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Abstract—This article is concerned with the use of scientific visuatiation methods
for the analysis of feedforward neural networks. Inevitably, the kinds of data associ-
ated with the design and implementation of neural networks ee of very high dimen-
sionality, presenting a major challenge for visualization A method is described using
the well-known statistical technique of Principal Componat Analysis. This is found
to be an effective and useful method of visualizing the leaing trajectories of many
learning algorithms such as backpropagation, and can alsoéused to provide insight
into the learning process and the nature of the error surface
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I. INTRODUCTION

The multi-layer perceptron (MLP) is the most widely appliaad
researched Artificial Neural Network (NN) model. MLP netlksim-
plement mappings from input space to output space and aneatigr
applied to supervised learning tasks. Learning or traingngchieved
using iterative methods such as backpropagation to adjastannec-
tion weights within a network. This is commonly formulatedleemulti-
variate optimization problem over a high-dimensional gpafgpossible
weight configurations. The MLP training process is oftencdégsd as

a search of aerror surfacefor a weight vector which gives the small-

est possible error value. Iterative training produces dathe form of
a trajectory in the search space. The high dimensionalith@fveight
space, typically ranging from tens to thousands, makesiization of
the training process very difficult.

In this article, a new approach to the visualization of l@agnin
MLPs is described, using Principal Component Analysis (PGc-
tion Il provides a review of previous work in the applicatiohvisual-
ization to neural networks. After briefly reviewing PCA in&ien I,
the method for weight space learning trajectory visualimais de-
scribed and experimental results are presented in SedtioBdction V
shows how the evolution of the principal components duresgming

provides additional information about the MLP training ess, and

Section VI gives some conclusions.

II. NEURAL NETWORK TRAINING AND VISUALIZATION
METHODS

Research in the domain of neural networks and scientificalizar
tion is usually concerned with one of two general goals. Tdeu$ of
the first goal is on analysis of network results, i.e., undeming or

examined, such as the input, hidden and output unit activapaces.
By adopting this perspective we hope to gain some usefutipeddn-
sights into the general mapping properties of NNs, and tolie @
more fully understand and compare the behaviour of diffenetning
algorithms and procedures.

There are a number of straightforward ways of displayingtmul
variate data. Scatterplot techniques or Draftsman’s Risp[20] have
found wide application in the fields of machine learning asadtgrn
recognition (see, e.g. [26]). Alternatively, glyphs canused to rep-
resent data points (either in conjunction with two or thaé®ensional
coordinate axes, or representing all dimensions of thettiadaigh fea-
tures of a composite, familiar object) [6]. Perhaps the madt-known
general method of visualization using glyphs is the Chdriaices
technique, which has previously been applied to the vizaatn of
NNs as well as animating the backpropagation training ety up-
dating the face display during learning (e.g. after eactaiten) [29].
The well-known Hinton diagram [9] is also a visualizationngsglyphs
(in this case, boxes representing network weight valueg)toH-style
diagrams have been used to examine the mappings produceair®ct
networks, and further to experimentally adjust the numidenidden
units to optimize performance [24] (see also [17]). The Balat
gram [30], [31] attempts to improve on the Hinton diagram bgking
the network topology more prominent, representing nodis (imlues)
and weights in a network graphically. Some extensions amribna-
tion of the Hinton and Bond diagrams are considered in [28].

While visualization using glyphs transforms each data pimito a
pictorial or geometrical symbol whose properties refleet ¥hlues of
the variables of each data point, one might also considenctifinal
representation that maps a multivariate data set dto Andrews’
curves are the most well-known technique of this kind [12]][ The
method is well-suited to data sets of up to about 20 dimessifum a
limited number of data points (perhaps 50). For an exampbécgtion
of Andrews’ curves to neural network training data, see [7].

The most common attempt to visualize the error surface of a NN

in the literature involves plotting ranges of two differemtight values
against the error function, thereby producing a surfaceighactually a
two dimensional “slice” of the trué&/-dimensional error surface. Such
an approach is intuitively appealing, and its applicati@s been de-
scribed extensively in the literature (see, e.g. [10], J23Hush and
Horne in particular use this method of visualization to diggcand il-
lustrate the general properties of error surfaces [10]. rfeawe [17]
suggests a draftsman-like method of plotting many 2-D slafehe er-
ror surface, choosing two weights at random from the netviarieach
plot. Androulakis et al. [2] adopt a slightly more sophistied approach
to examining the structure of the error surface using 2-Demtions of

interpreting the mapping produced by a trained networksTiais been the maximum and minimum values of the Hessian, and coloyudrints

a long-standing interest in neural network research, scatithe fun-
damental “black-box” property of neural networks. For exdes of
visualization techniques developed to assist with suclerstanding,
see [25], [27]. This work is also invariably related to theaof rule
extraction from neural networks (see, e.g. [1] for an intrctibn and
references).

The second goal (which is the focus of this article) is torafieto
gain a more fundamental insight into the network itself gsisual-
ization and exploratory techniques. This work focuses grityon the

in this space according to convergence behaviour of theitigo.

Wejchert and Tesauro consider a trajectory diagram (Figwhjch
emphasizes the visualization of the learning processf if36], [31].
They suggest representing the multidimensional coordisgstem in
the 2-D plane by projecting the vector components radietiypponent-
by-component via a simple transformation. This “star-likeojec-
tion makes the axes non-orthogonal so that the points plaite non-
unique. This kind of visualization can be viewed as the nétws
trained, leading to a trajectory of points through weightag fol-

dynamics of learning algorithms, the structure of the esuface and | veq by the learning algorithm. Although useful, the teige has

its relatloq to th? training set and also to the fixed propgrpf the net- jimited applicability to high-dimensional data. We propasvisualiza-

work configuration. There are a number of other quantities ¢an be o method using PCA below, which can be viewed as an adaptat
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onto a space of lower dimensionality, for visualizationgnses, whilst
attempting to preserve as much of the structural nature eofiita as
possible [12]. If the data can be well represented in a twchoee-
dimensional subspace (which is captured by the first two reetiprin-

cipal components), it is convenient to directly plot thigjerction on a
computer screen. Further, since many existing technicquresadltivari-

ate data visualization have proven effective for data ofedigionality
up to about 10 [15], if the data can be effectively reducecis kind

of dimensionality, these techniques could be used follgWACA.

Letw = (w1, ..., wn) be anN-dimensional weight vector contain-
ing all the weights in a networky € IR™. The weights are collected
sequentially into this vector, from an input unit to eachdsd unit in
turn and from a hidden unit to each output (assuming a biatsafteir
the last normal node in the input and hidden layers). Theitrgipro-
cess produces a trajectory (dataset) of pomtsj = 1... s in weight
space, on which PCA can be performed. This can be achieveld firs

Fig. 1. lllustration of a trajectory diagram. This visualizthe path taken through weight by calculating theV x N covariance matrix® of this trajectory

space by a learning algorithm via a non-orthogonal prajecti

viewing a sigmoidal activation function as a smoothed axipne-
tion to a threshold function, and plotting the input spacadsid with
varying levels of grey to represent output values betweebléck)
and 1 (white). Such displays are sometimes called respamszidn
plots [5]. The challenging “Two-Spirals” learning task |16 a prob-
lem to which this visualization technique is often applidtlis also
possible to use hyperplanes and response function plotsualize the
“decision regions” of the space of hidden layer outputs [2[1 this

way it can be seen how a hidden layer can transform a giverliggrob

into a linearly separable one, which is then solved by thputuayer of
weights. This method has been used in the analysié-2fN encoder
networks [19], [21]. The utility of visualizing responsentttion plots
for both output and hidden layer units is clearly demonsttan [13],

where gaps in the response of the network are shown to betlglire

related to generalization performance.

It is also worth noting that a number of neural network sofewva

packages and simulators are at least partly concerned vgittaliza-
tion, for example the Neurograph [32] and Neuralis [14] maygs.
Liao and Moody [18] describe a recent software toolkit in evhthe
focus is on the visual interpretation of a previously traimetwork and

the corresponding training data set. The tools may be usedgess
the importance of inputs to the task at hand interactivelgdlect the

important features for training and to prune hidden unitsmiprove
training performance.

While a number of useful approaches have been developedj-the

sualization of neural networks is an area in which a relétigenall

amount of work has been done. Significant advancements ir co
puter technology (especially graphical capabilities,cpssing speed

and storage capacity) have created an environment to suhyeode-
velopment of new methods of visualizing the high-dimenalotata
associated with NNs. NN weight data is typically of very hidjmen-
sionality, and most current methods proposed in this arabe sowk-
wardly to networks with more than a few weights. In the nexties, a
method of visualization is developed using principal congrd analy-
sis, which is more robust in this respect and remains flexéhleugh to
be used in a general MLP training environment.

I1l. PRINCIPAL COMPONENTANALYSIS

Principal Component Analysis (PCA) (or the Karhunen-Le&x-
pansion) is a technique widely used in the statistical conityupri-
marily for descriptive but also for inferential purposed]1[12]. In
this section we briefly review PCA, and by doing so introduae mmo-
tation.

The technique is often used to create a projection of muitit@data

C

@)

wherew is the mearw = %Zj:] w’. The eigensystem oE is
then found, providing a new set of basis vectors and cootelings-
tem (ie, a rotation of weight space). To reduce the dimeraditynof
the weight space to some valde< N, thed largest eigenvalues and
corresponding eigenvectors are chosen and the remaiingd val-
ues discarded. Performing this dimensionality reductesults in the
smallest possible loss of (variance) information, for atheo similarly
defined choice of basis vectors [12]. The direction of gr&tatariance
in the data is given by the first principal component (eigetwg (PC)
vi, corresponding to the largest principal value (eigenvya(i®/) \;.
Note that PCA can be conducted using more computationdilyieft
methods, such as the Singular Value Decomposition (SV0O) [12

In practice, PCA is quite often performed on the correlatiogitrix
rather than the covariance matrix [12]. The main reasonHisris that
if the variables in question are measured in different yiitmay be
that the variances of some variables dominate the first feg; Bi@\ply
because of the units they are measured in (e.g. considerasiable
measured in meters together with some other variables methsu
millimeters). In the case of neural network weight datas {mioblem
does not arise - the covariance matrix is therefore used @ i the
following sections.

IV. WEIGHT SPACELEARNING TRAJECTORYVISUALIZATION

This section presents a humber of results of using PCA foghtei
ace learning trajectory visualization. In many problamstances,
A is conducted on samples where each data point is indepgynd
drawn from some unknown distribution. Indeed, many of thgeal
braic properties of the technique rely on this assumptioggther with
the assumption that the sampling distribution is multaeiNormal).
However for the visualization of weight space data the agsiom
clearly does not hold - the data can be considered as a tines s#r
observations of the weight vector evolving in discrete tisteps (iter-
ations of the learning algorithm). PCA remains a useful esgibry
method for such data [12], as the formal properties are piiynéli-
rected towards the use of PCA for inference.

Before we examine the benefits of using PCA for visualizathbn
learning trajectories, we will first establish the viabildf the approach
by demonstrating the dimensionality reductions that caadigeved.
We do this by investigating three variations on an artifidérning
task and two more practical learning situations.

1. The student-teacher learning model.
This is an artificial learning scenario, in which two netwerire cre-
ated. The weights of one network, the teacher, are inigdlin some



| Network (Dataset) | PC1 | PC2 | PC3 | 054 ]
2-2-1 (student-teacher) 93.57 (6.16)| 5.08 (5.28)| 1.01 (0.94)
4-4-1 (student-teacher) 89.46 (7.18)| 7.21 (5.48)| 1.68 (1.32) 0.45 ]
8-8-1 (student-teacher) 80.59 (7.62)| 8.47 (3.46)| 3.05 (1.37) 0.4 |
51-15-2 (credit card) | 96.57 (0.78)| 2.34 (0.49)| 0.56 (0.20)
9-5-2 (cancer) 89.74 (2.17)| 7.28 (1.23)| 2.31(1.24) 0.35 1
TABLE | 0.3 learning rate = 0.2 b
PERCENTAGE OF VARIANCE CAPTURED BY THE FIRST THREPCs. %
50.25( | 1
0.2F 1
way, and this represents the “oracle” for the learning taBke train- %15 7 learning rate = 0.5 il
ing set is produced by generating random input vectors frdncvthe o1k T ]
teacher network produces the target output vectors. Ther attwork, L
the student, is then trained using these input/output pairs 0.05¢ i
Three network configurations were chosen for the studeathier sce- ol " ‘ ‘ ‘ ‘
nario. These were 2-2-1, 4-4-1 and 8-8-1, which correspord t 9, 0 200 400 600 800 1000
25 and 81 weights respectively (including bias weightsy.dazh con- Epoch
figuration, 10 randomly generated problems were used. litiadd10 Fig. 2. Training curves for the XOR problem, with two diffetdearning rates.

separate training runs were conducted for each problempeaming
from a different (randomly generated) weight initializati (range [-

0.25,0.25]). The random problems were produced by creatiegcher age of variance captured by each of the first three PCs of timtspia
network of identical topology to the learner, with weightsngrated Weight space along the learning trajectory. Each PC valisaveraged
from an \(0,1) distribution. Thus a total of 300 training sessiongVver the 10 training runs. The standard deviation for eacbepeage is
were conducted. Standard backpropagation was used [8]Jeitning Shown in brackets. Clearly, the majority of the variancetie weight
raten = 0.1. A training set of10* input patterns was randomly gen_data is captured by the first PC. This result suggests thadswtdining

erated for each of the 10 problems (each element of each pattern
being drawn independently from/&'(0, 1) distribution), and the tar-
get outputs for each pattern were produced using the teacteork.
Weights were updated in stochastic mode (i.e. after eatarpairesen-
tation), using examples chosen at random from the traingtg Note
that this “student-teacher” model of learning guarantéespgresence
of several global minima (ie, points which are functionadlyuivalent
to the teacher weight configuration) and which therefore gigro er-
rorl. The model is especially useful in an experimental settiecphse
several parameters of the learning problem (i.e. the numbeodes in
each network layer (as done here) and the number of trairitignns)
can be systematically varied with ease. Each network wasetiefor

is a search across a¥i-dimensional error surface, thetrinsic dimen-
sionality of the path taken by back-propagation is in fact much smaller
than V. We can therefore observe the learning path along just teie fir
few PCs (in fact, usually only the first one or two), withouyaignif-
icant loss of information. Note that for the student-teagtveblems,
the average amount of variance captured by the first PC tende-t
crease as the number of weights increases while in contrastredit
card problem trajectories show the highest level of vagaocaptured
by PC1, despite also having the largest network size.

To demonstrate the visualization method we use the XORitigin
problem which, although relatively trivial, often creatdifficulties for
backpropagation and in such cases displays interestingiteabe-

a total of 10* iterations, and the values of the weights were recorddtfviour. The network we employ is 2-2-1 so there are 9 wejgffter-

after every tenth iteration.
2. Two more practical learning problems.

ing ample opportunity for dimensionality reduction. Thareing be-
haviour exhibited by XOR can also be observed in other detdseg,

These two datasets are benchmark problems held in the UCineac the five datasets above) depending on the tuning of parasnétéral

learning repository [4]. The first learning task is creditccapproval on
the basis of 51 real inputs. The data set assumes two boolgjpnts.
A 51-15-2 network was used for this problem (a total of 812gkis,
including bias weights) and the credit card approval datesetained
690 patterns.

The second dataset is the Wisconsin breast cancer databaseoon-
tains 699 patterns, each consisting of 9 real inputs and wadelhn
output variables. The outputs represent a classificatiobeofgn or
malignant on the basis of the inputs. For this problem a 9rgtvork
was chosen (62 weights).

For both problems, the entire dataset was used to train tinorie and
each network was trained 10 times from a random initialaratusing
standard backpropagation with learning rgte= 0.25. Backpropa-
gation with stochastic weight updating was used. Each rm&twas

weight values, etc.

Fig. 2 shows the familiar graph of MSE as a function of tragnin
epochs for two networks that are started from the same lipitient in
weight space. The only difference between the trainingimsts is the
value of the learning rate parametgr(0.2 and 0.5) used. Although
the curves show a decrease in error over time, it is temptnigter-
pret features of the curve in terms of the progress of traiimough
weight space. Fig. 3 plots MSE against the first principal gonent
of the same training instances in Fig. 2. In the= 0.2 curve, PC1
captures 71.4% of the variance in the data, and imthke 0.5 curve,
PC1 captures 94.2% of the variance in the data. Fig. 3 prevadauch
more accurate representation of the progression in wejgitesthan
does Fig. 2. Specifically, distances between data pointsgin3ep-
resent the actual distances between the points, along itieatidn in

trained for10° pattern presentations, and the weights were record@@ight space. In contrast, points in Fig. 3 are made eqaiufistlong

after every 20 pattern presentations.

It is clear that the effectiveness of PCA as a visualizatemhhique
will be maximized when the majority of the variance of thealat
question can be captured by the first two or three principalgments.
Table | shows the network topology, dataset, and the avgragmnt-

the z-axis. Fig. 2 is therefore a scafedersion of Fig. 3. Plotting
point values over a curve also gives some idea of the “vefboit the
trajectory (in terms of the time spent on that region of theresur-
face). The effect of an increased learning rate is obsesviabin Fig. 2
(and one can “zoom in” around the point where error dropsdigpi

1 Ssymmetry guarantees the presence2dfh N, | equivalent points on the error surface (i.e. weight 2Note also that the data in Fig. 2 must strictly increase akegx-axis, unlike Fig. 3 where training

vectors) each corresponding to a global minimum [3].

might move in either direction along PC1, as seen in this &dar then = 0.5 curve.
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Fig. 3. Learning trajectories for the XOR problem againg tinst principal component
with respect to the data, for two different learning rates.

learning rate = 0.2

learning rate = 0.5

PC2

Fig. 4. Learning trajectories for the XOR problem againgt finst principal component
with respect to the data, for two different learning rates.

but Fig. 3 provides a better visualization of this, againshese of the
above-mentioned scaling effect.

Fig. 4 extends Fig. 3 by plotting MSE against the first two pipal
components for the same two learning trajectories. Fonjthe 0.2
curve, PC2 accounts for 28.1% of the data variance, whiletHer
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pPC2

Fig. 5. Learning trajectories for the XOR problem against finst principal components
for stochastic backpropagation.

backpropagation learning trajectory with= 0.1, starting from the
same initial point as the trajectories in Figs. 3 and 4. Is tiase, the
amounts of variance represented by PC1 and PC2 are 96.5%2%d 2
respectively. The trajectory is seen to move with a signifiGanount
of oscillation or “sloshing” across a rain-gutter like ragi while mak-
ing gradual progress towards a region of low error. Viswlan of this
trajectory using principal components is seen to providesffective
representation of its complex behaviour on the error setfac

V. TEMPORAL PRINCIPAL COMPONENTBEHAVIOUR

Since our data is a learning algorithm trajectory, it is denest to
study the evolution of the PCs and PVs as learning procedus fifst
question that might be asked is, how does the amount of \&ieap-
tured by the first, second, ..., PCs change as learning msgs@ This
question can be answered by looking at the evolution of the &/
learning proceeds.

In this section the trajectories produced by training on ¢hacer
classification problem are used to illustrate the tempo€WvRBualiza-
tion process (results produced for the credit card problerewimilar).
Fig. 6 is a plot of the percentage of variance captured by asRCfanc-
tion of pattern presentations. At any stage of trainingr{glthez-axis),
principal components must be recalculated. These curectharefore
produced by sampling the weight dataatqually spaced points (here,
k=10 is chosen) in the data, and PCA is performed on that podfo
the trajectoryR* = {w',...,w/}, j = £ 2 s Curves are
shown for different PVs corresponding to the PCs indicatBuk plot
reveals how much variance the first three PC’s capture asngapro-

n = 0.5 curve, PC2 accounts for 4.5% of data variance. By observingeds. As can be seen, the amount of variance captured byPé&ch

the trajectory in three dimensions the user is able to ajgteesome
of the geometry of the multidimensional weight space, stitije the
limitation of PCA. For both trajectories, Fig. 4 reveals avglmove-
ment in one direction along PC2 (increasing fpre= 0.2, decreasing

does not change to a large extent, irrespective of how mughirg

has advanced. When the amount of variance captured by th&@rs
decreases, this amount is largely regained in the secon@®curves
are averages of all training runs conducted on the canceseftand

for n = 0.5), and then in the opposite direction. It is important to noterror bars indicate the standard deviations involved wétbhepoint on

that although we show the trajectories in Fig. 3 and Fig. 4hensame
axes, the principal components for each trajectory are motsame,
since each set of PCs is calculated from its respective efatakhis
means that the trajectories should only be compapealitatively, we
do not observe the trajectories moving in the same projectfaveight
space.

Training with stochastic backpropagation tends to intaedturther
“noise” into the learning trajectory, where successive agvmove-
ments on the error surface become possible. Fig. 5 shows hastiic

the curves. The final points on the ends of the curves thexefoow
the average success of PCA in capturing the variance overeaitain-
ing processes. As mentioned above, performing PCA on a sabde
complete trajectory leads to a different set of PCs, becaudifferent
set of weight data is being used.

Although Fig. 6 indicates that the PVs (and hence the peagent
of variance captured by the corresponding PCs) are sinfitaughout
training, it is of further interest to investigate the ewdn of the PCs
themselves. For a given PC, the coefficiehs. . . , b, indicate how
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“close” the direction of that PC in weight space is to eachghieaxis.
The vectors of coefficients are the eigenvectors of the cawvee matrix
3, hence|(b1, . .
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Fig. 8. Values of the coefficients of the first PC over a diffelearning process.

weights to the 10 different trajectories produced on theeadataset, it
was found that the six weights labeled in Figd (w7, w12, wa7, wss
andws2) were also among the most significant for a second trajectory
Another group of six weightsufs, w10, w15, wso, wss andwas) were
prominent in three of the other trajectories produced (dinetach is
shown in Fig. 8). If we examine these groups in relation tostiecture

of the network, we find that, in each case, the six weightgrara the
same inputgo a single hidden unit in the network. Comparing Fig. 7
and Fig. 8 reveals a similar pattern of evolution for the seights, sug-
gesting that the trajectories are symmetrically relatacedch case the
values of the weights connected to different hidden unite levolved
similarly. This can be related to the known symmetry whicks&xin
weight space. On an intuitive level, particular hidden sitiave as-
sociated themselves with particular inputs, and this hapmdten for
different trajectories started from different initialtzan points. Further
analysis may reveal other similar, less-obvious relatigrs that may
provide insight into the learning process.

VI. CONCLUSION

This paper demonstrates how the technique of PCA can be aosed f
visualization of the learning process in MLPs. This techrigllows
visualization of the trajectory followed during learning metworks of
practical size, where the dimensionality of the search spa®ften

_,by)|l = 1. If a PCu; captures most of the varianceVery high. The results suggest that learning trajectorieh s those

in the trajectory, a correspondirig of large magnitude indicates thatProduced by backpropagation can be represented in a lowndioeal

the direction followed by the trajectory is close, in weigiace, to

subspace to a high degree of accuracy. It is also suggesaéedhth

weight axisw;, and it follows that the weight has made a large coriisualization method would be useful to qualitatively cargotraining

tribution to the direction of the trajectory. The sign of tbeefficients
within a PC provides an obvious indication of the directiéwvariance
of the coefficients in relation to each other (e.gbiif= 0.7 andb; = -
0.65, then the trajectory moves in a direction close to iasirgw; and

algorithms, including the settings of algorithm paramgteor in ap-
plication where such parameters are commonly tweaked fiyaind
error to optimize results. The technique seems to providmfanma-
tive and useful representation of the behaviour of leartiagctories,

decreasingu;). Between PCs, the sign of the coefficients is unimpoparticularly compared to simply examining error curves daretion

tant, as reversing the sign on all coefficients of a given R@ds the
variance captured by that PC unchanged, as well as its antiadity
with the other PCs.

Fig. 7 shows the evolution of the coefficiefts, . . . , be2) of the first
PC against pattern presentations for a single training amuacted on
the cancer dataset. Of the 62 coefficients for this trajgctmly those
coefficients whose absolute value exceeded 0.2 at one or ofhdhe
sample points are shown (9 in this case). This shows how tketidin
of the first PC changes as learning progresses, in terms afefghts
which produced the greatest variance. The fact that manpeto-
efficients remain small allows us to determine which of theghts
contributed most to the trajectory. In examining the cdmttions of

of training iterations.

The temporal evolution of the PCs and PVs has also been exhlor
This reveals information about the dynamics of the pathriakeough
weight space by the given training algorithm. It is also fussto
observe the evolution of the mapping produced by the netvand to
interpret different aspects of this process (e.g. the rdiekvis played
by a particular hidden unit).

PCA has a number of advantages as a visualization technague f
MLPs. Its application is independent of the learning aldpn used,
the training set, and the various adjustable parameterseolearning
process, as it processes the data that results from thdriggrocess.
PCA can also be performed in a computationally efficient neaamd



hence it scales up with the size of the problem under coretider

Data is also inexpensive to collect, being generated autoatiy as

part of training without requiring additional informatidine. data are
just points in the weight space). Avenues for future workiude com-
bining the use of PCA with other multivariate visualizati@ehniques
(e.g, glyphs) and constructing an animated display of iegtn
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