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Abstract— Meta-learning helps us find solutions to compu- The pursuit for the optimal model, when performed by a
tational intelligence (Cl) challenges in automated way. M- human expert, is usually a search in the space of models,
learning algorithm presented in this paper is universal and  yagyricted by the experts knowledge of what combinations of
may be applied to any type of ClI problems. The novelty of our techni th a t d which t Th didat
proposal lies in complexity controlled testing combined wh echniques are Wor a fry and whic _are not. 1he candidate
very useful |earning machines generators. The Simp|est and models are tested in the order determined by the eXpert. The
the best solutions are strongly preferred and are explored&-  goal of our meta-learning approach is to mimic this process
lier. The learning algorithm is augmented by meta-knowled@ with automated tools.
repository which accumulates information about progress bthe Nontriviality of model selection is evident when browsing

search through the space of candidate solutions. The approh . )
facilitates using human experts knowledge to restrict theaarch the results of NIPS 2003 Challenge in Feature Selection

space and provide goal definition, gaining meta-knowledgeni  [9], [10] or WCCI Performance Prediction Challenge [11]
an automated manner. in 2006.
In the case of human experts the order of the tests is based
I. INTRODUCTION on the experts experience which sometimes can be formally
described and sometimes is just some kind of intuition.
. ) In computational intelligence the criteria must be prdgise
perform meta-level analysis tdarning from dateone : > - .
: . . . defined and thus we introduce our definition of machine
needs a robust system for different kinds of learning with un oo . . .
. ; . cqmplexity, inspired by Levin complexity, which reflectstho
form management of miscellaneous learning machines an . . .
structural complexity of resulting models and the time of

their results. Our data mining system is an implementation . ;
9 sy P computations necessary to obtain the results.

of a very general view of learning machines and models. ) ,
> ) - - According to the well known rule called Occam’s razor,
Therefore it is very flexible and eligible for sophisticate . ) e
. : he simplest machines should be tried first and more complex
meta-level analysis of learning processes [1], [2], [3], [4 ; . . .
(H“les used only if the simple ones do not provide a satisfac-

Some meta-learning approaches [5], [6], [7], [8] are basetory solution to the problem. By complex learning machines

on data characterization techniques (characteristicsatd d . : ) : :
. . we mean both complicated hierarchies of learning algorsthm
like the number of features/vectors/classes, features var . .
. . . _and the processes that are very time consuming.
ances, information measures on features, also from decisio . . : .
In this article we present some details of the machine

trees etc.) or odandmarking(machines are ranked on the : ) . :
: . . . omplexity based search which constitutes our meta-legrni
basis of simple machines performances before starting t . : - . . .

. . algorithm. It is an efficient algorithm, which can find many
more power consuming ones). Although the projects are

really interesting. thev still mav be done in different ways interesting solutions and is a good starting point to even
y 9. they y b b%tfter procedures, which will be certainly created as firrth

at least may be extended in some aspects. The whole space -
teps of our research, because our general data mining

possible and interesting models is not browsed so thorgugh | . ,
. . 2 platform opens the gates to easy implementation of advanced
by the mentioned projects, thereby some types of solutlor?s . . . o

) meta-learning techniques, gathering and exploiting meta-
can not be found with them.

. knowledge.
In our approach the terrmeta-learningencompasses the

whole complex process of model construction including [I. GENERAL META-LEARNING ALGORITHM
adjustment of training parameters for different parts @& th

model hierarchy, construction of hierarchies, combinirig-m MLA) and learning algorithms is that meta-learning con-
cellaneous data transformation methods and other adaptMg jes and learns frorabservationsof single learning pro-

processes, performing model validation and COmplex'ty'an""cesses (or their subparts). It can be seen as additiondl leve

ysis, etc. of abstraction in the adaptive algorithms. Basing on such

Currently such tasks are usually performed by humangpseryations and on the behavior of several meta-learning

Our long-range goal is to eliminate human interactivity irhlgorithms, we propose the general meta-learning algarith
the processes and obtain meta-learning algorithms whitth Wﬂ)resented in figure 1

outperform human-constructed models.

ETA-LEARNING is learning how to learn. In order to

The major distinction between meta-learning algorithms

The meta-learning algorithm, after some initialization,

. . _ starts the main loop, which up to the givestop condi-
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IIl. M ACHINES, SUBMACHINES, SCHEMES AND
INFORMATION FLOW

evaluate start some o According to our abstract view of learning, laarning
results test tasks finalize machineis any adaptive algorithm. It may get some data
L ) as input and as a result of the process we get some output.

l A general view of such a machine is presented in figure 2.
—_—— Before a machine is started it needs to be configured. The

T

:

1

A\ . . . .
wait for configuration of a machine includes:
any task « the specification of machine inputs,

- « adaptive process parameters,
« configuration of submachines.
Fig. 1. General meta-learning algorithm. Each machine may use any number of inputs. The inputs

are connected to compatible outputs of other machines, to
get some information from them.
The adaptive process of the machine may access the infor-

number of tasks which test behavior of appropriate learninfgjtion from the inputs and may be controlled by a number of
configurations (i.e. configurations of single or complextiea Parameters. When finished it may present its gains to other
ing machines)—steptart some taskdn other words, at this Machines by means of outputs (and results repository, but
step it is decided, which machines are tested and how it this kind of _sharl_ng results with other machines is out of the
done (the strategy of given MLA). In the next stepaft for SCOPe of this article, for more see [3], [4]). o
any tasi the MLA waits until any test task is finished, so  1he modular structure of our general data mining system
that the main loop may be continued. A test task may finis}§ conducive to splitting more complex learning machines
in natural way (at the assumed end of the task) or due 8 & number of simpler, more specialized machines. Each
some exception (different types of errors, broken becafise Bachine is allowed to use other machines (called its subma-
exceeded time limit and so on). After a task is finished, it§hines) to perform a part of its task. Thus the configuration o
results are analyzed amvaluated In this step some results the submachines must be seen as a part of the configuration
may be accumulated (for example saving information abo@f the parent machine.
best machines) and new knowledge items created (e.qg. abg\ut
different machines cooperations). Such knowledge may havée
crucial influence on further part of the meta-learning (sask Due to our view of learning machines and the input—
formulation and the control of the search through the spa@itput interconnections, any data analysis project may be
of learning machines). Precious conclusions may be drawigpresented as a directed acyclic graph with machines as
even if a task is finished in a non-natural way. vertices and input-output connections as edges.
. o A real life example of such a project is presented in

When thestop conditionbecomes satisfied, the MLA fig,re 3. The project contains two machines for data loading
prepares and returns the final results like a ranking Qb gata generation), one for training a classification rivezh
learning machines (ordered by a degree of goal satisfgctiogsmposed of data standardization and Support Vector Ma-
comments on chosen learning machines and their interactiQiyine (SvM) classifier and one to perform classification test
etc. of the model on data unseen during training. Following the

Each of the key steps of this general meta-learning alg@"ows, we can observe the information flow between the
rithm may be realized in different ways yielding differentmachines:
meta-learning algorithms. The following sections present « the training dataset becomes the input for the data
more details of the MLA based on search controlled by standardization machine,
machines complexity, but first, some aspects of machinee« the standardization machine collects statistics from the
definition are presented. training data (accessed through the input) and exhibits

Information flow
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Fig. 3. An example of a DM project.

two outputs: the standardization routine (for standarddescriptions of outputs passed as inputs to other machines.
ization of other datasets according to the statisticEhe descriptions are collected and passed to the routines
obtained for the training dataset) and the result ofalculating the computation time requirements.
the routine applied to the input dataset; the routine Our complexity estimation module takes into account all
goes to the ,Transform & classify” machine and thethe components of the full learning machine configuration,
transformed dataset to the SVM classifier, ie.

« the "Transform & classify” machine uses the standard- , tne inputs,
ization routine and the classifier to facilitate classifica- , agaptive process parameters,
tion of the test data; its output is a classifier, which first | sypmachines configuration.

transforms given data and then forwards the deC|S|on|she module can automatically analyze machine structures of

of the SVM classifier. any depth, provided routines for simple machines desoripti

The dashed rectangle encompasses three machines whigBnerating descriptions of machine outputs and calagati
may be treated as a single complex machine with a singige complexity estimates, given proper descriptions of the
input (the training data) and single output (the classificanputs). The descriptions have the form of dictionaries, so

tion routine). We call such machine compositianachine  the representation is uniform and facilitates information
schemesnd treat them the same way as simple machinesychange between different machines.

The inner machines perform appropriate parts of the overall
task, and in fact are submachines of the complex machine€C. Meta-schemes

One of the most important areas of application of hu-
man experts knowledge is selection of the most reasonable
Efficient meta-learning algorithms must be able to creatégarning machines combinations for particular probleme Th
run and analyze different complex machine structures Haut tknowledge about requirements of different machines and

machines should be examined in appropriate order: the sirtieir eligibility to interact with others is used to filter bu
plest machines first, because usually it does not make sertke promising machine structures to be tested: the most
to spend time on analysis of complex machines if simplpromising at the very beginning and the less promising later
ones perfectly solve the task. Therefore, in our system, wan.
have provided tools for machine complexity measurement, asAs a counterpart of this experts knowledge in automated
described in the further part of the article. Here we onlyctheemeta-learning, we have introducedieta-schemeswvhich
to mention, that machine complexity can not be calculateserve as templates of machine structures. They are schemes,
simply from the machine structure, but it must reflect also thwhich are not completely determined. Instead, they contain
time necessary to complete the learning processes for giveeme placeholder(s) for different particular machinescivhi
input data. Sometimes more complex machine structures mase replaced by particular machines during the meta-search
run shorter, than much simpler ones, for example if we rumhe inverse replacements can easily generate meta-schemes
the k Nearest Neighbors (kNN) algorithm on data describeftlom precisely defined schemes. For example, when we re-
by 10000 features, it will take much more time, than runninglace the "Data standardization” box of the scheme predente
a sequence of two machines: first selecting randomly 1 figure 3 by a placeholder for a data transformation, we
features and the second being the same kNN machine @stain a meta-scheme, that can be used to search for a
before, but run on the transformed data with just 10 featuregansformation, that prepares the best form of the data for
To try different machine configurations in the order ofthe classifier. In such place we may put any simple data
increasing complexity, the complexity must be estimatettansformation and also any complex structure of machines,
before the machine is run. The estimation may be accuratich finally gives a dataset eligible for the input of the
in some cases and very rough in others. To make it afassifier. If we replace also the "SVM classifier” by a place-
accurate as possible, some information about the inputs mimlder, we will get a meta-scheme with two placeholders
be provided. In the case of complex machine schemes(axactly as discussed later on and presented in figure 4),
simulation of information flow must be performed to generatevhich may be a base for more sophisticated search for a

B. Machine complexity



combination of machines (data transformers and clasgifierd. Complexity computation of learning machines

that can successfully act together. The meta-learning algorithm described below makes use of
the complexity of learning machines browsed in the learning
IV. COMPLEXITY CONTROLLED META-LEARNING phase. In contrary to the Levin definition, our meta-leagnin
PROCESS is not able to explore infinite number of learning machines.

. . . However the spaces of candidate learning machines for meta-
The space of potential solutions is usually very hugefearning test tasks, may be infinite

but it does not mean that experts should be more ef'fec-.l_O compute the complexity of given learning machine it
tive than dedicated meta-learning algorithms which sear%\ necessary to have the following information about the
through the model space in intelligent ways. From the other fi tion of such machine:
hand, even advanced experts have limited possibilities—%)n 'gurat o ' o
can be seen for instance from the difference of quality of * Meta-descriptions of all the machine inputs,
solutions presented by experts in several competitionsraro  * configuration parameters of the machine,
computational intelligence. . conﬂg_uratmn of submachines (in the case of complex
The algorithm, presented below, can find solutions to machines or schemes).
different kinds of computational intelligence problemkeli ~ Themeta-descriptionsnust exhibit all necessary informa-
classification, approximation, prediction, etc. Also, iayn tion about inputs to facilitate accurate complexity compu-
optimize different criteria, the selection of which, udyal tation for given machine. For example meta-description of
depends on the task which is to be solved. The solutions geh-data table (a dataset in the formtable) input contains,
erated by our algorithm may be of simple or complex strud2etween others, information about the number of instances,
ture. They are searched for in a uniform process controlidfe number of attributes, the number of missing values and
with real complexity of algorithms (learning machines).télo the numbers of ordered and unordered attributes. For some
that a single machine is not always of smaller complexitj?Put types it may be necessary to have a functional form of
than another one of more complex structure but composédPart of the input meta-description, it is needed for exampl
of submachines of small complexity. The complexity basefr such inputs like classifiers or data transformers.
control of meta-learning processes is of highest impoganc Additionally, the meta-learning algorithm needscam-
because it helps avoid some traps which could crush téexity evaluatorfor each type of learning machine. For
whole learning process. example each classifier like kNN or SVM, each data trans-
Given a dataset representing the problem and a gd‘grmer etc. needs its own qomplexity evaluaf[or. It is nec-
criterion, some learning machines can find a solution (witRSSary, because each learning machine has its own specific
different efficiency and accuracy) but for some others thg€havior. That behavior must be well known to the com-
problem may be unsolvable (for example, may encount&€Xity evaluator to reliably compute the time and memory
convergence troubles because of their stochastic behavigpnNSumption basing on the configuration description (lefor
typical for some neural networks). Moreover, because ¢he machine is created). _ _ _
insolvability of the halting problem, we can not foreseehigt N the case of complex machines, i.e. when a given
learning processes will finish. The meta-learning alganith machlne_ creates and uses some submachines, the machine
we propose, deals successfully also with such cases. complexity evaluator needs to call the evaluators of comple

Our solution to these problems was inspired by the deflly Of submachine(-s) and return the sum of all the complex-
nition of complexity by Levin [12], [13]: ities (independently for time and memory, of course). The

submachines complexity evaluators are called with the in-
CL(P) = min{cL(p) : p is a program which solve®}, formation about meta-descriptions of the submachine gput
P (1) (for each submachine input), the adaptive process parasnete
and, if necessary, proper subconfigurations (configuratdn
submachines of submachines). This is the recurrent nafure o
_ complexity evaluation, whiclde factoreflects the recurrent
c(p) = Up) +log(t(p)); @ nature of machine configuration and machines in run. Indeed,

I(p) is the length of program andt(p) is the time in which the complexity evaluators additionally have to produceamet

where P is the problem to be solved and

p solvesP. descriptions of their outputs, which may be essential to
In more advanced meta-learning the Eq. 2 may be subsgiiSure accuracy of another machines complexity evalyators
tuted by for example in the case when a parent machine propagates
an output of one child machine to an input of another child
enix (p) = l(p) + log(t(p)) — a(p), (3) machine.

The computation of complexity of a scheme is equivalent
where ¢(p) is a function term responsible to reflect theto calculating the sum of complexities of the submachines
inverse of an estimate of reliability of, and p denotes computed by appropriate complexity evaluators in the order
a learning machine (the same applies to Eq. 1 when it getermined with the topological sort of input-output cocine
adapted to computational intelligence problems). tions.



It may happen that for some learning machines it is « find the best modelsatisfying a goal condition with
impossible to determine their complexity because of their  given threshold,
stochastic behavior. In such cases the approximation ofe find the best modelsatisfying a goal condition with
complexity may be obtained. For example, by learning an ap-  given threshold), with as simple structure as possible,
proximation task for especially prepared dataset. Thesdata « find a fewbest modelsvhich can be used as comple-
may be created for an individual learning machine and single mentary and which satisfy a goal condition with given
instance is created for information on single benchmark thresholdd,
dataset (benchmark datasets are typical datasets for given stop when the progress of objective function (test crite-
tasks, for example typical classification or approximation rion) is smaller than a givea
benchmarks form UCI machine learning repository [14] may A|so, the term of thdest mode(or rather ofbetter model
be used). Single instance, on the input part, consists gfay be defined in different ways (on the basis of several
the characteristics from meta-descriptions of inputs @égi concepts), however it is the simpler part of the algorithm. |
machine, together with the configuration parameters and, @limportant to see that stopping criterion is not a problem
the output part, really consumed memory and time (by the_we just need to declare our preferences_
learning process) for given benchmark dataset. In theilegrn b) Start some test task&his step of the general meta-
process we obtain the approximator of complexity evaluatQgarning algorithm is devoted to defining and starting new
for given learning machine basing on given set of benchmagkst tasks. The algorithm keeps the started tasks in a $pecia

datasets. queue() of specified limited size. A new task can be added
_ _ only if the count of tasks i) is smaller than the limit. The
B. Meta-learning algorithm tasks in@ may run in parallel.

The main idea of the algorithm is to iterate in the main The tasks are constructed on the basis of machine config-
loop through theprograms(algorithms learning machines urations obtained from the set of generators. The proced_ure
constructed by a system ahachine generator¢described always gets the machine of the smallest complexity accgrdin

a little below), in the order of their complexity measured® Ed: 3 0r 2, considering all active generators (a meteasar
with Eq. 3 or in a simplified version with Eq. 2. In fact, theMay change the set of machine generators up to its needs).

complexity which is used by the meta-learning algorithm td he selected machine or rather its configuration is nested in
order machines, is a sum of two complexities: the first foft task which performs a test of the machine, for example in a
the learning partand the second for thest part cross-validation test. The type of the test and its paramete

In general, our meta-learning algorithm may be seen e dlso a sut_)jecF of configuration. If the complexi'Fy of
a loop of test estimations trials with a complexity contro elected machine is not _Iar_ger than M:marren_t complexity
mechanism. Each generated machine is nested in the t tel,the current complexity is set to the maﬂlmum of cutren

- mplexity and complexity of selected machine
procedure (adequate for the problem type and conﬁgur&&rhe outline of the procedure starting new tasks looks like:
goal), then the test procedure starts and the loop supsrvise _ _
whether the complexity of the task does not exceed curteRfocedure start tasks if possible
complexity threshold. Such scheme of meta-learning fuffill ‘{Nh"e( started tasks count limit )
the general meta-learning scheme presented in section 'ﬁaﬂ m := find machine of simplest complexity in generators set
figure 1. 5  form new test taskt for machinem

The goal of given meta-learningalgorithm is defined bys add t to Q

o .. 7 current_complexity:=
. def!n!t!on of thestop condition _ 8 max (current_complexity, complexity_éf))
« definition of thetestperformed for machines generated }

by machine generatorsthe test is used to estimate , . .
usefulness of given machine ¢) Machine generatorsiThe crucial role in the above

« initialization of machine generators (via initial sets Ofgymbollc code, pIays_the set ,Of me_lchlne Qe”erators Wr_"Ch
appropriate machines). is a source of machln_e pqnﬁgurat!ons. D|ffere_nt machine
generators may form significantly different solution spgace

_ The configurability of the meta-learning algorithm makesyachine generators are also strongly goal-dependent (de-
it universal, applicable to different types of problems angheng on the problem type and the criterion used for testing).
different goals. The machine generators are asked to present or give single
a) The stop condition of the loopAs long as machines machines of the smallest complexity, one by one. The meta-
are generated by machine generators, the main loop M@¥%rning procedure selects a machine of smallest complexit
continue the job. However the process may be stopped fgmong the results obtained from all the generators. All of

example when the goal is obtained (remember, that the gafikse ideas are realized very efficiently using appropdata
may depend on the problem type and on our preferencegjyctures.

We may wish to:
. . . . 1t can not be simply set to the complexity of selected machieeause
» find the best modefor given dataset in given amount it may happen (from different reasons) that a generator rgég®e a new

of time, machine of smaller complexity.



The goal of using a set of generators instead of a single
generator was that it is simpler to define sevefadiicated
generators which are coherent, than a single universal ong
for any type of tasks. The generators may form different
levels of abstractions in machines construction. They neay b
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 Classification:

more or less sophisticated and produce more or less complek e, Machine o

machines. The meta-learner may exchange results of the *
explorations between generators, integrating the pdisiebi Fig. 4. A meta-scheme of data transformation and classditat

of generators. The generators may be added or removed,

during meta-learning, according to the r_1eeds 01_‘ the me_ta— " Feature - Feature

learning procedure. They may also adjust their behavior .o ranking ¢ —Js selection :—L

to the knowledge collected while learning, to produce new _ |_" """""" |_) L:
machines, more adequate to the experience, providing lower -

q(p) of Eq. 3. Fig. 5. A meta-scheme of feature selection transformatih placeholder

d) Complexity control of running tasksn the stepwait " fa1king machine.

for any taskalgorithm waits for a naturally finished task @ ————————
or for a task which may consume more time or memory . Classifiers : : Decision
than it was assumed basing on the complexity of given f —~e Module
g piexity g R R PRPRRRRR. o—e MOQUIE 1.

task. All tasks are supervised, because otherwise, some of
them could never finish or use too much time or too muchig. 6. A meta-scheme of a committee machine with placehdidea
system resources. When the consumed complexity of a tagknber of classifiers and decision module.

exceeds the threshold calculated for given task, the task is

stopped and removed from the task quéueThe estimated

complexity of such tas.k is increased with a fixed factoget sych a generator must be capable of pointing to the
or according to the estimated progress of the task and thgnplest machine in the set. The same generator is used by
task is moved to theuarantine If possible, (it depends on o, meta-learning algorithm to realize thearantinefor too
implementation of given machine) the task state is Sav%mplex machines.

(via cache) to be restarted from the stopping-point, when The generators are free in the choice of knowledge used
the penalized complexity will become attractive again.g,hut generate machines. Treeheme based generator (SBG)

Lhe qua;antlne pl?jys tr:(e r?le fof a machine generator, whi s designed to produce new machines usiega-schemes
eeps the stopped tasks, for future use. A meta-scheme is a template which defines how to build

_S|m|larly to the |dea_ of mac_hme examination in the OrdeEtructures of machines. Some examples of meta-schemes are
of increasing complexity, braking too complex processes r resented in figures 4, 5 and 6

sembles what human experts do when searching for attract : .
eta-schemes may contain machines, placeholders for

models, but here, instead of the fuzzy criterion of expert's : . . .
) . machines and connections between machines inputs and
patience we have a formal complexity-based test.

e) Results evaluationEach finished task is removed outputs. SBGs fill the meta-schemes with particular machine

from the task queu and the estimated quality of the testedObtalnlng complex mach|ne§. )
machine, together with machine configuration and the result The fact that the structure is more complex, does notimply

of learning, is moved taesults repository Partial results @ Nigher complexity of such new machine. Imagine a machine

(current ranking of models) are available in real time (e'gc'omposed of a feature selection and a classifier (by fillieg th
accessible from GUI) meta-scheme of figure 4). It may happen that the complexity

All finished tasks help find more and more interestiné)f the feature selection is small and the transformatiovdsa

solutions. Even if they do not provide very attractive SO|u_smaII amount of features in the output dataset. The classifie
rained on transformed data may have much smaller com-

tions, they are a source of some meta-knowledge, helpfbf’l ) ) ; ; . g

in further exploration, for example in estimation of thePlexity, k_Jecause of the dlm\_en5|onallty reductlon_, a_n_d final

reliability of machines created by active generators fottne complexity of such composite model may b.e. significantly

generations. This information is very useful for adjustier®Wer than the complexity of the same classifier, when not
of ¢(p) from Eq. 3, which has crucial influence on the.preceded by the feature select.|on machine. Thls is a very
ordering of generated machines. For instance, if it is foungnportant fegture of our algorithm, because_ it facilitates

that a combination of given feature selection method workinding so_lut|ons, even when the base _algorlthms are too
well with some classifier, we may promote such submachir@MPIex, if only some compound machines can solve the

structures in new machines. problem effectively. . . .
The meta-scheme of figure 4 enables creating machines

C. Examples of machine generators which consist of any dataset transformation method and any
The simplest form of a machine generator is the onelassification machine. The choice of data transformation
providing learning machines configuration from a predefinedepends on initial configuration but also on newly produced




machines. Note that such compound, as a product of themoves useless features with the filter of invaridndéey
meta-scheme, forms another classifier and it may be nesti@dthe first placeholder in the meta-scheme. Replacing the
in another scheme. Also the transformation placeholder skcond box by a Naive Bayesian Classifier (NB@)sults
this scheme may be filled directly by a data transforman the instance of the meta-scheme of one of the smallest
or by an instance of a scheme which plays the role gfossible complexity. Thus, NBC trained on simply filtered
dataset transformer (for example an instantiation of theame data is one of the first candidate validated.

scheme presented in figure 5). The SBG type of generatorsyoet all the instances of this meta-scheme are so simple.
should defend from producing tautology or nonsense (frfofje can also use Principal Components Analysis (PCA) as
computational intelligence point of view), however in gele  gata transformation and a version of kNN with automated
it is impossible to defend against every unnecessary @gjustment of k, obtaining quite computationally complex
useless (sub-)solution. _ instance of the meta-scheme. Because of its large complexit
Figure 5 presents a meta-scheme dedicated to featigch machine is not tested at the very beginning of the search
selection. The role of the ranking machine (the placehdldef; may get into the queue, even behind some models of
is to determine the importance order of features and thggre complex structure (for example composed of a data

feature selection machine performs the selection of the toRyrmalization, a simple feature selector and a classifter),

nested in the previous meta-scheme to compose a CIasSIerli‘he complexity control also facilitates withdrawal of some

preE(;ecorI1edmt;)é:]?ﬁefea;zreer;ilrecrﬂgn. have its own tactic f m_ethoc_is, when their adaptive processes take too much t_ime.
o = 9 hay : Yis quite natural, that for example a Support Vector Maehin
bwldmg_/composmg new maphlnes. In particular, the genebeVM) training may be very difficult, when run on raw data,
?:;Irizvégui:s gonT&ObS;SOTZ;CEGS from meta-schemes can Bt aftgr some feature sel_ection, or other data transféomat
Figure 6 presents a general meta-scheme of a committtge. optimization process is very fast._ In SUGh cases the SVM
Which has been running for some time without success, is

model. The classifiers can be inserted in the Class'f'e\r/\%thdrawn, and other machines are tried. Otherwise, prob-

placeholder and a decision module in the other pIacehoIdleérmat. hi Id block the whol | :
(it may be a voting/weighting/WTA or any other kind of I machines cou ock the whole meta-learning.
decision module). The recursive nature of the meta-scheme presented in
Another very important machine generator may be sedjgure 6 facilitates taking advantage of what has been lelarne
as a sub-meta-learning and is devoted to search for optinigithe earlier stages of the search—the most successful (and
(or close to optimal) configuration parameters for a givefost different) methods may be easily put into a committee
machine (including complex structures of machines). Thi® obtain even better or more stable results. It is not necgss
machine generator produces a specialized test maaimiet ( to learn everything from scratch, when we start searching fo
parameter search machipé¢o search formeta parameters committees, it is enough to combine the decisions of already
By meta parameters of given machine we mean its coileated moo!els, which may save a Io'F of time. It is also
figuration parameters which are declared to be search@@rth to notice, that evolutionary algorithms may be very
automatically. Such parameters can be described by th&@sily implemented within our framework—it is enough to
types, interval of acceptable values, default valuespiate implement a machine generator capable of producing next
of recommended values, recommended search strategy, generations and define the fitness function which will serve
A meta parameter search machine tests given machine usfgythe meta-learning validation criterion.
one of several search strategies. The strategy shouldtreflecSmall number of simple machine generators allows us
behavior of the meta-parameter (linear, logarithmic, expdo create quite complex machines and search for optimal
nential or nominal). Several types of search are availabt®nfiguration of their components. Experts meta-knowledge
for 1D and 2D depending on needs. The description afsed to define an adequate set of meta-schemes and the
meta-parameters and their search methods provides a vemgchanism of complexity control significantly reduce the
interesting knowledge for the parameters search automatisearch space, while not resigning from the most attractive
The knowledge may be used by a machine generator $olutions.

produce a series of independent machines and efficiently obviously, providing unreasonable machine generators
explore the space of possible machine configurations.  (for example generating very large number of similar ma-
D. How it all works together chines of simple structure but poorly performing) or mis-

rIgﬁ\ding complexity estimators, may easily spoil the whole

Meta-learning based on machine generators is a sea . )
o . Mmeta-learning process, so all the components of the athgorit
process similar to what human experts do when analyzmrﬁ

data. The machine generators constructing machines accorquSt be carefully selected.

ing to figures 4-6 build machines, which are validated in

pI‘OpQI’ order' The SimpleSt machines arg constructed by SomgIt removes each feature, which variance is equal to zero.
substitutions to the meta-scheme of flgure 4. One of the3Our implementation of NBC works with both nominal and contins
simplest transformations is data standardization, anathe features.



V. SUMMARY [13] M. Li and P. Vitanyi, An Introduction to Kolmogorov Complexity
. . . and Its Applicationsser. Text and Monographs in Computer Science.

Th(ﬂT meta-learning algorithm we propose is based on  gpringer-Verlag, 1993.
machine generators and complexity control. Meta-schemgg] C.  J. Merz and P. M. Murphy, “UCI  repos-
restrict testing to only such machine architectures, that w oy of ~ machine leaming  databases’ 1998,

. . . . . http://www.ics.uci.edutmlearn/MLRepository.html.

regard as sensible. We provide mechanisms for estimation
of machine (and model) complexity, before starting ad&ptiv
processes and use the estimates to test machines in proper
order and to control the search process. Validating catelida
machines in the order of increasing complexity guarantees
success in the pursuit for suboptimal models—if there is an
accurate structure (compatible with the meta-schemes, th
it will be found in a finite time (the smaller complexity, the
earlier) for the same reasons for which breadth first search
successfully explores possibly infinite trees.

Our system supplies tools for easy meta-level activity,
so that meta-knowledge may be easily extracted from data
mining projects. Our algorithm collects such information t
improve further search stages, for more efficient selection
of committee members etc. More advanced methods for
collecting, exchange and exploiting meta-knowledge wéll b
one of our most important interests in the future.

Acknowledgements:The research is supported by the Polish
Ministry of Science with a grant for years 2005-2007.

REFERENCES

[1] K. Grabczewski and N. Jankowski, “Meta-learning atebiure for
knowledge representation and management in computatiotedli-
gence,”International Journal of Information Technology and lItitel
gent Computingp. 27, 2007, (in print).

[2] ——, “Toward versatile and efficient meta-learning: Kriedge rep-
resentation and management in computational intelligéricel EEE
Symposium Series on Computational IntelligenddSA: IEEE Press,
2007, pp. 51-58.

[3] N. Jankowski and K. Grabczewski, “Learning machinefoimation
distribution system with example applications,”@omputer Recogni-
tion systems 2ser. Adavances in Soft Computing.  Springer, 2007,
pp. 205-215.

[4] ——, “Gained knowledge exchange and analysis for metadiag,”
in Proceedings of International Conference on Machine Lezgrand
Cybernetics Hong Kong, China: IEEE Press, 2007, pp. 795-802.

[5] B. Pfahringer, H. Bensusan, and C. Giraud-Carrier, ‘diearning
by landmarking various learning algorithms,” Proceedings of the
Seventeenth International Conference on Machine LearniMprgan
Kaufmann, June 2000, pp. 743-750.

[6] P.Brazdil, C. Soares, and J. P. da Costa, “Ranking legraigorithms:
Using IBL and meta-learning on accuracy and time resul&gthine
Learning vol. 50, no. 3, pp. 251-277, 2003.

[7] H. Bensusan, C. Giraud-Carrier, and C. J. Kennedy,
“A higher-order approach to meta-learning,” ifProceedings
of the Work-in-Progress Track at the 10th International
Conference on Inductive Logic ProgrammjngJ. Cussens
and A. Frisch, Eds., 2000, pp. 33-42. [Online]. Available:
citeseer.ist.psu.edu/article/bensusan00higherbitddr.

[8] Y.H., Peng, P. Falch, C. Soares, and P. Brazdil, “Impdogataset
characterisation for meta-learning,” fhe 5th International Confer-
ence on Discovery Sciencd_uebeck, Germany: Springer-Verlag, Jan.
2002, pp. 141-152.

[9] I. Guyon, “Nips 2003 workshop on feature extraction,tpgwww.-
clopinet.com/isabelle/Projects/NIPS2003/, Dec. 2003.

[10] I. Guyon, S. Gunn, M. Nikravesh, and L. Zaddkeature extraction,
foundations and applications Springer, 2006.

[11] 1. Guyon, “Performance prediction challenge,”
http://www.modelselect.inf.ethz.ch/, July 2006.

[12] L. A. Levin, “Universal sequential search problem&toblems of
Information Transmission (translated from Problemy Pad Infor-
matsii (Russian))vol. 9, 1973.



