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ABSTRACT:

This paper exploreswo alternatives to the traditionaupervised
training method ofinitially selectingthe completetraining sample
randomly fromthe range opossible valuesBoth alternative methods
have the same central idea of using momtterns where the
input/output relationship is complex. One method estimates
complexity by curvature of the response surfaegile the other,
“iterative training,” estimates complexity by trainiagors. This latter
approach requiregirtually no additionalcomputational effort and is
shown togenerallyresult in more precise models. The approaches are
illustrated on constructing a neuragétwork metamodel of a discrete
event stochastic simulation of an inventory system.

Kilmer [3-6] usedartificial neuralnetworks to construcempirical metamodels of
computersimulations. The problem that tsiccessfullyaddressed was how to
perform basic simulatiomasks, such as prediction and comparison of alternatives,
with neural approximations of a compugamulation. The min theme of this paper
is to investigateéwo alternative approaches to selecting trairpagterns for thesame
purpose, i.e., to approximate compugdmulations. This problem was selected
because obtaining the training and testing pairs for a stochastic cosipuikation is
computationally costly, thus motivatirthe need tdorm the most accurateeural
networkmodel from a limiteddata set. In bothew training approachelgarning is
iterative. A subset of thgaining data is used tdevelop annitial neuralnetwork.
The complexity ofthe relationshipthe network needs tearn is estimated by either
looking at the response surface on a regibaais or by identifyingegions with large
training errors. Theassumption is that a more complex region should be allocated
more training examples, anthe succeeding iterations adaglaining patterns
disproportionately from the complex region(s).

This general theme has be#re subject of previous research.udik and



Cloete [8], explored thesffect of various training strategider backpropagation
training using simple@ecurrent and temporal autoassociation neoefvorks. They
demonstrated that training on increasingly mooenplex combined subsets reduces
the number of weightupdates to reach given error criterion, suggesting that easier
subtasks should be learned first.sifilar approach was used by Sun et[40] and
they also observed faster convergence and batterperformance. \&nhn et al[11]
proposed a method to partition input patterns into groups basgidtance from the
classborder. Byusing combinations of theggoups,they wereable toconstruct a
variety of trainingsets including typical and border sets (i.e., those nedass
boundaries). Cheung, Lustig and Kornhaugdr analyzedthe backpropagation
learning process in three stages split according to the behavior of the errors produced.
These works suggest thaxamination ofthe training errors on certaimbservations
can be used to improube supervisetheuralnetworklearningprocessheyondthat
achievable by simple batch training.

RESEARCH APPROACH AND RESULTS

The inventorysimulation problenused was taken from Law and Kelton [Hilmer
[3-5] also studied this problem and iths results usinginiformly generatedraining
patterns towhich we compare. Mte thateach simulation “run” or “replication”
results in onevalue ofthe responsegariable,total cost,and this response depends on
both thevalues ofthe inputvariables reorder point$) andreorderquantity ¢), and
on the particularvaluestaken on by themany random variables inherent in the
simulation. Atthe beginning ofeach month, thénventory level isreviewed and a
decision is made ohow manyitems toorderfrom the supplier. Figure 1 shows the
expected value (mean of 10 replications) ofdineulationover 420combinations o6
andd. This figure is useful when comparittte training patterns selected by the two
alternative methods presented theper. Note that theesponse surface reaches a
minimum in the lowerleft quadrant, andhis quadrant also contairitke greatest
changes in the response. Tokowing are the parameters of tegstemas described
in Kilmer [3].

D (Demand) =C 1 with probability 1/6 t, = time between order decisions = 1 month
( ) g2 win g{gﬁgﬁ:l:g 13 t, = time lag for delivery (U [0.5 to 1] month)
H4 with probability 1/6 k = setup cost = $32.00
ty (time between demand®xp(1A=0.1 month) i = incremental cost per item ordered = $3.00
| = inventory levell, = 60) h = holding cost = $1.00 / month
s = reorder point u = underage cost = $5.00 / month
d = reorder quantity wheh=s n = time horizon = 120 months

We compare a total afight networks. Thdirst four are trained on the expected
output(response) over tesimulation runswhile the next four are trained on each of
the ten responses. Each network is traifredh the same sizedset of training
patterns (25 input/output pa) and the network architectures (2-2-2-fEgrning
parameters, termination criter{® 0.10 or 5000 epochs) anditial weights are
identical. These architecture and training parameter cheieesdentical tothose in
Kilmer [3-4], who established them after experimentation. We compadinal
error over a separate test set ofdbservations, where these observatimatude



both interpolationg11 points)and extrapolations, i.evalues beyond any d@hose in

the training set, (6 points). Thérst network is trained aseported in Kilmer [3-4]
with training patternsevenlydistributed throughout theariableranges, andraining
done in one iteration on the whole training set of 25. Thiseigraditional method of
training, using a randomly choseet in one batch. The second network uses an
initial trainingset of 16 patterns then adds 9 patterns in a second iteratosenchy
response surface curvatumealysis. The third network uses the iterative approach
based on trainingrrorwith a first iteration of 1gpatterns and a second iteration of 9
patterns. The fourth network also uses the iterative appwidicta first iteration of

16 patterns, a second iteration of 4 patterns and a third iteration of 5 patterns. The
fifth through eighth networks are the saméut trained onindividual replications
rather than mean responses.
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Figure 1: Simulation expected response (total cost) to s and d over 420 simulation runs.
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Experiments on Using Expected Values as Targets
Network 1 -Uniformly Selected Figure 2shows thetraining (stars) and testing
(squares) patterns for the network trained ore@aally distant patterns. ote that
these are the testing patterns for all networks studied in this paper.
Network 2 - Response Surface Method: A measure of regional curvature was used as
an approximation to complexity.That is, a linear (planaryesponse surface is
assumed to be simple, whiteirvatureindicates thathe regionmay beharder to
learn. Regions are taken to be equally sized in each input dimensiocongfructed
four regions bydividing boths andd in half (%=4), i.e., four quadrantsRegions are
coded by thewo levels ofs andd, e.qg. regior(1,1) is the loweteft and region(2,1)
is lower right. The second derivative obimulation is impossible tevaluatesince
there is ncexplicit form. As asurrogate, responseirface methodology was used to
select 9 additional trainingatterns to add to the lékisting uniformlydistributed
patterns. Curvature and interaction checksnaaele independentlior each region
using a 2 factorial with 3 center points (Figure 3).

The design chosen allowtbe planar model to befficiently fitted, allows




checks to be made to determine whettler planar model is representationally
adequate, and provides some estimateexgferimental error. The least squares
estimate of}y is the mean odll 7 observations1 =1/4[(-1 *nr) + (1*r) +(-1*

rs) + ( 1* ry)]. The values;it r,, 13 and i, stand for the response of tist four runs
for region(1,1) respectively. Similarly, the least squares estimatefafis calculated

in thesame way. An estimate tife experimentakrrorvariance is obtained from the
3 replications at the center. It wasry approximate becausigere areonly 2 degrees

of freedom. Standard errors of coefficients are calculated by using this estimate.
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Figure 2: Training and testing patterns for network 1.

100

90

80

70

60

50

40

d (reorder quantity)

30

20

10

0 10 20 30 40 50 60 70 80 90 100

s (reorder point)

Figure 3: Points used for response surface methodology.

The effects ofthe variablesare assumed to be additive. The coeffici@at of an
added cross product termxx in the model is used to measutbe interaction
between thevariables. This coefficient /4 [(1*r;) + ( -1*r;) + (-1*r3) + (1*ry)].
Another measure gdlanarity is provided by comparinge average of the 4 points of
the Z factorial with the average at the center of the desigrj1]lit is shown that if
B11 and P, arecoefficients ofthe terms ¥ and %, this curvature measureilwbe an
estimate of3;; + B2 The estimate of the overall curvatur@is+ .= 1/4 (n + 1, +
rs+r,) - 1/3 (6 + 15 + 17). The valuesst 1 and ¢ stand for responses of the center



values. In summaryhe planarity checking functionare 12 + Ss12) and (11 + Ba £
Sp11 +p22)- If both of thefunctions include “0” thernthe surface is planar, otherwise,
the surface is not planar.

Table 1 showshe curvature and interaction check results. Only regigh)
(lower left) was non-planar. Therefore 8 of thaddlitional patterns were selected
randomly from thigregion. Sincehe ranges for both the interaction and curvature
checks for regioifl,2) (uppeieft) were wider tharthose of region$2,1) and(2,2),

1 additional pattern was selected randomly from region (1,2) (upper left).

TABLE 1: INTERACTION AND CURVATURE CHECK RESULTS

Region Interaction check Curvature check Decision # of points

1,1) (2.12, -3.45) (10.70, 2.18) non-planar 8
1,2) (1.36, -1.44) (2.73,-1.55) planar 1
(2,2) (0.46, -0.94) (1.29, -0.85) planar 0
(2,2) (1.29, -0.57) (0.72, -2.13) planar 0

Network 3 -One Iteration: First, amitial 16 equallydistant trainingpatterns (4 in
each region) are used to trained ttetwork. The regiomwith the largestraining
meanabsoluteerror (MAE = Total Absolute Error / number of training points) is
selected to receivéhe nexttraining pattern,randomly selected from that region.
Then the MAE is reduced ®dding 1 tothe denominator (it is now 4+1%). The
second additional training poigbes to the regiowith the highest MAE, and so on
until 9 pointsare chosen to add to the 16fbom atotal set of 25. The denonator
to figurethe region’s MAE isncremented by 1 for each additioniaining pattern it
receives. Theetwork continuegraining on this combinedetuntil the termination
criterion is met. The results of timtial trainingare showrfollowed bythe selection
of the 9 additional points:

region code total absolute error MAE # points / region
1,1) 58.46 14.61 4
1,2) 36.72 9.18 4
(2,1) 22.47 5.61 4
(2,2) 34.87 8.71 4

new point from region (1,1) (20,22) expected new MAE in region 11.69
new point from region (1,1) (30,21) expected new MAE in region 9.74
new point from region (1,1) (31,27) expected new MAE in region 8.35
new point from region (1,2) (36,56) expected new MAE in region 7.34
new point from region (2,2) (71,78) expected new MAE in region 6.97
new point from region (1,1) (28,33) expected new MAE in regior7.30

new point from region (1,2) (23,71) expected new MAE in region 6.12
new point from region (1,1) (37,21) expected new MAE in region 6.49
new point from region (2,2) (55,74) expected new MAE in region 5.81
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Network 4 - Twolterations: Network 4 watained intwo iterations. As for the
third network, 16Gnitial equallydistant patterns were used to train ithigal network.
Then 4 additional training patterns were added and the network contiiaunéa for

the first iteration. For the second iteration, auditional 5 trainingpatterns were
selected and the network continued training on the total set of 25, as shown below.

I TERATION 1:
region code total absolute error MAE # points / region
1,1) 58.46 14.61 4
1,2) 36.72 9.18 4
(2,2) 22.47 5.61 4
2,2) 34.87 8.71 4

1 new point from region (1,1) (20,22) expected new MAE in region 11.69

2 new point from region (1,1) (30,21) expected new MAE in regiorD.74

3 new point from region (1,1) (31,27) expected new MAE in region 8.35

4 new point from region (1,2) (36,56) expected new MAE in region 7.34



ITERATION 2:

region code total absolute error MAE points / region
1,1) 89.44 12.77 7
1,2) 38.48 7.69 5
(2,1) 20.76 5.19 4
(2,2) 34.95 8.73 4

new point from region (1,1) (22,22) expected new MAE in region 11.18
new point from region (1,1) (33,23) expected new MAE in region 9.93
new point from region (1,1) (36,28) expected new MAE in region 8.94
new point from region (1,1) (36,25) expected new MAE in region 8.13
new point from region (2,2) (71,79) expected new MAE in region 6.90

aprwNE

The results of these experimeotger the 17 test points aseimmarized in Table 2.
The performance of the networks traingeftatively (networks 3 and 4) are better
than the network trained oequally distant patterns (networlt). The percent
improvement ighe improvement in internal MABver network 1, theonventional
training strategy.

TABLE 2: TOTAL AND INTERNAL TESTING MAE

Total Testing MAE Internal Testing MAE Percent Improvement
Network 1 12.10 9.39 -
Network 2 11.60 8.77 6.6%
Network 3 10.88 8.22 12.5%
Network 4 10.80 8.39 10.6%

Experiments on Using Simulation Replications as Targets

This section investigates networks trained on 10 replications of each pattern. Refer to
Kilmer [3] for a complete discussion on expected value versus replication training.
Network 5 - Uniformly Selected: Network 5 wastrained on 25equally dstant
training patterns with 10 simulation replications méatesachpattern. Therefore the
total number ofpatterns to train the network was 250. The irtpaihing patterns
(s,d) are same as the ones used to train network 1 in the preceding section.
Network 6 - Response Surface Method: Network 6 waisied on a total of 25
training patterns, which were also selected for network 2, butaimeng setincluded
each individual replication response, rather than just the mean of the 10 responses.
Network 7 -One lIteration: For network 7, 160 total patterrfeeplications of 16
equally distant patterns) were used foitial training. After evaluatinghe region
absolute errors, %dditional patterns were selected. I@plications of these
additional 9 points were added to the existing 160 points éotdleof 250 were used

to train the final network, as shown below.

region code total absolute error MAE # points / region
(1,1) 388.69 9.71 4 10 replications
1,2) 382.88 9.57 4 10 replications
(2,1) 165.80 4.14 4 10 replications
(2,2) 273.57 6.83 4 10 replications

new point from region (1,1) (23,23) expected new MAE in region 7.77
new point from region (1,2) (30,51) expected new MAE in region 7.65
new point from region (1,1) (31,27) expected new MAE in region 6.47
new point from region (1,2) (36,56) expected new MAE in region 6.38
new point from region (2,2) (71,79) expected new MAE in region 5.47
new point from region (1,1) (28,33) expected new MAE in region 5.55
new point from region (1,2) (23,71) expected new MAE in region 5.46
new point from region (1,1) (37,21) expected new MAE in region 4.85
new point from region (2,2) (55,74) expected new MAE in region 4.55
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Network 8 - Twolterations: This network was like network 4, but used ten
replications for each inpuytattern selected. THest iteration selected 4 additional
points and the second iteration selected 5 more.




Iteration 1:

region code total absolute error MAE # points / region
(1,1) 388.69 9.71 4 10 replications
1,2) 382.88 9.57 4 10 replications
(2,1) 165.80 4.14 4 10 replications
(2,2) 273.57 6.83 4 10 replications
1 new point from region (1,1) (23,23) expected new MAE in region 7.77
2 new point from region (1,2) (30,51) expected new MAE in region 7.65
3 new point from region (1,1) (31,27) expected new MAE in region 6.47
4 new point from region (1,2) (36,56) expected new MAE in region 6.38
I TERATION 2:
region code total absolute error MAE # points / region
1,1) 539.54 8.99 %10 replications
1,2) 600.71 10.0 6x 10 replications
2,1) 160.67 4.01 4x 10 replications
(2,2) 272.12 6.80 4x 10 replications
1 new point from region (1,2) (22,58) expected new MAE in region 8.58
2 new point from region (1,1) (33,21) expected new MAE in region 7.70
3 new point from region (1,2) (34,57) expected new MAE in region 7.50
4 new point from region (1,1) (38,24) expected new MAE in region 6.74
5 new point from region (1,2) (41,79) expected new MAE in region 6.67

The results, as shown in Table 3, are similar to those from networks 1 through 4. The
networks trainedteratively using trainingerrors were superiokyith two additional
iterations the cleawinner. The response surface techniquenditfare well for this

group of networks.Overall,the networks had lowesrror rateshan thefirst four,
confirming Kilmer's conclusiorj3] that replication training is generallguperior for

small data sets.

TABLE 3: TESTING RESULTS OF NETWORKS TRAINED ON REPLICATIONS
Total Testing MAE  Internal Testing MAE Percent Improvement

Network 5 10.20 7.34 -

Network 6 10.28 7.53 -2.6%
Network 7 9.70 7.12 3.0%
Network 8 9.12 6.27 14.6%
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Figure 4: Typical training set selected by the iterative method.

DISCUSSION

In both of the experiments, the regions whemeas between 20 and 40 addvas
between 20 and 80 were the omdsch indicatedmore complexityyiz. regions(1,1)



and(1,2). Both of thealternative methodologiegetected these regions as potential
training bottlenecks, and therefore allocated them more traipatjerns in
subsequent iterations. Figure 4 showsgpacal trainingset selected by thigerative
method. However, it iglifficult and computationally expensive to approximate the
simulation function bythe response surface methodology. As thanber of
parameters grows, theomplexity of approximatinghe secondlerivative increases.
On the othehand, evaluation of trainingrrorsand iteratively trainingare easy and
require hardly any additionacomputation. We have made furthissts on the
robustness of this method for larger proble®ks and have confirmethe geweral
superiority of the iterativdraining method. The additional computational effort
required, regardless of problem sizemisimal, whichoffers encouragement thiis
method can be applied to almasty neuralnetwork training problem with littlea
priori knowledge or experimentation.
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