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MAP: An lterative Experimental Design Methodology for the
Optimization of Catalytic Search Space Structure Modeling

Laurent A. Baumes*

Max-Planck-Institut fu Kohlenforschung, Miheim, Germany, and CNRS-Institut de Recherche sur la
Catalyse, Villeurbanne, France

Receied September 27, 2005

One of the main problems in high-throughput research for materials is still the design of experiments. At
early stages of discovery programs, purely exploratory methodologies coupled with fast screening tools
should be employed. This should lead to opportunities to find unexpected catalytic results and identify the
“groups” of catalyst outputs, providing well-defined boundaries for future optimizations. However, very
few new papers deal with strategies that guide exploratory studies. Mostly, traditional designs, homogeneous
covering, or simple random samplings are exploited. Typical catalytic output distributions exhibit unbalanced
datasets for which an efficient learning is hardly carried out, and interesting but rare classes are usually
unrecognized. Here is suggested a new iterative algorithm for the characterization of the search space structure,
working independently of learning processes. It enhances recognition rates by transferring catalysts to be
screened from “performance-stable” space zones to “unsteady” ones which necessitate more experiments to
be well-modeled. The evaluation of new algorithm attempts through benchmarks is compulsory due to the
lack of past proofs about their efficiency. The method is detailed and thoroughly tested with mathematical
functions exhibiting different levels of complexity. The strategy is not only empirically evaluated, the effect

or efficiency of sampling on future Machine Learning performances is also quantified. The minimum sample
size required by the algorithm for being statistically discriminated from simple random sampling is
investigated.

Introduction which an efficient learning can hardly be carried out. Even

High throughput experimentation (HTE) has become an if the oyerall recognition rate may be sat_isfactory, catalysts
accepted and important strategy in the search for novelP€longing to rare classes are usually misclassified. On the
catalysts and materialddowever, one of the major problems other hand,_the |dgnt|f|cat|on of atyp|cal classes is interesting
is still the design of experiments (DoE). At early stages of from the point of view of the potential knowledge gain. SRS
a discovery research program, only pure exploratory com- OF homogeneous mapping strategies seem to be compulsory
puter science methodologies coupled with very fast (i.e., when no activity for the required reaction is measurable and
qualitative response) screening tools should be employed.the necessary knowledge for guiding the design of libraries
This aims at discovering the different “groups” of catalyst IS not available:*
outputs to provide well-defined boundaries for future opti-  In this study, classes of catalytic performances are un-
mizations. Therefore, the prescreening strategy will extract ranked since the objective is not to optimize catalytic
information or knowledge from a restricted sampling of the formulations but, rather, to provide an effective method for
search space to provide guidelines for further screenings. Theselecting generations of catalysts permitting (i) An increase
chemist’'s knowledge should be used to define a “poorly in the quality of a given learning method performed at the
explored” parameter space, leading to opportunities of end of this first exploratory stage. The aim is to obtain the
surprising or unexpected catalytic results, especially when best overall model of the whole search space investigated
considering that HTE tools for synthesis and reactivity testing while working independently from the choice of the super-
already restrict much the experimental space. However, veryvised learning system. (ii) A decrease in the misclassification
few new papers deal with the strategies that should be usedates of catalysts belonging to small frequency classes of
to guide such an exploratory study. In most cases, eitherperformance (i.e., false negatives). (iii) Handling of all types
systematic methods for homogeneous covéringr simple of features at the same time, that is, both quantitative and
random sampling (SR3)are exploited, whereas other qualitative. (iv) Integration of inherent constraints, such as
traditional DoE~° are neglected due to their specificities a priori-fixed reactor capacity constraint and a maximum
and constraints, that is, restrictions. The typical distribution number of experiments, to be conducted (so-called deadline).
of catalytic outputs usually exhibits unbalanced datasets for (v) Proceeding iteratively and capturing the information

contained in all previous experiments.
* Current address: Instituto de Tecnologia Quimica, (UPV-CSIC), Av. A . . lgorith lled MAP (b . o
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of the space structure. It works independently of the chosenit in a best statistical manner (see ref 12 for an example).
learning process as a filter on the sampling to enhance theThis strategy is particularly suited to domains that are known
recognition rate by transferring selected catalysts to be sufficiently well that appropriate questions can be formed

synthesized and tested from “stable” search space zones t@nd models can be predefined.

“unsteady” ones, which necessitates more experimental |n contrast, combinatorial methods are often employed for
points be well-modeled within the search space. This new the express purpose of exploring new and unknown domains.
stochastic approach is a group sequential biased samplingConsidering the different requirements defined earlier many

The organization of the paper is as follows: First, the drawbacks remain, such as (i) the mapping methods are rarely
motivations of the present work are detailed, then some iterative; (ii) in case of complementary experiments (named
notations and representations used throughout the text aregplans), they have to be chosen by the user; (iii) the number
presented. In the third section, the MAP method and its of experiments to be performed is usually imposed by the
central criterion are investigated. The fourth section details method, it may not fit the reactor capacity, and selection of
the creation of the benchmarks and discusses the greapoints to be added or removed is not a trivial task; (iv)
interest of using such testing methodology, then in the fifth usually, only continuous variables are considered, and high-
section, the method is evaluated on different benchmarksorder effects can be quantified to highlight synergism
identified by mathematical functions that exhibit different petween factors, but the assessments have to be paid through
levels of difficulty. Finally, the sixth section emphasizes a drastic increase in the number of experiments.
quantif_ying the strength of such a method t_hrough statistical  gyen if carefully planned, statistically designed experi-
analysis, and the results are thoroughly discussed. ments which offer clear advantages over traditional one-
factor-at-a-time alternatives do not guarantee the constraints
imposed by the domain of application. Classical sampling

Since the entire research space is far too broad to be fullyprocedures may appear as alternatives. The SRS gives a
explored, three methodologies, namely, mapping, screening,subset of possible catalysts among the whole predefined
and optimization, are used for selecting experiments to be search space, for which each element of the population is
conducted. These strategies are different from a point of view equally likely to be included in the sample. gtratified
of their respective objectives relative to exploration and random samplés obtained by partitioning the population
exploitation of the search space. Thus, each of them is morethen taking a SRS of specified size from each stratum. A
or less appropriated to a given HT step. At the beginning of weighted randomsample is one in which the inclusion
a research program, the space must be explored, andorobabilities for each element of the population are not
approaching the end, exploitation of past results must be uniform. The use of weight or strata in samplings necessitate
enhanced to obtain optimized formulations. In ref 6, mapping an a priori knowledge of the structure of the search space
is described as to develop relationships among properties,according to the given feature from which sampling is biased,
such as composition, synthesis conditions, etc. while theseand this is precisely what is lacking. Concerning SRS, an
interactions may be obtained without searching for hits or improved sampling strategy should control its random
lead materials. Then the results of mapping studies can becharacter to avoid obviously useless distributions. Finally,
used as input to guide subsequent screening or optimizationSRS remains the only strategy for comparison with our
experiments. The purpose of screening experiments is tomethod; however, SRS should not be underestimated. See
identify iteratively, by accumulation of knowledge, hits or ref 13 for a detailed explanation of SRS robustness.
small space regions of materials with promising properties.  Simple Example: A Natural Behavior. Let us suppose
The last way to guide the chemist, called optimization, is that K catalysts have to be chosen iteratively by a given
when experiments are designed to refine material propertiesprocess. To obtain reliable statistics from the search space,

Mapping has received relatively little attention, being too a common strategy is to proceed with a first relatively broad
often subsumed under screening because of the rigidity ofrandom sample. Then this dataset is analyzed, and then
the different methods available. In MAP, the exploration is smaller samples are used, fitting exactly the reactor capacity
improved through its iterative behavior, and its flexibility is  and taking into account the knowledge gained from the first
superior since all major constraints (iterative process, evaluation. The number of iterations, notgdis fixed a
deadline, reactor capacity, and no a priori hypothesis) are priori. K = k; + gk is the total number of evaluated catalysts,
handled. However, it remains entirely a mapping, since it with k; a given amount of points for the initialization step,
does not perform any search for hits or leads, but insteadwhereask, represents the size of the secondary samples. Let
makes use of performance levels by focusing on irregularity us draw a search space with five classes of catalyst
or variability, also called the “wavering” behavior of class performances, each represented by a different combination
distribution. Therefore, the given methodology should be of color and shape. In this example= k. = 5,9 =10, and
tested versus an analogous algorithm under the same condiK = 55. Figure 1a shows tHe first random points. Figure
tions. 1b and c show, respectively, the following generatians(

In classical statistical DoE, the fundamental objective is 1 and 2). One can observe that a natural way to proceed is
hypothesis testing. An experiment is designed to generateto try to cover the space at the beginning of the exploratory
statistically reliable conclusions to specific questions. There- study. At the third generation, 40 points still have to be
fore, the hypothesis must be clearly formulated, and experi- placed, and on the other hand, the bottom-left corner is
ments are chosen according to the given supposition to verifyentirely filled with red triangles (Figure 2). Both “careful-

Planning Methodologies
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(a) (b) (©

Figure 1. (a) k; first random points for initialization. (b) First generationlefpoints withk, = 5. (¢) Second generation.

generation (Figure 4), 27 points are located the top third, 18
in the middle part and 10 in the bottom one. If a SRS was
considered, the probability for obtaining such an average
distribution would be very low. The present distribution and,

consequently, such a “natural behavior” seem motivating for
better modeling the structure of the search space.

This simple example emphasizes the intuitive iterative
assignment of individuals onto the search space when the
structure of the landscape has to be discovered. MAP can
be performed with any types of features, and no distance
measure is required; however, the learning system, also called
machine learning (ML), should handle this flexibility, and
this is the main reason (i) neural network (NN) approach

- Il [ [ has been chosen for future comparisons, and (ii) that the
Figure 2. Third generation. The dotted line on the bottom left Search space is supposed to be bidimensional in the simple
(- - -) defines a zone which is said “stable”, as only red triangles previous example, since thenearesheighbor (1-nn) method
appear in this area. On the other hand, the top right corner has been applied for modeling the entire search space (Figure

(== ==) is said to be “puzzling”, as many (here, all) different 5y 1 5 s 5 special case of k¥and necessitates a distance
classes of performances emerge in this region. S
for assigning labels.

ness” and remaining time allow adding new points in this ~ Notations and Iterative Space Structure Characteriza-
area, as shown in Figure 3, for the following generations. tion. The MAP method is a stochastic group sequential
However, a decreasing number of points will be allocated biased sampling. Considering a given ML, it iteratively
in this area as the red triangle trend is confirmed. The top- proposes a sample of the search space which fits user
right “zone” in Figure 2 (i.e., the dotted rectangle) appears requirements for obtaining better ML recognition rates.
as the most “puzzling” region, since the five different classes Figure 6 depicts the whole process. The search space is noted
emerged for only seven points, making the space structure®2 andw, €2 (p €[1..P]) corresponds to an experiment. The
blurry and without a clear distribution at this step. As soon output set of variables is [Y]. A proces&ariion is chosen

as the emergence of a confusing region is detected, a “naturaby the user to provide a partition of [Y] il =2 classes,
behavior” is to select relatively more catalysts belonging to notedCy, h [1..H]. Zaniion can be a clustering, which, in
the given region to better capture the space structure. A bettersome sense, “discovers” classes by itself by partitioning the
recognition of space zones in which a relatively high examples into clusters, which is a form of unsupervised
dynamism is detected should permit the understanding oflearning. Note that, once the clusters are found, each cluster
the underlying or causal phenomenon and, therefore, couldcan be considered as a “class” (see ref 11 for an example).
be extrapolated for localizing hit regions. In the last [X]is the set of independent variables notgedandy; is the
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Figure 3. Simple example of intuitive iterative distribution of points: generationd 4
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Figure 6. Scheme representing the MAP methodology.

k. = 55. All the points are represented by white dots, whatever the . ,,, ,

corresponding class, and the structure of the entire search space i
drawn as background. The number of points in each vertical third

is noted on the right-hand side of the picture to underline the

difference between a simple random sampling and such an intuitive
sampling.

Figure 5. Here, the search space is supposed to be bidimensional
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Figure 7. Space zones.

ficulty” of a space zone assessed? How is the necessity to
confirm trends and exploration balanced while bearing in
mind that deadline is approaching?

Contingency Analysis and Space Zones he develop-

and continuous. Considering this hypothesis, the modeled searchment of active materials mainly relies on the discovery of

space with (1— nearest neighbor) algorithm is drawn. By over-
lapping perfectly Figures 6 and 7, the recognition rates 6fNN
could be calculated for each class.

value of y for the individual j. Eachy; can be either
qualitative or quantitative. A given quantitative feature,
discretized by a processiscr provides a set of modalities
m, with Card(n) = m, m. j €[1..m] is the modalityj of ;.

For any variable, the number of modality is of arbitrary
size. MAP is totally independent from the choice of the ML.
A classifiere, C(.) = «(v1(.), v2(.), ..., vn(.)) is utilized (here,
cis a NN for the reasons previously mentioned), which can
recognize the class using a list of predictive attributes.

Criterion
The method transfers the points from potentially stable

zones of the landscape to unsteady or indecisive ones. Thalef(ys,

following questions will be answered: How is the “dif-

strong interactions between elements or, more generally
speaking, on the finding of synergism between factors. Each
cell of a bidimensional (2D) contingency table, say in row

i and columrj, represents the number of elements that have
been observed to belong simultaneously to modalitythe

first variable and to modality of the second variable. The
contingency analysis can be extended to higher dimensions
and provides results in a format that is straightforward to be
transformed in rules for the chemists'® A zone is defined

as a set ob variablest’ Examples are given in Figure 7.
The dark area is the “smallest”, that is, the most accurate,
possible zone, since it is defined on the whole set of
variables. “Larger”, that is, more general, zones defined by
2 variables are drawn on the Figure {(v,, 1); (vs, 3)} in

(W) and {(v1, 3); (va, 2)} in (1), where ¢, ) = m.

v vn) = {{1.maq}, {1.my}, ..., {1.my}}. A zone

for which only some modalities are specified is nosasdith
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s def— {m, —}, m def(v), where =" is the unspecified
modality. o(s) is the function that returns the number of
defined modalities irs (called “order”). Let us consider a

search space partitioned intd classes and\ catalysts [100 100 200 600]— [6 1 10 20]  (0.0928)@
already evaluateds; containsm modalities, andhi corre- N [12 2 20 40] (0.0928)@
sponds to the amount of catalysts wit. The number of N[5 5 10 30] (0) m

catalysts belonging to the clabgpossessing the modalify
of the variables) is nyi. The general notation is summarized
in eq 1.

Figure 8. Criterion settings, first configuration. On the left-hand
side is represented the entire search space. This given root has been
split into five leaves, for which the distributions are given for the
last three. Each leaf and the root are partitioned into five classes.
The first class has received 100 elements, and among these, 12
belong to the fourth leaf. The chi-square statistic is given on the
right-hand side of each leaf between brackets.

smaller populations (see the absolute variatidhs{® and

O — O) of two successives? in Figure 9). To obtain a
significant impact, that is, information gain, by adding a new
point, it is more interesting to test new catalysts possessing
a modality which has been poorly explored (i8), Chi-

The Chi-Square. The calculation of the statistic called Square does not make any qliffe_ren_ce b(_atween leaves that
y¥(chi-square, eq 2) is used as a measure of how far a sampléxhibit exactly the same distribution (i.el] and ).
distribution deviates from a theoretical distribution. This type Thereforen’ must be minimized at the same time to support
of calculation is referred to as a measure of goodness of fit "elatively empty leaves.

(GOF). The MAP Criterion. On the basis of the chi-square
behavior, the MAP criterion is defined ag?(+ 1) x

(ni + 1)71. Extremely unstable and small zones may have
distributions that are very far from the overall distribution.
With this criterion, they may continuously attract experi-
ments; however, this may not be due to a natural complex
underlying relationship but, rather, to lack of reproducibility,
uncontrolled parameters, noise, etc. Therefore, the maximum
number of experiments a zone can receive is bounded by
— the user.X] 4, is the calculated average number of indi-
viduals that a zone of ordey receives from a SRS df;

Jii H ; b hHoLL. i
Sou, =Y S| |
o h i .. [~

iy bm;
Ny Ny ny

i i T

n" n®* ... n" N

,  H(freq,— freq,)?
B=y—————=

j re h

i.
o n,’
O<ni<ni=0=<—=<1
n"’ =

points. A maximum number of points Not@X?, . that
MAP is authorized to allocate in a zone comparedig,.,
can be decidedo is a parameter the user has to set.

After the distribution zone analysis done after each new

Nh
0<N,sN—0s =<1

nhij N, nhij N, 2
_1ZE_—21=’ F_N 6[01] (2)

selected generation, the algorithm ranks them on the basis
of the MAP criterion. Among the whole set of zorg called
(tournament size) zones, are selected randomly and com-
pete together following the GA-like selection operator,

The chi-square can be used for measuring how the classe§@/léd @ “tournament®*'%A zone with rankr has a 2 x
are disparate into zones as compared to the distribution ondKe(kz + 1)]™* chance to be selected. As the criterion is
gets after the random initializatioky(points) or the updated ~ COMPuted on subsets of modalities (i.e., zone of omjer
one after successive generations. Therefore, a given numbeWhen & given zone is selected for receiving new points, the
of points can be assigned into zones proportionally to the Modalities that do not belong ®are randomly assigned.
deviation between the overall distribution and observed The class concept is of great importance, since the criterion
distributions into zones. Figure 8 shows a given configuration deeply depends on the root distribution. Enlarging or splitting
with H = 4, N = 1000, andy; (with m = 5) that splits the = classes permits an indirect control of the sampling. It is
root (i.e., the overall distribution on the left-hand side). For recommended that “bad” classes be merged and good ones
equal distributions between the root and a leaf, chi-squarebe split to create relatively unbalanced root distributions. A
is null (=%, ® in Figure 8). Chi-square values are equals for reasonable balance must be respected; otherwise, small and
two leaves with the same distribution between each otherinteresting classes hidden in large ones will have less chance
(® in Figure 8). One would prefer to add a point with the of being detected. In the experiments presented in the next
third modality (bottom ®) to increase the number of section,0remains fixed and is a priori set. For each zone of
individuals, which is relatively low. This is confirmed by order o, the corresponding observed distribution and the
the fact thaty? is relatively more “reactive” for leaves with  related MAP criterion value are associated.
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Figure 9. Criterion settings, second configuration.

Benchmarking thus, to establish the different classes. The size of each class
(i.e., the number of points between two thresholds) is, thus,
easily visualized by splitting the series plot with thresholds
(horizontal lines in Figure 10). One color and form is
assigned to each class: blue 2,2 < aqua< 6,6 <
green=< 10, 10 < yellow < 15, red> 15. Figure 11 gives

an example of the placement of points for creating the map.
Figure 12 shows the map corresponding to Figure 10

In most cases, benchmarking is not performed with a
sufficient number of different problems. Rarely can the
results presented in articles be compared directly. Often, the
benchmark setup is not documented well enough to be
reproduced. It is impossible to say how many datasets would
be sufficient (in whatever sense) to characterize the behavior
of a new algorithm. With a small number of benchmarks, it
is impossible to characterize the behavior of a new algorithm (eq 3). . . .
in comparison to known ones. The most useful setup is to Selection of BenchmarksFive different benchmarks (De

23 24
use both artificial datasetéwhose characteristics are known éongfl s‘a{nd De Jg nﬁf& bSchwef:aIf;, d?iumﬁf]fa’ ?nd'th
exactly, and real datasets, which may have some surprising aumeslg; See eq 3) have been selected to test the algorithm.

and very irregular properties. Ref 21 outlines a method for ﬁ\montg)] them, sqrrl1|e Qe"Y onzst(l?j[aunftiand I?r?ugnesf?j) th
deriving additional artificial datasets from existing real ave been specially designed 1o frap the method and, thus,

datasets with known characteristics; the method can be use({g revegl MAP I|m|_ts. The maps are presented in the
upporting Information.

if insufficient amounts of real data are available or if the
influence of certain dataset characteristics are to be explored )=
systematically. Here, two criteria are emphasized to test this ° n x 12
new algorithm: (i) Reproducibility. In a majority of cases, |tar{ Z(Sinz((xiz _ 1/2)/{1 + _(] ))]| 0=x=2
the information about the exact setup of the benchmarking =
tests is insufficient for other researchers to exactly reproduce N
it. Thl_s violates Qne of t_he most basp_requwements for yalld fg(xi) =Y (n—i+1)x Xiz) —1<x<1
experimental scienc®.(ii) Comparability. A benchmark is =
useful if results can be compared directly with results N
obtained by others for other algorithms. Even if two articles f,(x) = inz 0=<x <6
use the same dataset, the results are most often not directly =
comparable, because either the input/output encoding or the N
partitioning of training versus test data is not the same or is f,¢) =A+ S int(x) A= 25 (option) O0<x =<3
even undefined. £

The efficiency of the MAP method is thoroughly evaluated n
with mathematical fu_n_ctlons: These be_nchmarks may be f(x) =nV+ Z — % x Si”(M) —500=< x, < 500 (3)
represented on multidimensional graphics transformed to =
bidimensional charts called “maps”. Their construction is first
carefully detailed, and then benchmarks are presented. Results

Creation of Benchmarks. A benchmark is built after 3 MAP samples and the corresponding effect on NN learning
steps: (i) n-Dimension functions are traced onto a first are compared to SRS. An introduction of NNs as a classifier
bidimensional series plot. (ii) Classes of performances are for catalysts is thoroughly depicted in ref 25. The dataset is
constructed by setting thresholds on thaxis of the series  always separated into a training test and a selection test to
plot. (iii) Between two thresholds, every point corresponding prevent overfitting. The problem of overfitting is discussed
to a given class is labeled. On the basis of these classes, thén ref 26. The use of analytical benchmarks permits the

map is created. Each variable of a given functibtis utilization of test sets with an arbitrary number of cases. For
continuoud(x) — vy € R. For simplicity, all of the variables  each sample (both from MAP and SRS), 10 000 individuals
for a given function are defined on the same rantiex; are randomly chosen as test set. As an example, 1500 points
€[a ... b], (ab) € R. The range is cut into piecesSisc have been sampled on De Jdin§ search space (9/4mod)

splits [a ... b] into m equal parts [li, m = m). All the (see Table 1 for both SRS and MAP). When using MAP,
boundariesr + 1) are selected as points to be plotted in the number of good individuals (class A, the smallest) is
the series plot. On the axis, an overlapped loop is applied increased from 4 with SRS (training selection A) to 27
taking into account the selected values of each variable. Aswith MAP. The distribution on the search space with MAP
example, let us consider Baumigdunction (eq 3). Figure  permits one to increase both the overall rate of recognition
10 shows the associated series plot with= 6 and x; and the recognition of small classes. For the other bench-
€[—1..1]. An overlapped loop is used on each feature with marks, the distributions in the merged training and selection
nine points for each, that is, 531 441 points in total. This sets are given in Table 2, whereas the distribution in the test
procedure permits one to simply determine the different sets are shown in Table 3. It can be seen in the respective
levels that will be used for partitioning the performance and, distributions of every tested benchmark that small classes
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Figure 10. Series plot Baumef,. The number of variables noted,=
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6, and the number of points represented for each feature is 9.
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Figure 11. Multidimensional function represented onto 2D space called “map”.

received more experiments (the smallest class is in gray),

Results show clearly that MAP permits a better charac-

and the larger ones lost a part of their effect (the largest is terization of small zones than does SRS while exploration

in black), as was expected if using MAP instead of SRS.

of the search space is perfectly maintained. The gain of
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Figure 12. 2D map for function Baumeg, (n = 6; 9 pts/var).

Table 1. Training, Selection, and Test Sets of De Jdng
from SRS (Upper Array) and MAP (Lower Array)

Table 2. Merged Training and Selection Sets after Sampling
from MAP and SRS Considering All Other Benchmadrks

Training Selection Test
7)) AB C D EABC DEAGBC D E De Jong F3 | Baumes Fa | Baumes Fg Sch;\;efe]
AT 0 0 0 01 0 0 0 o8 % 0 0 0
% aICE o o o288 0 o oM o o SRS MAP | SRS MAP [ SRS MAP | SRS MAP
clo o102 o oo s 94 6 o0 62 1139 111 0 Al 15 58 58 111 | 5 25
plo o 0231 oo 0o 0181 12{0 0 143 2500 164
Efo o 0 039200 0 o0 14361f0 0 0o 186 4971 B | 31 123 [ 300 308 | 397 448 | 80 180
C 85 196 | 273 284 200 320
A e D | 130 213 |8 82 [402 386 | 412 402
A |13 0 0001 000 o 0 12 0 0 0
g B | om0 1 o0 o 47 14 0 o 4w e 5 0 0 m 70 89 [ 51 103
C 0 0178 0 0O 0 748 11 0 0 44 1242 113 0]
D | 0 o 0208 o 0 0 147206 3 0 0 1227252 93 a|n each case, five classes are presentEA
E | 0 o o o283 0o 0 o 3 231 o0 o 0 101504

recognition by NN on both the smallest and the largest an adequate criterion; however, MAP outperforms SRS in
classes for each benchmark using MAP instead of SRS ismost of the cases.

given in Figure 13. It can be seen that the gains on the During all the experiments, the root distribution has been
smallest classes are tremendously increased, varying fromfixed from the beginning. One has to note that the user could
18% to an infinite gain. In Figure 13 and for the benchmark intentionally not respect the real distribution in order to give
called “Schwefel f7'2* a value of 600 is indicated (for weights on selected classes as presented earlier in the
infinite) since we have assigned one experiment into the definition of the criterion. The methodology for reevaluating
smallest zone so as not to obtain a zero division. The lossthe root distribution is quickly presented in the available
of recognition rate for the largest classes (if there is loss) is Supporting Information.

very low compared to the high gain on small ones. Such ) i )

loss is<22%, showing clearly that the exploration remains Discussion and Further Analysis

nearly perfect. The overall recognition rate being deeply Is MAP Distribution Significantly Different from SRS
influenced by the relative size of classes does not representSampling? Because MAP is not influenced by the choice
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% gain of MAP for the smallest class
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Figure 13. Percentage recognition gain for both the smallest and largest class considering every benchmark when using MAP methodology
instead of SRS.

Table 3. Distribution of Classification by Neural Network in Test Depending on the Sample (SRS or MAP) for All Benchmarks

Real
De Jong F1 De Jong F3 Baumes Fa Baumes Fg Schwefel F7
A B C D E A B C D E A B C D E A B C D E A B C D E
Al9 4 0 0 0 328 31 0 0 0 3471 917 642 188 201 | 248 109 0 0 0 52 36 0 0 0
B |51 476 175 0 0 73 P21F 30 0 0 695 469 456 174 125 | 97 2360 23] 0 0 50 132120 223 0 0
SRS (C| 0 62 1139 111 0 0 7 517 0 0 756 433 517 130 137 0 362 | 3488 243 0 0 279 5072 1e0 0
g Do 0 143 2509 164 | 0 0 0 880 4 le6 177 157 | 14 53 0 0 231 (2225 103 | 0 0 155 741 9
E E|o0 0 0 18 4971 0 0 0 5 | 8204 [ 20 11 17 8 6 0 0 0 B85 218 | O 0 0 11 0
?E Al20 12 0 0 0 105 0 ] 0 0 2611 976 862 300 265 | 275 84 0 0 0 a7 45 0 0 0
-9 B |40 486 93 0 0 0 | 255 0 0 0 1107 = 466 377 113 98 70 2481 181 0 0 35 3141 373 0 0
MAP |C| 0 44 1242 113 0 0 0 | 541 0 0 835 351 345 85 98 0 266 [3526° 175 0 0 341 4800 108 0
Do 0 122 B25828 93 0 0 0 885 0 290 121 100 51 24 0 0 243 2275 63 0 0 275 (789 5
E| o 0 0 101 5042 | O 0 0 0 | 8208 | 265 43 105 25 37 0 0 0 105 258 | 0 0 2 15 4
of the ML applied on selected points, another way to gauge Table 4. Statistical Hypothesis Acceptances and Rejections
the influence of MAP is to analyze the distribution of points. HState of the world i
H ot : 0 a
Therefore, if th(_e overe_all _dlstrlbu_tlo_n of classes on the whole Decision | H, | Correct acceptance | Type 2 error 5
search space is statistically similar to an SRS, the MAP H, Type 1 error Correct rejection

method doesot transfer a point from zone to zone.
The chi-square tetis used to test if a sample of data and rejectsH, if the statistic is greater than the tabulated
comes from a population with a specific distribution. The value. The estimation and testing results from contingency
chi-square GoF test is applied to binned data (i.e., data puttables hold regardless of the distribution sample model. Top
into classes) and is an alternative to the Anderdoarling?® values in Table 5 are frequencies calculated from Table 1.
and Kolmogorow-Smirnov® GOF tests, which are restricted The chi-square,? = 5 (fonserved— fineoritica)® X fineoritical * IS
to continuous distributions. In statistics, the researcher statesnoted in red and the critical values at a different level are in
as a “statistical null hypothesis”, notedh, something that  blue. Yes (Y) or no (N) correspond to answers to the
is the logical opposite of what it is believed. Then, using question, “Is H rejected?”. Table 5 shows that MAP
statistical theory, it is shown from the data th# is false distribution differs from SRS for some cases only. One can
and should be rejected. This is called “rejestipport testing” note that negative answers are observed on two benchmarks,
(RS testing) because rejecting the null hypothesis supportscalled Baumes, and Baumed; (the black cell is discussed
the experimenter’s theory. Consequently, before undertakinglater). These benchmarks have been created to check MAP
the experiment, one can be certain that only 4 possible thingsefficiency on extremely difficult problems; however, the
can happen. These are summarized in the Table 4. Thereforeanalysis of the results in the previous section clearly shows
statistic tests withy df (v = (I — 1)(c — 1) = 4) are computed  that MAP modifies the distributions and, thus, implies
from the data (Table 5Ho: MAP = SRS,H; MAP = SRS improvement of search space characterization through ML.
is tested. For such an upper one-sided test, one finds theTherefore, the sample size is thought not to be large enough
column corresponding ta in the upper critical values table  to discriminate both approaches.
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Table 5. Chi-Square GOF Test

B fg De jong f3 De jong 1 Baumes fa Schwefel {7
SRS MAP SRS AP SRS MAP SRS MAP SRS MAP
3.86666667 74 1 J 86666667 053333333 186666667 514666667 491333333 033333333 1.66666667
26 4666667 298666667 206666667 82 533333333 128 20 20,5333333 533333333 12
394666667 301333333 566666667 130666667 145333333 23,6666667 182 18,9333333 13.3333333 213333333
26,8 257333333 926666667 142 283333333 2B,5333333 566666667 546666667 274666667 268
34 5.86666667 B2 60.6666667 512666667 331333333 4 66666667 65.93333333 63.6333333 38.2
Alpha Critical value 6.75937209 20,11939707 18.75811101 0430795216 13.94169525
01 7.779 M Y Y M Y
05 9,488 N Y Y N Y
0,26 11,143 M Y Y N Y
0.01 13.277 M Y Y N b
0.001 18 467 N Y Y N | N

Does MAP Really Move Points from Zones to Zones  The user might start with a graph that covers a very wide
in the Search SpaceMoving points into search space isa range of sample sizes to get a general idea of how the
fact, but transferring individuals from stable zones to puzzling statistical test behaves; however, this work goes beyond the
ones is different. Therefore, new tests have been performedtopic of this paper. The minimum required sample size that
The overall distribution is split on the basis of a set of permits one to start discriminating (significantly, with a fixed
modalities or a given number of variables, and a new chi- error ratea) MAP from SRS is dependent on the search

square GoF is evaluated (eq 4).
A B

™ nAEMNS) nSEM)

C D E

nE(E(M,9)

M nAEMS) nPEMD) - - nS(EM)

j=i h:E[njh - E(njh)]2
=y Y @
1=1h= E(njh)

If i = 3, thenv = 6, and the critical value igoosef =

space landscape. This simulation will be investigated in
future work. It needs to be noted that 1500 points have been
selected for each benchmark; however, the search spaces are
extremely broad, and thus, such a sample size represents only
a very small percentage of the entire research space.

Conclusion

There are several motivations for wanting to alter the
selection of samples. In a general sense, we want a learning
system to acquire knowledge. In particular, we want the
learned knowledge to be as generally useful as possible while
retaining high performance. If the space of the configurations
is very large with much irregularity, then it is difficult to

12.5916.H, is accepted when no difference in zone size is adequately sample enough of the space. Adaptive sampling,
observed for the considered variables on a given benchmarksych as MAP, tries to include the most productive samples.
and also that is rejected when a clear difference appears. sych adaptive sampling allows selecting a criterion over
Tables from these tests are not presented. With “easy”\which the samples are chosen. The learned knowledge about
benchmarks, it appears clearly that MAP acts as expectedithe structure is used for biasing the sampling.
However, for one caser is accepted, but this does not  \AP has been thoroughly presented and tested. As such,
imply that the null hypothesis is true; it may mean that this his methodology was developed to propose formulations that
dataset is not strong enough to convince that the null gre relevant for testing at the very first stage of a HT program
hypothesis is not true. To conclude that MAP action is not \when numerous but inherent constraints are taken into
statistically significant when the null hypothesis is, in fact, ccount for the discovery of new performing catalysts. No
false is called a “type Il error”. Thus, the power of the test comparative study has been found in the literature for when
is finally discussed. such a methodology is flexible enough to be applied on a
Chi-Square Power. There are two kinds of errors  proad variety of domains. The main advantages are the
represented in the Table 5. The power testing procedure isfo|lowing: The number of false negatives is highly decreased
set up to giveH, “the benefit of the doubt”; that is, to accept  \yhijle the number of true positives is tremendously increased.
Ho unless there is strong evidence to support the alternative.pap is totally independent of the classifier and creates more
Statistical power (1 $) should be at least 0.80 to detecta pajanced learning sets, permitting both preventing over-
reasonable departure frars. The conventions are, of course, learning, and gaining higher recognition rates. All previous
much more rigid with respect ta than with respect t¢. experiments can be integrated, giving more strength to the
Factors influencing power in a statistical test include (i) What method, and any type of feature is taken into account. The

kind of statistical test is being performed; some statistical method is tunable through the modification of the root
tests are inherently more powerful than others. (ii) Sample gistribution.

size. In general, the larger the sample size, the larger the
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