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Fast Self-Organizing Feature Map Algorithm

Mu-Chun Su and Hsiao-Te Chang

Abstract—We present an efficient approach to forming feature It has been noted that the success of conventional feature
maps. The method involves three stages. In the first stage, we usemap formation (e.g., trained by the Kohonen self-organizing
the K-means algorithm to selectN? (i.e., the size of the feature feature map algorithm) is critically dependent on how the
map to be formed) cluster centers from a data set. Then a heuristic . . )
assignment strategy is employed to organize th&2 selected data main param_eters of the algo_rlthm, namely, the learning rate
points into an N x N neural array so as to form an initial fea- and the neighborhood function, are selected and how the
ture map. If the initial map is not good enough, then it will be weights are initialized. Unfortunately, a process of trial and
fine-tuned by the traditional Kohonen self-organizing feature map  error usually determines them. Often one realizes only at the
(SOM) algorithm under a fast cooling regime in the third stage. By end of a simulation that usually requires a huge amount of

hree- h logicall fi Id . . . . L
ggrfgrﬁgds?egr; glitckcl)g ’igst?e%?jo(%'(ﬁsqﬁi?ﬁge fdhu%aetl;r;gnuﬁ \g’? il:_d iterations that different selections of the parameters or initial

erations to fine-tune the weights toward the density distribution of Weights would have been more appropriate. In addition, another
the data points, which usually happened in the conventional SOM problem associated with Kohonen self-organizing feature map

algorithm. Three data sets are utilized to illustrate the proposed (SOM) algorithm is that it tends to overrepresent regions of
method. low input density and underrepresent regions of high input
Index Terms—Neural networks, self-organizing feature map, un- - density [11]. Several different approaches have been proposed
supervised learning. to improve the conventional SOM algorithm. Some researchers
used genetic algorithms to form feature maps [12]-[15]. Lo
|. INTRODUCTION and Bavarian addressed the effect of neighborhood function
selection on the rate of convergence of the SOM algorithm

. . : o 6]. Kiang et aldeveloped a “circular” training algorithm
and somatosensoric maps) constitute basic building blo ] g P g ag

. : . e Rt tries to overcome some of the ineffective topological
in the information-processing infrastructure of the Nervoys o centations caused by the “boundary” effect [17]. Fritzke

system. These maps are able to preserve neighborhood relagﬂ’g?)osed a new self-organizing neural network model that
in the input data and have the property to represent regi

. : . . % determine shape as well as size of the network during the
of high signal density on correspondingly large parts of t

. A h.ﬁmulation in an incremental fashion [18]. Jehalproposed
topological structure. This distinct feature of the human bra51 self-organizing feature map learning algorithm based on

motivates the development of the class of self-organizing neufﬁéremental ordering [19]. A multilayer self-organizing feature

networks. Basically, there are two different models of self-orﬁap was proposed in [20]. Samad and Harp showed how the

ganizing neural networks originally proposed by Wi”ShaVV(ohonen self-organizi
. -organizing feature map model can be extended
and Von Der Malsburg [1] and Kohonen [2], respectively. Th§o that partial training data can be utilized [21]. Hulle and

Willshaw-Von Der Malsburg model is specialized to MappiNYS, ven introduced the maximum entropy learning rule (MER)

where the input dimension is the same as the output dimensi - . ;
; 10 achieve a globally ordered map by performing local weight
However, the Kohonen model is more general than the Will- g y P oy P g g

. dates only. Hence, contrary to Kohonen's SOM algorithm,
shaw—\Von Der Malsburg model in the sense that the formé y y g

) ble of i . f high-di . neighborhood function is needed [22]. The weights are
Oone IS capable of generating mappings from high-dimension ually initialized randomly in the SOM algorithm; however,
signal spaces to lower dimensional topological structur

Th i ; 4 adaptively i tooolodi e can assign th&/? weight vectors to be th&? randomly
ese mappings areé periormed adaptively in a topologica g%sen training patterns to ensure that they are all in the right

ordered fashion. The mappings make topological neighborho&) ain [23], [24]

relationship geometrically explicit in low-dimensional feature In this paber We propose an efficient method to generate a
map. This 'f“akfs ”‘ef_“ |n|t<i_r esting f(()jr fapptl;]catlons n Varf'OlfgpoIogically ordered feature map that reflects variations in the
areas ranging from simuiations used for the purpose of Uly,iqtics of the input distribution as strictly as possible. The re-

derstanding and modeling_ of cpmputat_iongl maps in the brar'rﬁlainder of this paper is organized as follows. The next section
[3] to subsystems for engineering applications such as CIUSE)Weﬂy presents the Kohonen SOM algorithm. In the third sec-
analysis [4], motor control [5], speech recognition [6], vectoﬁ

tization 17]. adanti lization 18 d binati En, we will give a detailed discussion of our method of gen-
quantization [7], adaptive equaliza lon [8]. an _combinationg ating a feature map. Simulation results of three data sets are
optimization [9]. Kohoneret al[10] provided partial reviews.

provided in the fourth section. The conclusions are given in the
last section.
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one- or two-dimensional (2-D) arrays of neurons and to performWe propose a method involving three stages to generate such
this transform adaptively in a topological ordered fashion. Tteetopologically ordered feature map. These three stages will be
essential constituents of feature maps are as follows [2]:  discussed in the following three subsections.
« an array of neurons that compute simple output functions . 5 .
of incoming inputs of arbitrary dimensionality; A. Selection ofv* Data Points
« a mechanism for selecting the neuron with the largestLet N? denote the size of the square feature map to be

output; generated. We use th&-means algorithm (also known as
« an adaptive mechanism that updates the weights of themeans algorithm) to selec¥? cluster centers from a data
selected neuron and its neighbors. set containing/ data points. For a batch-mode operation, the
The training algorithm proposed by Kohonen for forming d€-means algorithm consists of the following steps.
feature map is summarized as follows. 1) Randomly choose C initial cluster centers
Step 1) Initialization: Choose random values for the initial €1(0),¢5(0), . .., cc(0).
weights%(o). 2) For each sample, find the cluster center nearest it. Put the
Step 2) Winner Finding:Find the winning neurog* at time sample in the cluster identified with this nearest cluster
k, using the minimum-distance Euclidean criterion center.
3) Compute the new cluster centergk + 1)
j* =argmin|lz(k) —w,ll, j=1,...,N° (1) .
’ Qj(k—'_l):_ Z £j7 J:172770 (4)
wherez(k) = [z1(k), ..., z, (k)] represents thith 2 €8,
input pattern;V'2 is the total number of neurons, and
|| - || indicates the Euclidean norm. whereN; is the number of samples (%) that denotes
Step 3) Weights UpdatingAdjust the weights of the winner the set of samples whose cluster centeks () at time
and its neighbors, using the following rule: k.
4) Ifc;(k+1)=¢c;(k),forj=1,2,...,C, or the number
w;(k+1) =w;(k) of iterations has reached its prespecified number, the pro-
+ (k)N (k) (z(k) — w; (k) (2) cedure is terminated. Otherwise, go to Step 2).

TheseN? data points selected by th§-means algorithm
where n(k) is a positive constant andV;-(k) is would reflect variations in the statistics of the input distribu-
the topological neighborhood function of the winnetion as strictly as possible. Unlike tH€-means algorithm, the
neuron;™* attimek. It should be emphasized that theconventional SOM algorithm has to simultaneously update the
success of the map formation is critically dependenteight vectors of the winner as well as its corresponding neigh-
on how the values of the main parameters (y€:) bors. Understandably, th&-means algorithm would require
andV;- (k)), initial values of weight vectors, and themuch less computational resources than the conventional SOM

number of iterations are prespecified. algorithm. Here we suggest terminating the updating procedure
of the K-means algorithm by checking whether the number of
[ll. THREESTAGE METHOD iterations has reached the prespecified number since we will use

. . 5 X
To begin with, letX denote a spatially continuous inputthe SOM algorithm to fine-tune th&= cluster centers in stage 3.

space, the topology of which is defined by the metric relation- After we have selected the most representaiiVé data
ship of the input vectors € X. The input vector is a random points, we enter the second stage where we try to arrange these

N L
variable distributed according to an unknown probabilitf’ tdata pomtstlntolari_\f >|<| N zeurzl array s_oblas to form a
density functionf(z). Let A denote a spatially discrete outpu calfure map as topologically ordered as possible.

space, the topology of which is endowed by arranging a setf

neurons as the computation nodes of a lattice. )
Our objective is to generate a mappiddrom X onto a two- A number of algorithms have been proposed to represent
dimensional topological structuré, as shown by data from a high-dimensional space in a low-dimensional space

SO as to preserve as far as possible the “internal structure” of

Assignment of th&/? Data Points

$: X — A (3) the data in the high-dimensional space. They are metric multi-
_ _ _ _ dimensional scaling (metric MDS) [25]-[27], minimal wiring
This mapping should have the following properties. [28], [29], minimal path length [29]-[31], minimal distortion

» Nearby input vectors are mapped onto neighboring locg2], [33], dynamic link matching [34], [35], Sammons’s
tions in the output spacé, and topologically close nodesmethod [36], nonmetric MDS [37], and the approach of Jones
in A should have similar signals being mapped onto therat al[38]. Basically, these approaches construct such mapping

» Regions in the input spac& from which input vectors by optimizing some particular object functions. Goodhill and
z are drawn with a high probability of occurrence ar&ejnowski showed that several of these approaches could be
mapped onto large domains of the output spaceand seen as particular cases of a more general objective function
therefore with better resolution than regionsinfrom [39], [40]. A problem associated with these approaches is
which inputz are drawn with a low probability of occur- that there are usually many local minima on object functions,
rence. and getting stuck in some local minimum is unavoidable if a
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Fig. 2. An example of the procedure involved in the first step of the second

gradient-based method is employed as an optimization tosihge.

Therefore, genetic algorithms and simulated annealing are

alternatives.
Although these approaches can construct good mappings that O loyer 1 O
preserve neighborhood relationships, they are not appropriate O Iayer2 (‘)

tools suitable of the aim of this stage. The reasons are as fol-
lows. They can project a set of high-dimensional data points :
onto a two-dimensional space without any doubt. However, the - layer (N+1)/2

aim of this stage is not only to project tié? cluster centers
into a two-dimensional space but also to arrange them into

N x N matrix configuration. Here a heuristic method that does
not follow the gradient of an object function is proposed to ac-
complish this task. Lel(; ;) (x,x) denote the Euclidean distance

between the weight vectors of neur@n;) and neuror(h, k).

The 2-D planar distance between these two neurons is denoted O , _ _ O

asd? The neurons are labeled in the manner shown i

(4,4

efficient way to configure théV? selected cluster centers into

Fig. 1. 'Ighe aim of the heuristic method is to find a simple and

an || O

OO

n

Fig. 3. The assignment of layers in &h x N network.

an N x N matrix so as to make the resultant map own the fol-

lowing topological characteristics.

1) Sinced, vy vy = Finvny = Wigy ey We
can getdg ny,v1y 2 AN, 2 G600k
for 1 <  h,i,5,k < N. Here we assume
da,ny vy 2 A, vny-

2) Since diy 1y o vy t Ay vy 2 dapam T
di; (v, We can getd 1).n) + da).va)

d(z NN Tt d(z (N, for1 < 4,7 < N except
(1,5) # (N, N).

3) Since diy ). T divnyvy 2 dipan T
df; iy, (v, W can getd(y ny 1,n) + d(N NN 2
e, 5),(1,8) —I— a5, (N1 forl < 4,j < N except
(i,5) # (1,

4) Smced(l,N),(N,l) 2 dvvyy 2 dag).r and
dov, vy Ny T dov, vy, ovy 2 de g,y + d(i,j),(l\’,l),
we can getl(1 1y, (v, n) + d(N M),V F v vy, (v 1) 2
i gy, 1) + d(w)(l Ny +di g, forl <45 < N,

5) Sincedy, 1 .1y = A, ) 1,1y WE can geti ), 1) 2
dis.5),,8) Fdii ), v + Ay, fr LS i< j < N
andl < h < N.

6) Since iy vy + sy 2 Ay +
@i, We _can gt Y% dagpvy T+
Aoy, vy 2 2jm2 gy + dag,o for
1<h<i<N.

Now the proposed heuristic method is given as follows.

Step 1) Assignment of the Neurons on the Four Cornéfge
first select a pair of data points whose interpattern distance is the
largest one among th&? data points. The weight vectors of
the neurons on the lower left corner and the upper right corners
(.e.,wy , andw; y) are set to be the coordinates of the two
selected data pomts From the remaining €2) data points, the
coordinates of the pattern that is farthest from the two selected
data points is then assigned to be the weight vector of the neuron
on the upper left corner (i.ew; ;). Then we assign the data
point that is farthest from the three selected data points to the
neuron on the lower right corner (i.auy ). The basic idea
of this step is to quickly find four data pomts from the&? data
points such that the hyperbox spanned by these four data points
can cover as many remainiiigy? — 4) data points as possible.
The procedure involved in Step 1) is illustrated by Fig. 2.

Step 2) Assignment of the Neurons on the Four
Edges: Without loss of generality, we just present the method
of selecting (V—2) data points to compute the weight vectors of
the (V—2) neurons on the top edge (i®; 5, ..., w; (v_1))-

We first select (V—2) data points whose summed distances to
wy andw,y y are the first (V—2) largest ones. The coordi-
nates of these —2) data points are then sequentially assigned
to be the weight vectors of the neurons on the top edge in the
increasing order of the distance between the data point and
wy ;. The other three edges are processed in the same manner.

Step 3) Assignment of the Remaining Neurow& process
the assignment of the remaining neurons in the same manner as
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we peel an onion layer by layer. There afé1)/2 layers in firstselect N —2(I—1)) data points whose summed distances to
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Projection of the iris data by Sammon’s method.
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Fig. 8. The 225 cluster centers found by iterating fheneans algorithm for

five times.

a neural array containingy x N neurons. We label the layersw n_ 2y -1y, W(n—(1—2)),(N—(1—2)) are the firs(V —2(1 -
in the manner shown in Fig. 3. Suppose we are to process the largest ones. The coordinates of thédg— 2(I — 1)) data

assignment of the neurons on thie layer. Without loss of gen- points are then assigned to be the weight vectors of the neu-
rons on the top edge accordingly. We repeat the process until all
weight vectors of neurons in the neural array have been com-

erality, we still present the method of selectiifg — 2(I — 1))
data points to compute the weight vectors of the— 2(1 — 1))

neurons on the top edge. In the same manner as in Step 2) puted. Fig. 4 illustrates the whole procedure.
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Fig. 9. The resultant feature maps constructed by the three methods under the first cooling regime for the 579 data set: the left column is meghtet 1; the ¢
column is method 2; and the right column is method 3.

C. Fine-Tuning of the Initial Map it should be emphasized that (2) usually involves a large amount

If the initial map constructed in the previous stage is not godt cOMputation in computing the neighborhood function values
enough, we will use the Kohonen SOM algorithm under a faé@ Gaussian-type function is utilized to implemeWt. (k). Al-
cooling regime to fine-tune it. Since we start from an initial mafhough the{-means algorithm also requires the computation of
that roughly preserves the topological property of the data s&t” x M distancesN? x M comparison operations to find the
we then will not need a lot of amount of iterations to fine-tungnost nearest cluster centers, aNd x M updates to modify
the map. cluster centers within an epoch, the amount of computation in-

Let M denote the number of training data. For the convenelved in (4) is much less than the amount involved in (2). If we
tional SOM algorithm, it requires the computation®f x A7  run the K-means algorithrf” times, theril” times that amount
distances)N2 x M comparison operations to select winners, anef computation is required to find oi¢? cluster centers. If"is
N?x M updates to modify weight vectors within an epoch. Hereot a huge number, then the whole computational complexity of
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Fig. 10. The resultant feature maps constructed by the three methods under the second cooling regime for the 579 data set: the left column ie mestibed 1; th
column is method 2; and the right column is method 3.

the K-means algorithm is much less than the SOM algorithmuork, the total amount of computation required for Steps 2) and
When we enter stage B, we first have to establish a look-up taBlewill be less than N + 1)/2 times of P. If N is not much

for the N2(N? — 1)/2 distances to lessen the computationareater thar\/, then the complexity of our method is less than
burden. Then it required 2(N? — 1) /2 comparison operations the SOM algorithm.

to find w andyLN,N2 — 2 summations and comparison

operations to findy, ,, andN? — 3 comparison operations and IV. SIMULATION RESULTS

2(N? — 3) summations to finduy . In Step 2), it requires  Three data sets are used to illustrate the performance of our
4(N? — 4) summations and(N — 2)(N? — 4) comparison method. The first data set consists of 579 2-D data points shown
operations to initialize the neurons on the four edges of the NRI-Fig. 5. The second data set is the well-known iris data set
work. Let > denote the total amount of computation requireghat consists of 150 four-dimensional (4-D) data points. A 2-D
in Step 2). Since there at&v 4 1)/2 layers in anV x N net- configuration for the iris data set using Sammon’s projection
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The resultant calibrated maps constructed by the three methods under the first cooling regime for the iris data set: the left column; iheedmerl

Fig. 11.

column is method 2; and the right column is method 3.

method is shown in Fig. 6. The 150 patterns in Fig. 6 hav€-means algorithm for only five times to select the most rep-
been labeled by category to highlight the separation of the thresentativeV? data points from each data set. To illustrate the

categories. The third data set is the animal data set originadiffectiveness of our method, we use three different approaches

introduced by Ritter and Kohonen [41]. Fig. 7 shows the 2-B forming feature maps. The first method is to use the random
projection of the 16 patterns in two dimensions by Sammonisitialization scheme. Method 2 randomly seledf$ training

method. For all simulations of the three data sets, we iterated thada to initialize theV? weight vectors. Our method is the third
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Fig. 12. The resultant calibrated maps constructed by the three methods under the second cooling regime for the iris data set: the left colunin tkemethod

center column is method 2;

and the right column is method 3.
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method. To further demonstrate the performance of our method
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TABLE |
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tors for the last one-third epochs. The intentiosional space, and there are total 150 patterns in the data set.
of this cooling regime is to quickly cool down theEach class has 50 patterns. A network with=8.5 neurons

training procedure. was trained by the iris data set. Since it is not possible to vi-
Note that the parametér represents the number of epochs isualize a 4-D mesh, we decided to provide “calibrated maps”
our simulations. so that one may easily validate whether the resultant maps are

Example 1) 2-D Data Set: A 15 x 15 network is trained topologically ordered or not. A map is calibrated if the neu-
by the artificial data set shown in Fig. 5. Fig. 8 shows the 22%ns of the network are labeled according to their responses to
cluster centers found by thE-means algorithm. Figs. 9 andspecific known input vectors. Throughout our simulations, such
10 show the resultant maps constructed by the three differéatteling was achieved by so-called minimum distance method
methods under regimes 1 and 2, respectively. The left colunfne., a neuron is labeled to class if its nearest neighbor be-
the center column, and the right column of these two figurésngs to classn.) The resultant calibrated maps are shown in
show the maps constructed by method 1, method 2, and metiégls. 11 and 12 for regimes 1 and 2, respectively. We have man-
3, respectively. By viewing Fig. 9, we find that the conventionalally drawn boundaries (black thin curves) between different
SOM algorithm under a convenient cooling regime is insensibidasses on some calibrated maps in order to ease the compar-
to initial weights. All three methods constructed topologicallisons of the three methods. Again, Fig. 11 confirms that the con-
ordered maps. Note that although topologically ordered mapsntional SOM algorithm under a convenient cooling regime is
can be formed in the 10th epoch more updates were still requiiadensible to initial weights. Although the three maps shown in
to fine-tune the weights toward the density distribution of thig. 11(b), (f), and (j) have no small fragment regions, they have
data points. On the contrary, Fig. 10 tells us that the conventiomait yet matched the density distribution of the data set. As the
SOM algorithm under a fast cooling regime is very sensible tearning procedure progressed, they matched the data distribu-
initial weights, and only our method can form a good topologtion more. From Fig. 12(d), we find that the number of neurons
cally ordered map. In the case of our method, the mesh remaingst responding to class 1 (i.e., iris setosa) is much less than
untangled and quickly adapts in detail within ten epochs. Qne other two kinds of neurons, indicating that the feature map
the other hand, the meshes on the left two columns of Fig. inot well formed. This phenomenon also exists in Fig. 12(h).
first tangled and then tried to unfold themselves. Unfortunatelyurthermore, class 1 is split into two regions in Fig. 12(h), indi-
even if we used 90 more epochs to continue the training procesating a more serious defect. On the contrary, classes 1, 2, and 3
the incorrect topological ordering was not eliminated. In facthown in Fig. 12(l) are almost separable from each other except
the meshes still tangled even when we continued the trainifag two small isolated regions. That classes 2 and 3 do overlap
process for another 900 epochs. each other in the original 4-D space indicates that this feature

Example 2) Iris Data SetThe iris data set has three submap matches the data structure of the iris data. Again, a good
sets (i.e., iris setosa, iris versicolor, and iris virginical), twtopologically ordered map can be constructed more quickly and
of which are overlapping. The iris data are in a four-dimereorrectly by our method than the SOM algorithm.
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Fig. 13. The resultant calibrated maps constructed by the three methods under the first cooling regime for the animal data set: the left coludh; igheetho

center column is method 2; and the right column is method 3.

Example 3) Animal Data SefThe animal data set was orig-“2" represents carnivore, and “3” represents herbivore). Note
inally introduced by Ritter and Kohonen to illustrate the SONhat we find that the 2-D projection of the animal data set is

for high-dimensional data set. It consists of the description tifiearly separable from each other by viewing Fig. 7. The 13
16 animals by binary property lists tabulated in Table I. We thearoperties consist of the input vector to the network ofx1

group these 16 animals into three classes (“1” represents bitd,neurons. The calibrated feature maps are shown in Figs. 13
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Fig. 14. The resultant calibrated maps constructed by the three methods under the second cooling regime for the animal data set: the left caldrntissmeth

center column is method 2; and the right column is method 3.

and 14 for regimes 1 and 2, respectively. From Fig. 13, vand two clusters, respectively; indicating that the feature map
observe that all three methods can construct topologically @s-not correctly formed because it is too fragmented. The map

ferent results. In Fig. 14(d), classes 1, 2, and 3 span two, thrEgg. 14(l), we find that the three classes are entirely enclosed by

dered maps quickly. However, Fig. 14 demonstrates totally dghown in Fig. 14(h) also is fragmented. On the contrary, from
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their population clusters, indicating that the feature map is well12] S. A. Harp and T. Samad, “Genetic optimization of self-organizing fea-

formed. Once again, a topologically ordered map can be con-
structed quickly and correctly by our method.

(23]

(14]

V. CONCLUSION

In this paper, an efficient method for forming a topologically [15]
ordered feature map is proposed. Observing the simulation re-

sults,

1)

2

~

3)

4)

(1]

(2]
(3]

4

(5]

(el
(7]
(8]

El
(10]

(11]

we can make the following four concluding remarks.
The initial map constructed in the second stage alread
roughly preserves the topological property of the data set.
Viewing Figs. 10(i), 12(i), and 14(i) can confirm this ob-

[16]

7]

servation. In other words, we almost achieve one-pasgg

learning.
The topological relations of data can be more preserved

if we fine-tune the initial map in the third stage. More [19

important, we can use a fast cooling regime instead of a

ture maps,” irProc. Int. Conf. Neural NetworkSeattle, WA, 1991, pp.
341-346.

M. Mclnerney and A. Dhawan, “Training the self-organizing feature
map using hybrids of genetic and Kohonen methods,Piac. IEEE

Int. Conf. Neural Networksl 994, pp. 641-644.

S. J. Huang and C. C. Hung, “Genetic algorithms enhanced Kohonen'’s
neural networks,” irProc. IEEE Int. Conf. Neural Network4995, pp.
708-712.

M. C. Su and H. T. Chang, “Genetic-algorithm-based approach to self-
organizing feature map and its application in cluster analysisPrat.
IEEE Int. Joint Conf. Neural Network&\K, 1995, pp. 2116-2121.

Z.-P. Lo and B. Bavarian, “On the rate of convergence in topology pre-
serving neural networkspiol. Cybern, vol. 65, pp. 55-63, 1991.

M. Y. Kiang, U. R. Kulkarni, M. Goul, A. Philippakis, R. T. Chi, and E.
Turban, “Improving the effectiveness of self-organizing map networks
using a circular Kohonen layer,” iRroc. 30th Hawaii Int. Conf. System
Sciences1997, pp. 521-529.

B. Fritzke, “Growing cell structures-a self-organizing network for unsu-
pervised and supervised learning&ural Networksvol. 7, no. 9, pp.
1441-1460, 1994.

] Y. P.Jun, H. Yoon, and J. W. Chol* learning: A fast self-organizing

slow cooling regime usually adopted by the conventional20]

SOM algorithm.

Our method is less sensible to the selections of learning1]
parameters than the conventional SOM algorithm sinc§22]

our method can form topologically ordered feature map
under two different cooling regimes.

The conventional SOM algorithm under a convenien
cooling regime can construct topologically ordered

23]

feature maps no matter which initialization scheme is[24]

utilized. This can be confirmed by viewing Figs. 9, 11,

and 13. The only price one has to pay is a large amount gbs;

updates required to fine-tune the maps to move weights

toward the density distribution of the data. [
[27]
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