights according to the following
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learning rule: class labels. In general, an MPL classifier can yield quite
*) BT (k) *) different classification boundaries with respect to different

Wi+ i [X (et Ww; dlag(gt )) initial conditions or different training sets from the same data

Wt(i)l = +e§k)ytT}, for k € N, (10) space. A better alternative is to train a separate model on
examples of each class and to classify unknown data points

ng) otherwise. by checking which model offers the best reconstruction of

As in the Kohonen’s SOM, the size df, starts large and the data. This idea was proposed in [10] for handwritten
slowly decreases over time. For a two dimensional topolog§/dit recognition, where linear PCA is employed as local
a square array or hexagonal array topological neighborhod@del. Motivated by their works, we focus our attention on
shape can be selected. However, such a neighborhood seledil@gsification performance of the ASSOM. Instead of applying
procedure usually results in slow convergence. A better altédfe EM algorithm to calculate the responsibility of a module
native is to replace the neighborhood $ét by a continuous for reconstructing a test pattern, which requires introducing
neighborhood interaction functidn;; of the distance betweena variance parameter whose value is often arbitrarily chosen,
units < and j in the lattices, as in (8). The correspondingve directly use ASSOM paradigm to introduce competition
learning algorithm then becomes among the modules. In [10], each digit's manifold is mod-
eled by a number of linear autoencoders which performs
linear subspace projections. In our method, local modeling is
-diag(gt(k))> +e§k)yﬂ, k=1, K implemented by a nonlinear autoencoder.

In this paper, we have used a handwritten digit database

(1) of the U.S. National Institute of Standards and Technology

where the neighborhood interaction functibg. is a mono- (NIST), which consists of 20000 numerals. The numerals of
tonically decreasing function of the distanck. between this database have been digitized in bilevel on a«220 grid.

autoencoderg: and ¢ in the ASSOM, typically selected asAmong the data, 10000 numerals were used for training and

. . N .
Wg_’;_)l = ng) + pehiye [x (egk) Wt(k)

a Gaussian function another 10000 for testing. In our experiment, we directly use
o2 the digit bitmaps without a prestage to extract features. Our
hie = exp <— 2(’;‘;)- (12)  modular recognition system shown in Fig. 1 has ten modules

to describe the ten digit classes. Each module consists of a set
In practice, it has been found useful for convergence to staft 5 autoencoders and each autoencoderiadsidden nodes
off with a wide rangeo and then gradually reduce it duringandz, = 500 input nodes corresponding to the pixel values in a
learning. This allows the networks initially to form a crude, meral bitmap. Learning proceeds in four cycles with samples
ordering, and then refine them with respect to the inputs. Th8 o from the training set. The learning parametén (11)

Ie:T]crn(jlr;fg rat?{[t IS t]}/plcally reduc_e? _dutrrllnglleartnlngi.t d'fis initially set to 1 and then dynamically decreases to 0.1.
iherent transtorma |on§ existin the input pattemns, dity, decay constant in the interaction functiorh;. changes

ferent networks of ASSOM'’s autoencoders become tuned to ) . :

from ¢ to ¢/100, wherec is the size of a predefined square

e . L
can be made to become invariant to one transformation t rJ. T.he time dependencet;?r the;e psrahme.tershtakes a similar
and decode a certain range of features invariantly of tH&M: 1-€.9(t) = gi(gs/g:)"’*~, in which ¢ is the current

transformation. Our implementation of the ASSOM algorithrR9aptation stept.., is a predefined maximum adaptation
(11) is always stable with regard to the initial weight selectio${€P: tmax = 40000 in all our experiments. The subscripts

learning step size, and input range. 1 and f stand for initial value and final value, respectively.
In summary, the learning process can be outlined as cofe show the converged weight vectors in Fig. 2(a) and (b),
currently performing the following two steps. corresponding to the first and second components in each class,

]_) For an input pattern, determine a winner netwoirk X reSpeCtively. There are 49 classes in each ASSOM module
autoencoders, the subspat€&’ of which is closest to and M = 2 principal components in each class. Each weight
input x based on the reconstruction distance (9). Thesector is visualized in mask form after being equalized to 256
adapt the local subspaces via the learning rule of (11) fgreylevels.
each autoencoder with the step size being proportionalAfter each module is trained by the examples of its class,
to Ay in (12). the classification of an unlabeled input digit is performed by

2) Stop if the adaptations have converged, otherwise pifkding which module best reconstruct the input pattern. Ob-
a new example and return to Step 1). viously, the problem is how to yield an overall reconstruction

from an ASSOM module. Consider the reconstruction vectors
IV. AN ASSOM-BASED MODULAR CLASSIFICATION x*) k =1,..., K, from K autoencoders iith ASSOM
SCHEME FOR HANDWRITTEN DIGIT RECOGNITION module,! = 1, ---,10. In order to determine an overall

Neural networks have been often exploited in handwrittg@construction, we first specify a virtual response function
digit recognition and a common practice is to train a muks; of the kth autoencoder and then an overall reconstruction
tilayer perceptron (MLP) classifier to output one of the tewmectorx(¥ associated with itiy;, - - -, ax; is simply given as
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TABLE |
CLASSIFICATION ACCURACIES OF THEASSOM. IN THESE EXPERIMENTS, 3 = 0.1. ¢ IS THE SizE OF THE PREDEFINED GRID (K = ¢? |s THE NUMBER OF CLASSEY
AND M |s THE NUMBER OF PRINCIPAL COMPONENTS IN EACH CLASS. BOTH TRAINING AND TESTING DATA-SET HAvE 10000 3WMPLES

c M=1 M=2 M=3
training set | testing set | training set | testing set | training set | testing set

3 95.58% 94.91% 96.71% 95.56% 97.61% 95.95%
4 96.63% 95.61% 97.96% 96.08% 98.32% 96.83%
5 98.03% 96.13% 98.47% 96.43% 99.07% 96.82%
6 98.37% 96.52% 98.95% 96.76% 99.28% 97.18%
7 98.73% 96.72% 99.12% 96.9% 99.45% 97.26%
8 99.30% 97.25% 99.3% 97.35% 99.65% 97.87%

A simple way of establishing a virtual response functign

module 1 is to use Gaussian functions with centerstét”, e.g.,
Err,
: : [x — 0|2
. A = €X - —
ki p 21{%1 )
X module k | argénin_cq; k=1,---, K, I=1,---,10 (14)

. where ky; iS a parameter that controls the response range of
’ the kth autoencoder.

module 10 10 Based on the above discussion, for a test sanxpleve

compute the reconstruction error from each ASSOM module

Fig. 1. Our proposed modular classification system for handwritten digiéhich measures the faithfulness the module in representing the

based on the ASSOM model. data. The recognition process can then be simply performed

by comparing the reconstruction erraeis;

err; = ||Jx — V2, I=1---,10 (15)

where! indicates the number of modulez¥ is calculated
using (13). Then, the class label is associated with the module
with the smallest error, i.ex is assigned to the class if

*o__

¢* = arg min err,. (16)
C

V. EXPERIMENTAL RESULTS

In the following, we turn to report results of experiments
illustrating the recognition performance of the proposed clas-
sification. In Table I, we show the experimental results for the
classification accuracy, which compares different number of
classes in each modulé( = ¢%, wherec is the size of a
predefined square grid). The experiments are performed with
# = 0.1. The parametek in (14) is taken as one. Intuitively,
increasing the number of classes in each module can bring bet-
ter recognition accuracy, but larger size of ASSOM modules
will slow down the training and classification. As demonstrated
Fig. 2. (a) and (b) The weight vectors corresponding to the first and secoIn Table l, 64 classegc = 8) -m each mc.)du.Ie result in a

o sfactory performance. Adding more principal components

components in each class, respectively. There are 49 classes in each ASS ) o
module and\f = 2 principal components in each class. The converged weight €ach class may further improve the recognition accuracy

vectors are visualized in mask forms after being equalized to 256 greylevelghen M is relatively small and an appropriate choice from
our experience i34 = 2-3. We also found that the sigmoidal
nonlinearity parametefi has no significant influence on the
recognition results when it is kept in a small range, e3¢ 1.
K In general, the parametet in (14) will also influence
Z apx kD the classification accuracy, and as it controls the autoencoder
O = k=L =1 ... 10. (13) response range, !t should be chosen to be relatively small. We
K L have assessed different values«cdind found that a smallet
Z axi brings a better classification accuracy on the training set while
k=1 increasing- in a limited extent can improve generalization. In

(b)

the weighted average over &f*9 i.e.,



944 IEEE TRANSACTIONS ON NEURAL NETWORKS, VOL. 10, NO. 4, JULY 1999

practice,~ can be chosen within a reasonable range without 3 : :
significant difference. o5l ... |"Trainingset
In the handwritten digits samples, there are some samples 7 ‘ | ~Testing set
with considerable variances in shapes, stroke widths, etc., g 2 N : ’
which are harder to be correctly classified. In practice, a very g 15 \\ ..................
small error rate is often acceptable. When a recognition system 5 N
is established, error rate can be lowered by rejecting some LY S .
test patterns. In our scheme, a test pattern can be rejected if 0.5\ N TCITIITE R
the smallest reconstruction error and the second smallest error o \ j H
differs by less than a threshold. Specifically, we define an 0 5 10
indicator variablen as Rejection rate (%)
n=1_ err; (17) @
err; 100 ‘
where erf and erf are the smallest and second smallest 995 / TS A
reconstruction errors, respectively. A decision is made by the 5 P
following rule: < 99 e
=gas5} ... 4.
x is rejected from classification # > 7 598'5 /./'
x is accepted for classification if < 7y (18) c 98 v L
975k e , _,Tr?'F}'WQ,_S?t...
where 7y is a threshold which can be experimentally deter- ~ Testing set
mined. Usually, the error rate is lowered by increasing the 970 5 10
thresholdn and a larger; means a higher rejection rate. Rejection rate (%)
The relationship between the error rate and the rejection is ()

shown in Fig. 3(a), in which the rejection rates correspondi (a) Relationship between the error rate and the rejection rate. (b)

to varying thresholdy; from 0.01 to 0.1 are shown, and WherQ?el.atilonship between the reliability and the rejection rate. In the simulation,

the error rate and rejection rate are defined as follows: 64 classes in each ASSOM module ahtl= 2 principal components in each
. ] class are exploited.
number of misrecognized test patterns

error rate =
number of test patterns

(19) of a number of_topologically ordered autoencerrs which
number of rejected patterns f:or.re.sponds to dlff.erem subspaces in th.e respective clgss. An
(20) individual module is trained only by the images belonging to
each digit class. During classification, upon presenting a test
In addition to error rate, another index for evaluatingattern, each module provides its own reconstruction according
handwritten digit recognition is the reliability, which referdo a prescribed principle and the overall decision is determined
to the portion of correctly recognized patterns in all the teby comparing all of the reconstruction errors. We addressed
patterns. In Fig. 3(b), we illustrated the relationship betwedéhe importance of a PCA type learning which is based on
the reliability and the rejection rate. From Fig. 3 we can sdbe least square representation error principle in a nonlinear
that the lowest error rate is less than 0.5% with rejection rateafitoencoder network. Compared with exact PCA learning
10% on the testing data set. This shows that the ASSOM basdglorithm, this approximative subspace learning algorithm is
recognition system can achieve a high recognition and lowmerically stable and robust to noise. The use of ASSOM
error rates. Reducing the rejection rate will cause an increasedel as a classifier produces promising results. With each
in the error rate. module having 64 autoencode¥/(= 2), the recognition rate
In practical recognition systems, we can set up a relgs-about 99.3% on the training set and over 97% on the testing
tively high rejection rate and employ a multistage recognitigset, with no rejection. The lowest error rate is less than 0.5%
scheme. Our proposed method can serve as the first stagif rejection rate of 10% on the testing data-set.
which correctly recognize most of the test digits and make
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