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Abstract

There are many data mining systems derived from machina-lear
ing, neural network, statistics and other fields. Most ofhitare dedi-
cated to some particular algorithms or applications. Unfuately, their
architectures are still too naive to provide satisfactoagkground for
advanced meta-learning problems.

In order to dficiently perform sophisticated meta-level analysis, we
have designed and implemented a very versatile, easilynebgide sys-
tem (in many independent aspects), which uniformly deatk ditfer-
ent kinds of models and models with very complex structunes ¢nly
committees but also deeper hierarchic models).

We present our requirements and their motivations for amackd
data mining system, and describe some of our solutionstiilg ad-
vanced meta-level model management at the scope of eaemsysm-
ponent, optimization of computation time and memory corstion and
much more.

Keywords: meta-learning, computational intelligence, learningnir
data, data mining, intelligent systems, software enginger

1 Introduction

Learning from datds getting more and more important as a way of knowl-
edge discovery for many real world problems. Today neargngting is (or



may be) represented in a digital format, hence may be aralygmg com-
putational intelligence (Cl) methods. The formalism, weaduce here is a
general view of learning, but it is restricted to the mostc@lideas, to illus-
trate the possibilities of our system architecture. Foraaber introduction to
learning algorithms see [10, 5, 2, 9, 15, 16].

A learning problemcan be defined a® = (D, M), whereD C D s a
learning dataseand M is amodel space

In computational intelligence attractive models € M are determined
with learning processs:

LP:D - M, Q)

wherep defines the parameters of the learning machine. This vieaawhing
encircles many dierent approaches of supervised and unsupervised learning
tasks including classification, approximation, clustgrifinding associations
etc. Such definition does not limit the concept of search &xifig kinds of
learning methods like neural networks or statistical atpors, however such
reduction (or extension) of model space is possible in jmact

In real life problems, sensible solutions € M are usually so complex,
that it is very advantageous to decompose the prolffem(D, M) into sub-
problems:

P=[P1,...,Pnl (2)

where®; = (Dj, M;). In this way, the vector of solutions of the problefis
constitute a model for the main problefm

m=[m,..., M, )
and the model space gets the form
M= Myx...x M. 4)

The solution constructed by decomposition is often muclieeas find,
because of reduction of the main task to a series of simpsistamodelm
solving the subprobler®;, is the result of learning process

LMDy > M, i=1....n (5)
where
D = 1—[ M, (6)
keK;
andK; € {0,1,...,i — 1}, Mp = D. It means that the learning machihéi

may take advantage of some of the moduais. .., m_; learned by preceding
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Figure 1. An example of a DM project.

subprocesses and of the original datd3eif the main problen®. Naturally,
also parameterp = (py, ..., Pn).

So, the main learning procek$ is decomposed to the vector

LY, .. L (7)

Such decomposition is often very natural: a standardigatiofeature se-
lection naturally precedes classification, a number ofstfi@ss precede com-
mittee module etc. Note that, the subprocesses need notlepeadent on all
preceding subprocesses, so such decomposition has natasgquences in
the possibility of parallelization of problem solving, vihvill get even clearer
a little below.

Meta-learningalgorithms are also learning machines, however the goal of
meta-learning is to find the best decomposition Eqg. 2 in aoraated way.

A real life example of learning process decomposition isenéed in fig-
ure 1, where a classification committee is constructed, lmmber classifiers
need the data transformed before they can be applied. Tietise of the
project directly corresponds to both learning process aral fnodel decom-
position. The rectangle including all others but “Data” ié&pthe whole learn-
ing process, which given dataset is expected to providesaifilzation routine.
For different kinds of analysis like testing classification accyretc. it must
be treated as a whole, but from the formal point of view eackeirrounded
rectangle is a separate process solving its task and pingvitdi model.

Because each DM process is a directed acyclic graph, it is teashow
the composite process and composite model it correspondeh® model of



figure 1 may be decomposed as

Mfe = Lrre(Data)

Mstd = Lsta(Mrte)

Mie = Lnbc(Mstd)

Maiser = Ldiscr(Msta) 8)
Maz = Liaz(Maiser)

Mite = Late(Msta)

Man = Lkan(Matc)

Meomm = Lcomm{Mhbe: Mid3, Mknn)

The subscripts are easy to decode when compared to the figiiach of the
components learns some part of the final model, which hasrasponding
structure.

Such general and uniform foundations of our DM system fat#isolving
problem of any kind, requiring any structural complexitsoyided appropriate
components. It is especially important when undertakingaAarning chal-
lenges, where we must try manyffdirent methods, from simple ones to that
of large complexity. Our system architecture is eligible &mswering ques-
tions about which method, how configured and why, we shoudtasolve
a given task. Such questions remain without satisfactospvars, although
there are thousands of articles devoted to learning metimodsmputational
intelligence and their modifications.

Nontriviality of model selection is evident when browsirtetresults of
NIPS 2003 Challenge in Feature Selection [7, 6] or WCCI Rerémce Pre-
diction Challenge [8] in 2006. The competitions results @neevidence that
in real applications, optimal solutions are often complesdels and require
atypical ways of learning. Problem complexity is even mdeaicwhen solv-
ing more dfficult problems in text mining or bioinformatics. Then, onljen
a good cooperation of submachines are obtained, we may boeréason-
able solution. This means that for example before clastifitave have to
prepare some transformation(-s) (frdtheir ensembles) which play crucial
role in further classification.

Some meta-learning approaches [14, 3, 1, 17] base mainlatanctiarac-
terization techniques (characteristics of data like nunoféeatureprectorg-
classes, features variances, information measures arrdsagalso from deci-
sion trees etc.) or olandmarking(machines are ranked on the basis of simple
machines performances before starting the more power oongwnes). Al-
though the projects are really interesting, they still maydone in diterent
ways or at least may be extended in some aspects. The whale spaos-



sible and interesting models is not browsed so thoroughlyhbymentioned
projects, thereby some types of solutions can not be fouttdthvem.

In our approach the terrmeta-learningencompasses the whole complex
process of model construction including adjustment ohtraj parameters for
different parts of the model hierarchy, construction of hidmas; combining
miscellaneous data transformation methods and otheriadagbcesses, per-
forming model validation and complexity analysis, etc.

Currently such tasks are performed by humans. Our longergoagl is to
eliminate human interactivity in the processes and obtatarfearning algo-
rithms which will outperform human-constructed modelsréd@e present the
framework facilitating dealing with complex learning maes in a simple and
efficient manner. Section 2 enumerates the general advanthgas system
over other available systems which are not eligible for aded meta-learning
tasks. In section 3 we presentidrent aspects of machines and models man-
agement in our system and in section 4 of their complex strast Section 5
is devoted to to the ways of inter-models information extoacand exchange,
and section 6 to the ease of adding components to the systgimalke more
technical to show not only its possibilities but also preaiseans. Section 7
mentions some other interesting possibilities of our d@echire and summa-
rizes presented ideas.

2 Why the new architecture for meta-learning was in-
dispensable

There are plenty of data mining software systems availajgay, but to
provide satisfactory tools for meta-level model manigolat we had to de-
sign and implement a new architecture. Software packagesfiée Weka,
Yale, commercial SPSS Clementine, GhostMiner etc.—se&1ifor a com-
prehensive list—are designed to prepare and validdterdnt computational
intelligence models, but they lack most of the featuregdigielow, which are
substantial for ffective meta-learning. Thereby these systems may be used
like calculators in computational intelligence ratherrtlsystems which dis-
cover models in really automated and autonomous way.

Among the features of advanced systems for complex modstiarion
we need the following (all supplied by our architecture):

¢ A unified view of most aspects of handling ClI models, (inchgdcom-
plex model structures) like model creation and removal nitedi adap-
tive methods inputs and outputs and their connections, tixdapro-



cesses execution, etc. Project management module reljeoftsi easy
control of the graph of interconnected models. Unified maohel ma-
chine representation facilitating exploration of the hrehy of models
without deep knowledge about the intrinsics of its paracdlements (it
is crucial in advanced meta-learning).

Easy and uniform access to learners’ parameters; each dhitipbe-
mentation is assisted by its configuration class with a stahday to
adjust its fields and a possibility to describe the charatterof the
fields (linear, exponential, etc.), the scopes of sensialees, etc.

Easy and uniform mechanisms for representation of machm#ts and
outputs so that they can be managed from outside includiogniration
interchange between the processes.

Easy and uniform access to exhaustive browsing of resultsaifing.

A repository of learners’ results, providing uniform aceds this in-

formation, independent of particular models, availablettter learners
(fundamental for meta-learners) and interactive user.

Tools for estimation of modeaklevance(according to the goal, it may
be accuracy, MSE, MAP or one of many other measures [10, ]2, 1
together with an analysis of reliability, complexity andtstical signif-
icance of diferences [12] to other solutions,

Templates for configuration of complex method structureh exchange-
able parts, instantiated during meta-learning.

Versatile time and memory management to guarantee optiga@jeuof
the resources (especially when dealing with very complexighdi-

erarchies), also when run on a computer cluster; this imdyzhrallel
execution of independent methods, model cache systems raficht

tion framework preventing from repeated calculations, clitare very
probable in massive meta-level calculations (‘probabta’ because of
chaotic meta-search but same models can be used as patisrsfmiore
complex systems).

Rich library of fundamental methods providing high ved#stby facil-
itating dealing with dferent kinds of data and standard tools for their
analysis. Loaders for “tabular” data, text data, bioinfatim sequences,
microarrays, etc., miscellaneous data including stanzitidn, feature



selection and aggregation, reference vector extractiomgiBal Compo-
nents Analysis, multidimensional scaling and many othKrsowledge
extraction methods derived from statistics, machine iegrmeural net-
works, etc. and solving ffierent optimization problems (classification,
regression, clustering, etc.). Fundamental methods fimlateon and
testing, eligible also for féortless, reliable testing and comparison of
complex model structures.

e Simple and highly versatile Software Development Kit (SO&) pro-
gramming system extensions. SDK users should define justsgential
parts of their methods with as little code as possible antd minimum
system-specific overhead.

e Tools for fast and easy on-line definition of some small esitams of the
system like new metrics, new feature ranking algorithms etc

e Readable and intuitive graphical user interface. Boxels ghdarly marked
inputs and outputs, arrows displaying the flow of informamd context-
dependent way of setting machines parameters.

All these ideas (and some other) constituted our strong faed new
system and have been carefully incorporated into our systérarefore, it is
adequate not only for simple model building and testing ate for advanced
meta-learning approaches, veffi@ent and versatile at flerent levels of ab-
straction.

3 Machines and models

As defined in the introduction the tertearning machinglmachineor
learning metholl denotesadaptive algorithmswhile modelmeans the final
result of adaptation process of such algorithm. Although tdrm model is
often understood as a representation of some “fully-fameti” model per-
forming approximation, classification or other tasks (egeural network, a
decision tree, a k Nearest Neighbors model, etc.), there jimt in such a re-
striction. In accordance with the introductory formalisany algorithmic part
with clear inputs and outputs fits the definition of learnerttsat it includes
the processes of testing other machines, loading and tramisig data as well
as any separate part of a machine or any hierarchy of leamaudines.

For example a cross-validation test can be treated as amriganachine,
because it also performs some calculations to gather sdioreniation which
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Figure 2. Abstract view of an adaptive process.

as a result of a method may be called a model—in this case liteisntfor-
mation about series of results obtained with some adaptiveegses. The
output it generates can also be an input for other modelseXample some
algorithms controlling statistical significance offérences betweenférent
methods results.

The very popular technique of distinguishing the stagesitd greprocess-
ing and final model construction within knowledge acquisitprocess does
not find any confirmation in the unified theoretical view of iv@cess. The
border between data transformations and final model is vagdegets com-
pletely blurry when we exploit meta-learning techniquesordbver, the dis-
tinction often leads to a misuse of learning strategiesexample a supervised
discretization is performed as a data preprocessing, amdrttethod capabil-
ities are evaluated with a cross-validation performed @ndiscretized data,
which obviously leads to overoptimistic results.

Learning machine abstraction

An abstract view of a learning machine, according to our eag is pre-
sented in figure 2. Given a configuration the adaptive procassbe run to
obtain the model i.e. the results which may be exhibited beomethods by
means of outputs or deposited in a special results repgsitor

During the adaptive process, the machine can create iestariother ma-
chines, specify their parameters and inputs, run themgduatheir results and
use the results in further part of learning. For example g8up/ector Ma-
chine (SVM) can be organized in such a way, that a separathingamay
perform kernels calculations and give the SVM access to tiheough proper
output. In this way we obtain a submachine of SVM—it is a prapachine in
the sense of our approach, because it precisely definespghedata, kernels
parameters, and yields outputs in the form of a table of kesadaes. Such so-
lution is very attractive from the point of view of théieiency of calculations.



If we start another adaptive process of the SVM, which doeditter from

the first one with respect to the kernels, then the kernel past be shared
between the two SVM machines and this way we obtain signifisavings in
both memory and time consumption. The unification of the &esabmachine
can be performed automatically by appropriate design optbgct manage-
ment part of the system engine, provided that the inputs amdnpeters of
machines are also uniform, so can be handled in the same mamrzehigh

level of abstraction.

Also when we use the same data transformation techniquerappess-
ing stage for two dterent learning machines, there is no reason to perform the
transformation twice and occupy twice as much memory. |fdéa transfor-
mation is implemented as a separate machine, then the neatfz@inagement
routines will notice the unification possibility and will @she same transfor-
mation model for both algorithms.

Another spectacular example of memory and power savingtharami-

lies of feature selection and vector selection methods. d\eotl need to copy
data, when we select a subset of features or vectors. Tharstshtmachines
extraction we may obtain the same submachine represetwhole data
set for each of the machines, and the subsets may be definetshyf endices
which usually occupy significantly less memory than the esponding data
subset. Although the access to such selected features torv@cust be a bit
more expensive than in the case of copied data, proper dafirf the enu-
merators makes thefterence not too large, and savings which result from not
copying the data will usually compensate the loss.

The model reuse may be much broader, when we supply the systam
model cache. The models released from the project may bearképe cache
for some time, and possibly be reused in the futureffedént types of cache
may be implemented. The simplest one keeps models in memangd sin-
gle session (obviously with additional conditions deteimg when to finally
release the model). Another cache module may keep the miodedatabase
stored on a disk, which allows for models reuse among sessiget another
cache system could be designed as a network server and @rmecdhanisms
for sharing models by many users of the system. This woutvalor reli-
able comparison of results obtained witfteient models for popular data sets
without the need for recalculating results of all the modesied in the compar-
ison.

The only dfort necessary from the side of learning machine developer is

that the method configuration class provides a method to acertpvo config-
uration objects. The system can not have such knowledget aliquossible



methods, so they are expected to provide such informatitichnis usually
one very simple function.

Inputs vs parameters

One of the ideas mentioned above, that require some adalitomment is
the distinction between inputs and parameters. Formadljuhction of inputs
is to provide means for exploiting outputs of other learnensile parameters
do not interfere with external world, but specify how the jatilee process of
the model will operate on inputs to generate outputs andtsesu

Although from the formal point of view there is noffiirence between
parameters and inputs it is very advantageous to introduck distinction
in a data mining system, because it makes project managemagit more
intuitive.

Outputs vs results

The distinction between outputs and results is subtler andarns the way
they can be used by external learners. Both arefiieets of the adaptive pro-
cess and together represent the model, but the resultsositkl in a special
repository, which makes them available even after the mitekdf is released
(for example when we create large number of models and tal @eaiting out
of memory we want to release most of them, but keep some ifiiomabout
them).

Outputs and results alsoftér in the kind of information expected there.
The nature of results repository is to gather some “statirmation about
the model, while outputs are the adequate place to put alsloche which
perform the task of the model (e.g. classification). Althotige methods of
the result objects may also provide extended functionaiitis not recom-
mended to mix the solutions this way. But it is the matter obavention, not
a technical restriction.

Some tools to easily explore the results repository and jmodetie with
extracted information are presented in section 5.

Decision tree example

An example scenario with inputs, parameters, outputs audtsgs shown
in figure 3. It shows a decision tree learner with single inputraining data
and some parameters of the adaptive process. The resultdgl raxhibits



Inputs: Outputs:
e fraining data e decision tree classifier

Decision tree
Parameters: L) Results (in repository):
o process
e split criterion e number of tree nodes
e stop criterion e franing data reclassification
e others accuracy
e others

Figure 3. Decision tree learner structure

classification routine as its output and deposits some ntsrihethe results
repository.

We can use the output to classify other data sets. This operatakes
sense only while the decision tree model is fully availaiihen the method
is tested within a cross-validation, where in order to saesn@ry we do not
keep in memory all the models built in each fold, the classifon routines
of the released models are not available, however it ispgigkible to analyze
the results in the repository, for example to check the numbétree nodes
obtained in each fold, calculate their averages, standariatibns, etc.

4 Complex machine structures

The information exchange between machines is a crucialfeatf an ef-
fective Cl system. Indeed, almost everything data analgsems do, is an
information exchange or preparation because of informagixchange. Sep-
arate machines are not satisfactory even in the simplesscdr example,
when planning a cross-validation we need some machinesato knd oth-
ers to perform the tests. There are many reasons, for whichdhsibility of
building complex structures of machines is obligatory fontemporary data
analysis tools.

Modular structure

Machines may contain submachines (equivalently: modeismnmaother
models—in sensible projects there is a 1-to-1 correspa@atso between
machine-to-machine and model-to-model dependencieshyofype and any
level of abstraction. Also a single machine may have subimastof diterent
types (for example few feature selection machines and fastox® selection
machines plus one committee). The submachines can be sestavasof
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Figure 4. Input and output interfaces. Circles on left and right siofdsoxes represent
inputs and outputs respectively.

the parent machine. The submachine does not need to be opkedype—
it may also be a more or less complex model (e.g. ensemble roplex
methods, meta-learning, testing methods, etc.). Suclicolis important in
many cases, some typical applications are: testing magljiepeaters, monte
carlo, cross-validation), ensembles, meta-level metlodisothers. The sub-
machines can be called and used up to the needs of the parehinea-the
parent machine may for example create 1000 machines andfetechoose
three of them and destroy the rest. The important view of sudbrimes cover
also the unification level for nontrivial machines as it waeady presented in
the previous section by the example of the SVM method which coatain a
submachines devoted to the management of the kernels. &eofauch defi-
nition, machines become clearer and much méiectdve. Such machine splits
should be performed wherever the adaptive process con$istene naturally
separable parts.

Input—output interfaces

Machines may be connected using input and output interfabésh play
the roles of plugs and sockets. And as in the world of plugssatiets they
must be compatible (in types and features). The connectiomshe way of
information exchange between machines (and models as v@lifput types
define exact possibilities of the outputs. A single machiray fhave a few
different outputs and a few inputs. Thanks to the inputs and tutjifierent
types of learners may be connected to interact (for exantydéering with data
loader, classifier with transformer, tester with approxionaand data, etc.).
Figure 4 presents an example. Dependently on the type ofections, the
first machine may understand the second one deeper or shal{aecording
to the needs which always are declared in the specificatianpats).

Machine schemes

As presented in the introduction, any hierarchy of learmmachines may
be regarded as a single learner, because their overall sgtputs and pa-



rameters may serve as one method’s inputs and parametersheamesults
altogether may be viewed as a single complex model. Thexeiois some-
times very reasonable to enclose a hierarchy of methodsnaals) in one
complex structure with the functionality of a machine (anodal). In our sys-
tem such structure got the name ahachine schemer justschemebecause
its main task is to define a DAG (directed acyclic graph) o&iobnnected
learners.

Schemes may also play the roles of submachines representimgiex be-
havior. They may be equipped with inputs and outputs like @hgr learner.
Scheme inputs may be connected with appropriate methodsiripside the
scheme and analogously with the outputs. So, scheme inpdtewputs are
sort of relays. The combination of the two concepts of scleeams subma-
chines allows to build machines of any complexity with higfiogency (graphs
of graph’s).

A good example of how to use schemes is a machine of crosiatialn
of classifiers. In our system, it is a specialization of a gaheachine called
repeater which is responsible for multiple running of (possibly qalex) sce-
narios. The repeater method is based on the concegistfbution boards
anddistributors This means that each repeater uses an extdistalbution
boardto generate inputs for subsequent runs of the repeateddunaceA dis-
tribution board is allowed to generate a number of inputsmibns, which are
provided to other machines by a number of instances of aapeechines
called distributor. Each distribution board defines what distributors may be
used with it, so that the repeater can do its job without cdibitity clashes.
The way, a repeater operates is the following:

e a defined number of times it produces an instance of the llision
board (according to its configuration),

o for each distribution board it generates a number of distoits (accord-
ing to the information supplied by the board machine,

o for each distributor, it constructs a hierarchy of machideined by a
scheme with inputs collection compatible with the disttisu

In the case of repeated CV test, we define@érepeateras a repeater with
distribution board fixed t&€V distribution board which appropriately gener-
ates a given number of pairs of train-test datasets. Eachopaatasets is
exhibited by a distributor, and is used to perform a singlefal¥.

At the configuration stage the CV machine may look like the ionkg-
ure 5. The dotted lines connecting “CV Repeater” with the “Bigtr Board”
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Figure 5. Configuration of a CV Repeater for classification.

and the scheme, show the parent—child relation between #uohines. The
CV distribution board has a single input defining the datasttin which the
CV is to be performed and a single output (the distributiordetpproviding
information about the number of distributors needed and twwareate their
outputs. The scheme defines the scenario which is to be esgpdatthis case
it has two inputs (corresponding to the training and teshgkgts respectively)
and allows the user to define its interior i.e. to put theraiiregl machines and
bind their inputs and outputs. Any complex structure of niaes can be gen-
erated (including data transformations, classifiers.ethg¢ example shown in
the figure will train in parallel two classifiers (kNN ans SV the training
data and test each of them in each fold of the CV.

At runtime the CV acts as standard repeater (described pbBweeit cre-
ates given number of CV distribution boards, a number ofitigiors (equal to
the product of the number of repetitions and the number of @¥s) and for
each distributor, instantiates the scenario defined witierscheme. Full view
of twice repeated 2-fold CV of the scenario defined in figure presented in
figure 6. Again, the dotted lines show the parent—child i@tabetween the
“CV Repeater” and all of its submachines. Obviously the Cieater ma-
chine may also control the results obtained with all of thiéddcen, calculate
statistics etc.

There are no limits on the types of models that may occur wéhscheme.

We can place there fiierent transformers, classifiers, approximators, ensem-

bles, testers, help machines, data loaders, etc.

Meta-schemes

Another application of schemes is to define template scehame. sce-
narios containing some templates (placeholders to beisutbst by precise
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methods). The template is an abstract machine scheme vétifisation of

its inputs and outputs. Any model compatible with this sfieafion may re-

place the template to obtain a precise, feasible scenaemerber that, for
example, a scheme with a classifier output may play the sadmasother clas-
sifiers while having possibility to consist of more than onedel, so it also fits
the classifier template. The mechanism is especially ugefukta-learning.

Figure 7 presents an example of a meta-learning machinegcoafion
with a template. The meta-learning here will search for asi@mation (dif-
ferent transformations, which in particular may be comlenctures of trans-
formations, will be tried in the place of the transformati@mplate “Trans.
templ.”) maximizing some measure of quality of the collentiof classifiers
(the scheme output is a multi-output i.e. a collection o$sifers—in this case
a collection of three classifiers: “C1”, “C2”, and “Decisidtiodule” which
combines decisions of the four classifiers). Please ndi@ettansformations
“T1” and the template one are shared in a very natural wayngasompu-
tational time and memory (in meta-learning taking care ofraall computa-
tional complexity as possible is especially important).
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Figure 7. An example of meta-learning machine with transformationgkate.

5 Information exchange, results repository and query
system

The main goal of results repository is to provide a common feagom-
menting on models which is especially useful for testerser&hs no obliga-
tion for the models to use the results repository. It is natdreopportunity to
present interesting information. Results repositoryeami information from
every model in the project. In fact the repository is distténl according to
the structure of the project and it can be read and analyzédtgrent ways
by a special query system. The answers are special objeittsgpecial out-
put types) available as any other outputs, so they may bgzathby other
models (typically by testers, statistical significancelgsia methods and es-
pecially by meta-learning methods). Results analyzedample by one of
meta-learning model may be again a source of informatioarfiother level of
abstraction (may be after some pruning if necessary).

5.1 Results Repository

To provide uniform results management, we created extémtie model)
results repository containing items in the formalbel—-valuepairs. The string
label lets queries recognize the values, which camlbectscontaining infor-
mation of any type. The object may be a number, string, cidlemf other
values, etc.

For an example, consider a classification test. It shoul@ Itao inputs:
the classifier and the data to classify, and at least two taitfne exhibiting
the labels calculated for the elements of the input dataskbae for the con-



fusion matrix. The natural destination for the calculatedusacy is the results
repository. To add the value atcuracy variable, labeled a%Accuracy'; we
need to call:
machineBase.AddToResultsRepository("Accuracy", accuracy);

where themachineBase is the object ofMachineBase class corresponding to
our test model. Note that each model has its own resultsiteppaode which
is accessible for models of higher levels (parent modelgacly in the same
way any other model can add anything to the results repgsitor example
SVM can provide the value of its margin, an ensemble can imfabout its
internals etc.

Another useful possibility (especially for complex modedsthat the addi-
tion of label—value items can be done from outside of the mde® instance,
the parent model can add some information about its submetéth depends
on the context in which the child model occurs, and which thillcan not be
aware of.

An example of such a parent is cross-validation (CV), whiah abel its
submodels with information orepetitionnumber and the CYold:

submodelCaps.AddToResultsRepository("Repetition", repetition);
submodelCaps.AddToResultsRepository("Fold", fold);
This labeling is performed in the context of modw=psule in which each
model is placed because of sonfé@ency requirements, which are outside
of the scope of this article. It may also be seen as labeliegctimnections
between parent and children.

Commentators

To extend the functionality of results repository, we camenwith the idea
of model commentators It facilitates extending the information in results
repository about particular models by external entitidgeeothan parent ma-
chines. The necessity of such solution comes from the fattthie author of
the machine can not foresee all the needs of future usersahtdels and
can not add all interesting information to the results répogs On the other
hand it would not be advantageous to add much informatioheaepository,
because of the danger of high memory consumption, whichtsempository
is designed to minimize.

Commentators have access to machine’s inputs and outpuifyaration
and anypublic parts. In addition commentators may also calculate newegalu
Commentator may put to the repository a knowledge extraftted any part
of the model, its neighborhood, or even from its submodels.

Commentator can be assigned to models by means of the Coséigess



in a simple way:
classifierTestConfig.DeclareCommentator (
new CorrectnessCommentator());

An example of useful commentator, defined for classificatést, may be
helpful in different statistical tests like McNemar’'s. To perform suchistes
the information about the correctness of classificationllotha instances of
tested data is necessary (a vector of boolean values telliegher subsequent
classifier decisions were right or wrong).

5.2 Query system

The aim of the methodology of results repository and comaters is to
ensure that all the models in the project are properly desdrand ready for
further analysis. Gathering adequate results into apjaapcollections is the
task of thequery system

The features of a functional query systems include:

o efficient data acquisition from the hierarchy of models,
¢ efficient grouping and filtering of the collected items,

e a possibility to determine pairs of corresponding restittsfaired t-test
etc.),

¢ a possibility of performing dferent transformations of the result collec-
tions,

e rich set of navigation commands within the results vis@ion appli-
cation, including easy model identification for a resultifra collection,
navigation from collections to models and back, easy datafging and
filtering, etc.

The main idea of the query system is that the results repgsitechich
is distributed throughout the project, can be searchedrdicgpto a query,
resulting in a collection callegeries which then can be transformed in a wide
spectrum of ways (by special components, which can be addtxd tsystem
at any time to extend the functionality) providing new réswihich can be
further analyzed and visualized.

All the ideas ofseries their transformationsand queriesare designed as
abstract tools, adequate for all types of models, so thdt raw component
of the system (a classifier, test etc.) can be analyzed inaime svay as the
others, without the necessity of writing any code implermgnthe analysis
functions.



Series

The collection of results obtained from results repositasya result of
a query is callecseries In the system, it is implemented as a general class
Series, which can collect objects of any type. Typically it consist a number
of information items, each of which, contains a number ofigal For example,
each item of the series may describe a single model of theginajth the value
of its classification accuracy, the number of CV fold in whtble model was
created etc. Thus each item is a collection of label-values pa the same
way as in the case of results repository. Such representfmlitates two
main functions of the series: grouping and filtering.

Series transformations

The series resulting from queries may not correspond riglatyao what
we need. Thus, we have introduced the concepeoks transformationsin
general the aim of transformations is to convert a numbenpiiti series into
a single output series. Some of the most useful transfoomatccessible in
our system are:

e calculating properties (correlations, means, standavihtiens, medi-
ans etc.) or statistical tests (t-test, McNemar test, Wibcotest, etc.),

e a concatenation of series into one series (e.g. for groupgether the
results of two classifiers into a single collection),

e combining two (or more) series of equal length into a singlges of
items containing the union of label-value pairs from all iteens at the
same position in the input series,

e calculating dfferent expressions on series.

Queries

To obtain a series of results collected from results repogitve need to
run aquery A query is defined by:

¢ theroot nodg i.e. the node of the project (in fact a model capsule), which
will be treated as the root of the branch of the parent—chid tontain-
ing the candidate models for the query,



¢ the collection ofmachine configurationdefining which models of the
branch will actually be queried (the results are collectexinf models
generated by machines using configurations from the cadlgct

¢ the labelsto collect, which correspond to label-value pairs in result
repository.

The result of running a query is a series: the collection ehi correspond-
ing to the models occurring in the branch rooted atrtitd nodeand being the

results of running machines configured with one of the sggtinmachine con-

figurations(see next section for illustrative examples). Each of temé is a

collection of label—value pairs extracted for the collestoflabels For greater

usefulness, the labels in the third parameter of the quezysearched not only
within the part of results repository corresponding to therged model, but
also in the description of parent models (we will see the athge of such a
solution in the following examples).

5.3 Example applications of queries and series transformains

Consider the example of cross-validation model structussented al-
ready in figure 6. It is a sketch of the hierarchy of models iolet with a
repeater machine running twice 2-fold CV of two classifiénsp@rallel) KNN
and SVM.

After the structure of models is created and the adaptivegases finished,
different queries may explore the results repository. The messtable query
in such case is certainly the query for the collection of Cst assification
results of each of the classifiers. To achieve this we may @dfia query(-ies)
in the following way:

Query q = new Query(); Query q = new Query(Q);
g.Root = repeaterCapsule; g.Root = repeaterCapsule;
q.AddMachineConfig(testA); gq.AddMachineConfig(testB);
g.MainLabel = "Accuracy"; g.MainLabel = "Accuracy";
knnSeries = g.Series; svmSeries = ¢.Series;

theroot nodeis the repeater node, theachine configurationgclude testA
and testB configurations respectively for KNN and SVM (this ensureat th
the results will be collected only from the appropriate t@stdels), and the
main label is set to “Accuracy”. In some cases like in the Wwedxample of
McNemar test, we may prefer to set theinLabel to "Correctness” in place



of "Accuracy":
g.MainLabel = "Correctness";

Such queries return serigamfiSeries, svmSeries) of four accuracies cal-
culated by tests of KNN and SVM models respectively. BothrR#ygetition
and thecv-fold labels are assigned to the connection leading to the box with
classifiers (R1 or R2 and F1 or F2), so appropriate informatmust be in-
cluded, but it is too technical to describe it here. As a tesalobtain a series
of four items consisting of the values of accuracy, repmtithumber and CV
fold number.

McNemar test of two classification models

To test statistical dierence between correctness of two classification mod-
els, with McNemar test, we need the flags of answer correstivesach el-
ement of the test data. The collection of correctness flagsbeaobtained
by adding to the configuration of classifiers tests the ctmess commentator
(CorrectnessCommentator) as it was presented in section 5.1 in the paragraph
devoted to commentators. Additionally, the main label $thdie set to the
"Correctness". Declarations:

sl = knnSeries.Filter("Repetition", 1).Filter("Fold", 1);

s2 = svmSeries.Filter("Repetition"”, 1).Filter("Fold", 1);
select the results for particular models. By double filtgr{superposition),
models belonging to the first repetition and the first fold d &e selected in-
dependently for KNN and SVM test series. Because the coesstlabel-value
item contains a collection of correctness for each vectuvtback () method
must be used (it converts the collection of collections i@ collection) on
seriess1 ands2. Now we are ready to use McNemar test:

s = McNemar.Transform(sl.Unpack(), s2.Unpack());
The final seriess contains test results: the p-value and McNemar statistic
value, accessible vig["p-value"] ands["statistic"] respectively.

In even simpler way the McNemar test can be applied to all esgument
tests of the CV.

s = McNemar.Transform(knnSeries.Unpack(), svmSeries.Unpack());

Basic statistics

When collectingknnSeries andsvmSeries as it was presented at the be-
ginning of this section withMainLabel set to "Accuracy”, the basic statistics
can be directly computed:

s = knnSeries.Transform(new BasicStatistics());



Indexing seriess with "Minimum"”, "Mean", "Maximum", "Standard devia-
tion" respective properties are captured (for exansplélean"]). TheBasic-
Statistics transformer sets the "Mean" as the main label.

Using grouping, the independent statistics for each CVdastbe com-
puted. To do this first we have to group the series by the tipetindex.
After that, result series contains subseries with itemsessnting subsequent
CV tests. Then, the basic statistics transformer can bdeapfd the series
through theMap transformer:

sl = knnSeries.Group("Repetition") .MAP(new BasicStatistics());
TheMAP transformer performs the transformation given as the paranghere
BasicStatistics)on each of the subseries and the results are collected into a
new series. Note that the MAP in general can be nested if deddeally the
s1 series contains a sequence of subseries with basic sw@std by calling
the ungroup transformer we obtain series of statistics 06Q¥ the main se-
ries not in subseries):

sl = sl.Ungroup(Q);
Now s1 contains items, one per single CV, and each one contains, meain
mum, maximum, variance and standard deviation.

The number of possible combinations oftdrent commentators, queries
and series grouping, filtering and transformations is hugm evith a small
set of basic commentators and transformations. The codlenthst be written
is short and intuitive. Since the system is open in the semseany SDK
user can add new commentators and series transformatiengossibilities of
results analysis are so rich, that we can claim, they ardatest only by user
invention.

6 Easy development of new learning machines

Although the system is versatile, it is very important theg project man-
agement module does not burden SDK users (the method devg)apith the
necessity of deep familiarity with the engine mechanisms.kdep method
development as simple as possible, the cycle of maghimgel life must be
very simple. To obtain this, we designed our system, so thel enethod is
configured first, then its adaptive process started, and Wieelearning is fin-
ished, the model is fixed so that it will not change in the fetdthere is no
need to implement the ways of reaction to the changes in atbeels. This is
the point of view of a method developer. From the point of vigha user, each
machine may be reconfigured and trained many times, but indach time a
new instance of the machine is constructed or reused. Thissyery impor-



tant to sensibly split complex machines into a set of smalhas, because this
will make submachines reuse more frequent, because snaaigjeb in method
parameters may keep some part of the process unchanged) amchi cases
the subprocesses ndtected by the changes may be reused.

Another advantage of appropriate design of the SDK and basithods
available in the system is that they can “enforce” properhiras construction
by SDK users. For example, in our system, the methods of ieatlection
based on rankings of features are defined in such a way, ghaatiking is an
output of a submachine. Adding new ranking based selectichd system
consists in creating just the ranking submachine.

6.1 1NN as a simple model example

Despite the multitude of élierent contexts in which each learner must be
functional, its implementation should be very simple. Ohthe most impor-
tant assumptions about our system design was that theyjartiearners must
be in some sense isolated from the complexity of the systaginenso that
the developers of new methods may create them with as liftteteas pos-
sible. An example to confirm this, is the full source code ofrapde 1NN
classifier presented in figure 8.

From the available object-oriented programming languégesather envi-
ronments) we selectedi@nd .NET for implementation of our system, because
we estimated it was the most complete and best suitable faneta-learning
design.

To implement a new (learning) machine one needs to code tgses$: one
for configuration of the learner and one for the learnerfitSeéie configuration
class for the example 1NN classfierdseNNConfig. The minimum require-
ment for a configuration class is to implement Iitenfiguration interface,
which means that two methods must be definghfigure andClone. The
Configure method is parameterized by an object of cl@safigBuilder,
which provides control over the inputs, outputs and someratbnfiguration
routines. The 1NN classifier configuration defines a singlatitraining data)
and a single output (the classifier).

The learner class iBneNN. The Machine attribute preceding the defini-
tion of the class informs the system about the name of thaileamethod
and corresponding configuration class. The class implesnerd interfaces
IMachine andIClassifier. To implement the former interface two meth-
ods are definedSetMachineBase, which is called by the system at the start
of the machine life to supply the method with necessary m#tion about its
context, andkun, which is the function to implement the adaptive process of



1 public class OneNNConfig : IConfiguration

2 {

3 public void Configure (ConfigBuilder confBuilder)

4

5 confBuilder.DeclareInput("Input dataset",

6 new Type[] {typeof(IDataTable), typeof(ITargets)}, false);
7 confBuilder.DeclareQutput("Classifier",

8 new Type[] {typeof(IClassifier)}, false, null, null);
9 }

10 public object Clone() {return new OneNNConfig();}

11 }

12 [Machine("1NN", typeof(OneNNConfig))]

13 public class OneNN : IMachine, IClassifier

14 {

15 IMachineBase machineBase;

16 public void SetMachineBase(IMachineBase mb) {machineBase = mb;}
17 IDataTable trnD, targets;

18 public void Run(ref bool shouldTerminate)

19 {

20 trnD = machineBase.OpenInput ("Input dataset") as IDataTable;
21 targets = (trnD as ITargets).Targets;

22 machineBase.CloseInput("Input dataset");

23 }

24 public IDataTable Classify(IDataSet data)

25 {

26 IDataTableBuilder t = targets.CopyStructure(data.VectorsCount);
27 IVectorEnumerator ed = (IVectorEnumerator)data.VectorEnumerator();
28 IVectorEnumerator et = (IVectorEnumerator)trnD.VectorEnumerator();
29 SquareEuclideanMetric m = new SquareEuclideanMetric();

30 for (int i = 0; i < data.VectorsCount; i++)

31 {

32 ed.GoToVector(i);

33 double d, minDist = System.Double.PositiveInfinity;

34 int minId = -1;

35 for (int j = 0; j < trnD.VectorsCount; j++)

36 {

37 et.GoToVector(j);

38 d = m.Distance(ed, et, minDist);

39 if (d < minDist) {minId = j; minDist = d; }

40 }

41 t.Values[i,0] = targets[minId,®];

42 }

43 return t.Build();

44 }

45 public bool VerifyTestData(IDataSet data)

46 {

47 int featureCount = trnD != null? trnD.FeaturesInfo.Count : 0;
48 IDataTable dt = data as IDataTable;

49 return dt != null && dt.FeaturesInfo.Count == featureCount;
50 }

51 }

Figure 8. Full source code of a 1NN classifier.



the machine. In the case of 1NN classification, no learningetessary—it is
enough to ensure access to the training data set for findiagsteneighbors,
which is achieved by storing the reference to the trainirtg dathetrnb field.
To get access to an input we need to open it (line 20 of the saxode) and
after we are finished, we close it (line 22).

The IClassifier interface has two method<lassify andVerify-
TestData.

The Classify method gets a data set with elements to be classified and
returns the vector of class labels (in fact a matrix, becéuggeneral a sin-
gle classifier may determine several vectors of classesrallgia but here, for
maximum simplicity, we assume only one classification ta$k)return a ma-
trix of class labels (a data table) we need a data table uittdined in line
26). The vector enumerators (lines 27-28) give fiicient and safe access to
the training and classified data. We need them to calculatardies and de-
termine the nearest neighbors (lines 29—-40) to make thsidasi(in line 41).
Distance calculation is performed by a simple clegsareEuclideanMetric,
which can be easily replaced by other metric. In particularoauld define a
metric dealing with other kind of data (e.g. texts, some dpsons of 3D
structure of molecules etc.) and it will make the 1NN classiéligible for
classification of such data (not necessarily tabular, nicaledata as in the
example).

The methodverifyTestData is designed to check the compatibility be-
tween the training and test data sets—in the case of ourd&agii metric, we
need two data tables containing vectors from feature speafcthe same di-
mensionality.

7 Summary

We have presented some theoretical background of a gereaalnuin-
ing system and parts of its implementation. Thanks to theprehensive ab-
straction of learning machines and models, we have created/agyeneral but
still highly effective system. Modular architecture causes that nothirgs bau
reimplemented or recalculated. Models of any complexity tm& composed
by any combinations of available methods.

Thanks to the general and flexible engine, new models (absadmplex
ones) can be implementedectively with the SDK and may be instantly used
with full functionality, without any need for changes in teegine. Moreover,
by means of SDK any type of models can be implemented: clessitipprox-
imators, testers, measures and even models of completsltypes, unknown



yet.

Models in the project are connected using input and outpetfaces in
a natural way giving the opportunity tdfeiently exchange information. The
results repository collects interesting data (commerttsuathe models and
can be easily explored and analyzed with the help of our gaedy series
system.

The project may contain any number of data sources, any nuoshbinple
or complex models of any kinds, which can coexist and codpénaa number
of ways. Such models may easily exchange information fierdint levels of
abstraction.

The versatility of the system predestines it to a broad rafiggplications
including the most sophisticated ones like advanced nestaring approaches.
The riches of dierent models and their types opens the gates to powerful
exploration and explanation of data and can not be comparethy other
existing system.
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