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THE ENGINEERING SKILLS TRAINING PROCESS MODELING
USING DYNAMIC BAYESIAN NETS

The subject of research in the article is the process of intelligent computer training in engineering skills.
The aim is to model the process of teaching engineering skills in intelligent computer training programs
through dynamic Bayesian networks. Objectives: To propose an approach to modeling the process of teaching
engineering skills. To assess the student competence level by considering the algorithms development skills in
engineering tasks and the algorithms implementation ability. To create a dynamic Bayesian network structure
for the learning process. To select values for conditional probability tables. To solve the problems of filtering,
forecasting, and retrospective analysis. To simulate the developed dynamic Bayesian network using a special
Genie 2.0-environment. The methods used are probability theory and inference methods in Bayesian networks.
The following results are obtained: the development of a dynamic Bayesian network for the educational pro-
cess based on the solution of engineering problems is presented. Mathematical calculations for probabilistic
inference problems such as filtering, forecasting, and smoothing are considered. The solution of the filtering
problem makes it possible to assess the current level of the student's competence after obtaining the latest
probabilities of the development of the algorithm and its numerical calculations of the task. The probability
distribution of the learning process model is predicted. The number of additional iterations required to achieve
the required competence level was estimated. The retrospective analysis allows getting a smoothed assessment
of the competence level, which was obtained after the task’s previous instance completion and after the compu-
tation of new additional probabilities characterizing the two checkpoints implementation. The solution of the
described probabilistic inference problems makes it possible to provide correct information about the learning
process for intelligent computer training systems. It helps to get proper feedback and to track the student's
competence level. The developed technique of the kernel of probabilistic inference can be used as the decision-
making model basis for an automated training process. The scientific novelty lies in the fact that dynamic
Bayesian networks are applied to a new class of problems related to the simulation of engineering skills train-
ing in the process of performing algorithmic tasks.
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Introduction

Intelligent computer tutoring based on the adaptive
algorithms for effective individual studying is a state of
art approach to both distance and ordinary learning in
the complex engineering domains. Adaptability of such
programs is achieved due to advanced decision making
algorithms for next task and next step choices [1]. These
algorithms must implement basic pedagogical principles
and give a feedback based upon adequate information
about learning process [2-4]. Current research proposes
to utilize dynamic Bayesian network (DBN) for tutoring
process modeling. To evaluate the model variables it is
offered to adapt probabilistic inference methods.

This is not the first time DBN has been used for
ITS purposes. For example, in publication [5] DBNs
represent several skills of students together within one
model and an optimization algorithm with constraints is
introduced for parametric training of such models. The
prediction accuracy of the approach is evaluated on five

large-scale datasets in various fields of study such as
mathematics, orthography, and physics.

An article [6] proposes an intelligent tutoring sys-
tem that draws up a curriculum of prompts and tasks to
teach the student certain skills. A template is provided
for constructing a multilayer dynamic Bayesian network
to model this problem and describe how to find out the
model parameters from the data. Testing was carried out
in the domains of finite field arithmetic and artificial
language.

Formulation of the problem

In difference to the approaches described above,
this article focuses on BSN based modelling research
deal with engineering skills training. The issue of teach-
ing engineering skills, concretely, the implementation of
algorithmic tasks, when it is necessary not only to ob-
tain an answer for specific problems, but also to com-
pose an algorithm for its solution, has not been consid-
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ered. In addition, the consequences of the modeling re-
sults, namely, the solution of forecasting, filtering,
smoothing problems, are not provided.

Therefore, to raise efficiency of existed methods
and to adapt them to the high-qualified engineers’ tutor-
ing following problems should be solved:

1. To propose a general approach to modeling of
engineering skills occupying process.

2. To evaluate level of the student competence by
considering of task solving algorithm knowledge and
ability to apply it.

3. To create the structure of dynamic Bayesian
network of tutoring process.

4. To develop conditional probabilities tables.

5. To solve the problems of filtering, prediction
and smoothing.

6. To perform modeling of the developed DBN
using special editor Genie 2.0.

1. Tutoring process model development

A tutoring process is considered as sequential solv-
ing by student tasks of a certain class with correspond-
ing response on each of his actions. DBN of learning
process model includes nodes of current competence
level evaluation and nodes of decision-making on peda-
gogical intervention for student’s competence level im-
provement [7].

Decisions on a kind of pedagogical actions are
made after passing each of two breakpoints: algorithm
construction for task solving and numerical task solu-
tion based on it. Competence level and providing hints
for student on the current stage influences on compe-
tence level evaluation on the next stage. Thus, develop-
ing DBN includes two conditional connections of the
first order: between nodes of student competence level,
and also between node of providing hint and compe-
tence node.

The structure of created DBN in collapsed and ex-
panded forms is shown in fig.1, where t is a time mo-
ment number.

“Skills Level” is general node for simulation of
student competence level. This node has four discrete
conditions: Excellent, Good, Satisfactory and Bad. On a
current stage competence level influences the skill of
algorithm development (“Algorithm Created” node). In
its turn, the skill of algorithm development (ability to re-
produce it) influences on ability to use it (node “Answer
Calculated”). Two last mentioned nodes are character-
ized by three inner states: WithoutError (solution with-
out errors), WithOneError (solution has one error) and
WithMoreThanOneErrir (solution has more than one
error). Depending on success of algorithm developing
and the numerical solution of a task, the decision about
providing hint to the student is made (“Hint” node).
“Hint” node has two discrete states: Yes (hint is provid-
ed) and No (there are no any hints). Competence level
of “Skills Level” and fact of hint showing at the current
moment determine competence level at the next mo-
ment.

Each node has conditional probabilities table
(CPT). CPT for “Skills Level” is shown in fig. 2:

P(SkL¢ =X)=F(P(SkL¢_y = Y), P(Hint, 4 =Z)).

Initially there is complete uncertainty of compe-
tence level:

P(SkLq = Excellent) = P(SkLy = Good ) =
=P( SkLq = Satisfactory) = P( SkLq = Bad)=0.25.

For relations SKkL, > AlgC; and AlgC; > AnsC,
corresponding CPTs are presented in fig. 3.

For relation AIgC;, AnsC; — Hint; CPT is de-
termined and defines hint absence when both break-
points were passed without errors (fig. 4).

Algorithm
Created

Fig. 1. Dynamic Bayesian network structure: a — in collapsed form; b — in expanded form
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Hint Yes No
Skill level Excellent Good Satisfactory Bad Excellent Good Satisfactory Bad
Excellent 1 0.5 0.1 0 1 0 0 0
Good 0 0.5 0.4 0.2 0 1 0 0
Satisfactory 0 0 0.5 0.3 0 0 1 0
Bad 0 0 0 0.5 0 0 0 1
Fig. 2. Conditional probabilities table for “Skills Level” node
Skill level Excellent| Good |Satisfactory| Bad Algorithm Created |withoutErr|\withOneErr |\withMoreThan1Err
withoutErr 0.9 0.55 0 0| |withoutErr 0.9 0.55 0
withOneErr 0.1 0.9 0.1 0.01| |withOneErr 0.1 0.9 0.1
withMoreThanlErr 0 0.05 0.9 0.99| |withMoreThanlErr 0 0.05 0.9
a b
Fig. 3. Conditional probabilities tables: a — “Algorithm Created” node; b — “Answer Calculated” node
Algorithm Created withoutErr withOneErr withMoreThan1Err
Answer Calculated |withoutErr \withOneErr |withMore... |withoutErr |withOneErr|withMore... \withoutErr |withOneErr|\withMore...
Yes 0 . ® ® . . ® ® *
No . o) o) 0 o) 0 0 0 0

Fig. 4. Conditional probabilities table for “Hint” node

2. Solving of dynamic model
probabilistic inference problems

After building of tutoring process dynamic model
structure there is an opportunity to formulate the main
goals of probabilistic inference which should be solved
by means of this model. The filtration, prediction and
smoothing concern such problems. Solving of the given
problems is directed on obtaining of the network varia-
bles evaluation that will allow to provide timely for-
mation of system's feedbacks to the student. Let’s con-
sider in details an essence and purposes of probabilistic
problems solving, as well as their mathematical aspect

2.1. Filtration

The objective of filtration is a “Skills Level” node
evaluation at the moment of time t =k for given model
if all estimates “Algorithm Created” and “Answer Cal-
culated” from the beginning up to the present moment
are known. The calculations can be considered as the
following: firstly, distribution of probabilities for cur-
rent condition “Skills Level” is projected forward from
t to t+1, then it is updated with new probabilities
AlgC; 1 and AnsCy 4

P(SKLts1 |AIgCy,q, AnsCyiyg) =
= OL'P(AIQCH—l |Sk|—t+1)'
P(SKLyyy |AIgCy, AnsCyy),

)

where SKL - student competence level (node “Skills
Level”); AIgC — “Algorithm Created” node value;
AnsC — “Answer Calculated” node value, oo — normal-
ization constant introduced so that the sum of values in
the P (Y | X) distribution is equal to 1.

Second term P(SkL,; |AlgCy¢, AnsCy) repre-
sents a single-step prediction of next condition, and the
first term updates it by new probabilities. Let’s trans-
form the second term, which is single-step prediction
for a current condition by probabilities values updating
of SkL;

P(SKLiy1 |AIgCy, AnSCyyyy) =
=a-P(AIGCy,1 |SkLy,g) D P(Hint, | AlgC;, AnsC)-
Hintt

-} P(SkLy,, ISKLy, Hint;)-P(SKL; | AlgCy;, AnsCy).
SkL;

)

Let's define updating of node “Hint” probabilities

distribution according to probabilities AIgC; and
AnsC; :
P(Hint, | AlgCy, AnsC;) =
= Z P(AIgCy)- (3)
AIgCt
- > P(AnsCy | AlgC,) -P(Hint, | AnsC;, AlgC,).

AnsCy
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Example. Let there are probabilities AnsCyand
AlgC, for zero time slice. Find probabilities distribu-

tion for “Skills Level” node for the first time slice if
probabilities AnsC,and AlgC, are known.

Initial conditions:

P(SkLg) =(0.25, 0.25,0.25,0.25),

P(AlgCy = withOneError)=1,

P(AnsCy = withoutErrors) = 1,
(
(

P(AlgCy = withMoreOneError) = 1,
P(AnsCy = withOneError)=1.

Find: P(SkLy | AlgCosq, AnsCqq ) ="
Let's find out posterior probabilities:

P(AIgCy) =(0, 1, 0); P(AnsCq) =(1 0, 0);

P(AlgC;) =(0, 0,1); P(AnsC; ) =(0, 1, 0).
P(Hintg)= Iz (AlgCq)-
AlgCy

- > P(AnsCqy | AlgCy )-P(Hinty | AnsCq, AlgCy) =
AnsCy

= 0-(1:(0,1)+0-(1,0)+0-(1,0)) +
+1-(1-(1,0)+0-(1,0)+0-(1,0)) +
+0-(1-(1,0)+0-(1,0)+0-(1,0)) =(10).

Having node AlgC, probability SkL, node eval-
uation could be updated:

P(SkLg | AlgCy) = a-P(SkLg |)-P(AlgCy | SKLg) =
= (0.25, 0.25, 0.25, 0.25)-(0.1, 0.9, 0.1, 0.01) =
= (0.025, 0.225, 0.025, 0.0025) =
=(0.09, 0.81, 0.09, 0.01).

After SkL, node updating posterior probabilities
distribution of SkL; node and its updating according to
the AlgC, value could be done:

P(SkLy | AlgCos, AnsCqq) =
= o-P(AlgCy |SkLy)- > P(Hintp)-
Hintg

- > (SkLg| )-P(SkLy|Hintg, SkLg)=
SkLg

=a-(0, 0.05, 0.9, 0.99)+1-(0.09-(1, 0, 0, 0)+
+0.81-(0.5,05,0, 0)+0.09-(0.1, 0.4, 0.5, 0)+

+0.01-(0, 0.2, 0.3, 0.8)+0-(0.09-(, 0, 0, 0)+
+0.81-(0, 1, 0, 0)+0.09-(0, 0, 1, 0)+
+0.01-(0, 0, 0, 1))) == (0, 0.318, 0.618, 0.064) .

Thus, there has been obtained “Skills Level” node
probabilities distribution for the first time slice. Where-

as P(AlgCy)=(0, 0, 1), i.e. in the first time slice the

algorithm of problem decision has been developed more
than with one error, competence level evaluation was
decreased from 80 percentage (good level) to 60 per-
centage (satisfactory level) that proves filtration calcula-
tions.

Filtration implementation for the variables of tu-
toring process dynamic model allows to define the cur-
rent competence level. It has been accumulated as a
result of all the previous tasks solving updated with the
results of the two control points of last task. The evalua-
tion of current competence level could be a basis for
decision-making on the tutoring program performance
termination because of achievement of the required
skills indicator. As well it could be utilized for choice of
the additional emergency pedagogical interventions for
improvement of the given parameter.

2.2. Prediction

One of the filtration problem stages is a prediction
of competence level node probabilities distribution at a
current time slice before its updating by the obtained
probabilities. Let's consider another challenge — predic-
tion of DBN probabilities distribution at the moment of

time t+k (k> 0) if all the probabilities before the

moment of time tare known. The algorithm might be
described as following:

1) initially, set a counter of time slice number
i=t+1;

2) perform prediction of DBN nodes probabilities
distribution at i-th time moment:

- SKL; node probabilities distribution:

P(SkL;) = Z P(Hint;_y)-

- > P(SkLj_1)-P(SKL; |Hint;_4,SkL; 1),  (4)
SkLi_1
- AlgC; node evaluation:

P(AIgC;) = P(SKL;)-P(AlgC;|SkL;), (5)

SKL;

- AnsC; node evaluation:
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P(AnsCi)= D> P(AIgC;) >’ P(AnsC;|AlgC;), (6)
AlgC; AnsC;

- Hint; node evaluation:

P(Hint; ) = Z P(AlgC;)-
AlgC;i
- > P(AnsC; | AlgC; )-P(Hint; | AnsC;, AlgC;); (7)
AnsC;

3) increase the counter i by one;

4) repeat steps 2-3 until reach the required moment
t+k.

As a result of calculations prediction of network
nodes posterior probabilities distribution from t+1 to
t+k moment has been obtained.

Prediction of learning process model variables
probabilities distribution allows to evaluate quantity of
additional iterations of tutoring for achievement of re-
quired competence level. In a case if needed quantity of
additional iterations exceeds a limit, feedback strategy
correction should be done in order to increase the level
of student’s competence [8-10].

2.3. Smoothing

Smoothing problem (retrospective analysis) con-
sists of a posterior variables values probabilities calcula-
tion. These variables cover previous state if all probabil-
ities before current state are known. For the current
learning process model it could be defined as calcula-
tion of student competence level evaluation at a moment
k,1<k <t. It would be done only if all probabilities

AlgC and AnsC for every moment until t are ob-

tained. Retrospective analysis provides better infor-
mation evaluation about some state in the past, which
was available up to that time (because it includes greater
number of probabilities).

Having probabilities at moments 1:t, when it is
required to get evaluation of some node at time moment
k,1<k <t, it is convenient to make calculations of

smoothing dividing task in two parts: before the mo-
ment k and from k+1to t:

P(SkLy |AIgCyy, AnsCyy) =
= - P(SKLy | AlgCy, AnsCyy )- ®)
P(AIGC 11, AnsCy g [SKLy) = a-Fry - byge,

where by =P(AIGC 10 ANSCy 1 [SKLy ), Fiy

can be calculated by filtering in forward direction from
1to k according to the equation (1).
Reverse expression by, calculated through re-

cursive process in backward direction fromt :

P(AIGCk 1, AnsCy,1y, [SKLy) =

= D, P(AIgCy,; ISKLy,1)-
SkLi+1

P(AIGCy, 2, AnSCipt | SKLyci1)- ©)
P(SKLy,1 | SKLy, Hinty ) .

Example. Let’s utilize the algorithm described
above for calculation of competence level smoothing
evaluation at the first time moment, if all the probabili-

ties AlgCy.3 and AnsC,3 are known.
Posterior probabilities are:

P(AlgC;)=(0,0,1); P(AnsC;)=(10,0);
P(AIgC;) = (0,1,0); P(AnsC,)=(1,0,0);
P(AlgC3)=(1,0,0); P(AnsC3)=(0,0,1).

Initially, it is total uncertainty about competence
level:

P(SkLy)=(0.25, 0.25, 0.25, 0.25).

As a result of the described algorithm of filtering:

P(SKLy | AlgCy, AnsCy)=(0, 0.0258, 0.4639, 0.51031) .

The general equation for calculation of smoothing
evaluation is:
P(SkLl | AlgCl-g, AnSC]_-g) =
=0 P(SkLl | AlgCl, AnsCl) .
‘P(AlgCy3, AnsCyg, |SKLy).
The second multiplier is reverse expression which

can be calculated by recursive procedure from t=3 to
t=1:

P(AIgC2:3, AnSC2:3,| SkLl) =

= Y P(AIgC, |SkL;)-P(AIgCz, AnsCg|SkL,)-
SkL,

P(SKL, | SKLy, Hint;).
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After insertion of calculated AIgC, node value to
the formula following expression could be obtained:

P(AIgCy3, AnsCy3|SKLy) =
= p(AnSCZ |A|gC2)

- > P(AIgC;, |SKL,)-P(AIlgCs, AnsCs|SKL,)-
SkL,

P(SkL, | SkLy, Hinty).
Reverse expression:

P(AIgC3, AnSC3 |Sk|_2) B

= P(AnsC3|AlgCz) >’ P(AlgCg|SkLs)-
SkLj

P(|ISkLy)-P(SKLg | SkLy, Hint,).

Thus, as a result of all functional components cal-
culations for SKL, node smoothed evaluation has been

obtained.

Let’s check formula validness for smoothed evalu-
ation of competence level calculation derivation by
means of probability distribution calculation:

P(ISkLy)=(1111),

P(AlgCz, AnsCy |SKL, ) =
~ 0.9-(0.9-1-(1, 05, 0.1, 0)+
+0.05-1-(0, 05, 0.4, 0.2)+0-1-(0, 0, 0.5, 0.3)+
+0-1:(0, 0, 0, 0.5)) = (0.81, 0.4275, 0.099, 0.009),

P(AIgC,3, AnsCyp3 | SKLy) =
~0.45-(0.1-0.81-(1, 05, 0.1, 0)+
+09:04275(0,0.5,0.4,0.2) +0.1-0.099+(0,0,05,0.3)+
+0.01-0.009-(0,0,0,0.5)) =
=<0.03645, 0.10479, 0.07513, 0.03598>

P(SkL; | AlgCy3, AnsCy3) =
=OL~<0.03645, 0.10479, 0.07513, 0.03598>-
(0, 0.0258, 0.4639, 0.5103) =

=(0, 0.04835, 0.62328, 0.32837).

If we have probabilities for three time slices, after
calculation of SKL (smoothed evaluation of student
competence level) confidence in good skills level re-
main less than 5%. But more significant thing is im-
provement of satisfactory and good competence levels
states. It is 62 % and 33 % respectively when six proba-
bilities are known. After first trying to complete tasks
this values will be 46 % and 51 %.

Precession restriction for evaluation of student
competence level, when probabilistic inference of filter-
ing and prediction is used deal with received probabili-
ties at the current moment. They are algorithm design-
ing and numerical calculations probabilities for task
instance. After obtaining of additional probabilities it is
possible to make retrospective analysis of knowledge
level for specific moment in past and get smoothed
evaluation. Smoothed evaluation allows to solve follow-
ing problems:

1) research of the competence level growth based
upon got probabilities after task series completion;

2) evaluation of the competence level growth
based upon got probabilities after task series completion
by comparison of smoothed evaluation and results of
current check;

3) decision making on change of training trajectory
or on additional pedagogical interventions in a case of
insufficient growth of competence level.

3. Computer simulation of DBN

In order to verify mathematical calculations of
probabilistic inference of DBN, obtained results were
compared with the results of machine computation in
Genie 2.0 environment [11]. The discrepancy between
the results is negligible. In fig. 5 the results of machine
computation of competence level smoothed evaluation
for initial state are shown with stated time moments t
and probability levels in percent. It might be spotted that
depending on errors detecting in calculations and algo-
rithm implementation, the probabilities of student
grades redistribute appropriately.

Fig. 6 shows a graph of Skills Level values versus
time for correct input of the answer and creating an al-
gorithm with more than one error at time t = 1, correct
input of the answer and creating an algorithm with one
error at time t = 2. The graph shows how the Excellent
and Good scores change over time. This proves the ef-
fectiveness of the proposed approach, since knowledge
and skills are modeled adequately.
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Fig. 5. Smoothing problem solution in Genie 2.0 environment
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Fig. 6. Dynamic of skills level after student answer

Conclusions and perspectives

The DBN development for the tutoring process
based on the engineering tasks solving is represented.
The mathematic calculations for probabilistic inference
problems such as filtering, prediction, smoothing have
been considered. Filtering problem solution allows to
evaluate current student competence level after obtain-
ing of last probabilities for his algorithm development
and his numerical calculations of assigned task. The
probabilities distribution of tutoring process model was
predicted. Evaluation of additional iterations number
needed for achieving of required competence level is
done. Retrospective analysis allows to obtain smoothed
evaluation of competence level which was got after pre-
vious task instance completion and after having the new
additional probabilities characterizing completion of
two task breakpoints. Solution of described probabilistic

inference problems gives opportunity to provide correct
information about tutoring process for the Intelligent
Tutoring Systems. It helps to give proper feedbacks and
to track students' competence level according to heuris-
tic principles of self-organization in intelligence systems
[12,13].

Developed probabilistic inference kernel technique
could be used as a basis for decision-making model for
automated tutoring process [14, 15].
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MOJEJIOBAHHA IMTPOHECY HABYAHHSA IHHKEHEPHUM HABUYKAM
3 BAKOPUCTAHHSAM JJUHAMIYHUX BAMECIBCLKUX MEPEK

A. I'. Yyxpaii, O. B. I'agpunenxo

IIpeamerom JOCITIKEHHS B CTAaTTi € MPOLEC IHTENEKTYalbHOIO KOMI'FOTEPHOTO HaBYaHHS 1H)KEHEPHHM Ha-
BUYKaM. MeToI0 € MOJIEJIIOBaHHS NPOLIECY HAaBYaHHS iH)KEHEPHUM HABHYKAaM B IHTEJIEKTYaJbHUX KOMITHOTEPHHX
HABYAJIBHHUX MPOrpaMax 3a JOMIOMOIOI0 JAMHAMIYHUX 0aieCiBChKUX MEpex. 3aBIaHHsI: 3apONOHYBATH MiAXiA 10
MO/ICIIFOBaHHS TPOLECY HABYAHHS 1H)KEHEpHUM HaBH4kaM. OLIHUTH PiBEHb CTYJCHTCHKUX KOMIIETCHIIH HUISXOM
PO3TIIsly YMIHB CKJIaJiaTH aJllrOPUTMHU BUKOHAHHS 1H)KEHEPHHX 3aBJaHb 1 BMiHb iX 3actocoByBaTd. CTBOPHUTH CTPY-
KTYpy JAMHaMi4HOi OaieciBChbKOi Mepeki mpoliecy HaBuaHHs. Bubparu 3Ha4eHHs [yis TaOJIMIb YMOBHUX HMOBIpHOC-
Teil. Bupimmrty 3aBnaHHa QinbTpallii, IpOrHO3YBaHHS Ta PETPOCIIEKTUBHOTO aHANi3y. BHKOHaTH MOJefOBaHHS Po-
3po0JIeHOT AMHAMIYHOT OalieciBChbKOT Mepeki 3 BUKOPUCTAHHAM creliabHoro cepenopuma Genie 2.0. Bukopucro-
BYBaHHMH MeTOJAAMH € METOJH Teopii KMOBIpHOCTEH 1 METOJM BHBEICHHS B OalieCiBChbKHX Mepekax. OTpHMaHi
HACTYIHI pe3yJIbTATH: MPEICTaBICHa PO3poOKa TUHAMIYHOI OaifeCiBChKOI Mepexi IUIsi HaBYAILHOTO IIPOIECY Ha
OCHOBI pIilllCHHS 1HKCHEPHUX 3a1a4. PO3rIIHYyTO MaTeMaTHUHI PO3PaxyHKH JJISA 33J1ad iIMOBIPHICHOTO BHUBEICHHS,
Takux SK (QUIbTpAIlisi, MPOrHO3YBAHHS, 3TIa/PKyBaHHA. PilieHHs 3aBaanHs (UIbTpailii 103BOJISE OIIHUTH TOTOYHUN
PiBEHb KOMIIETEHTHOCTI CTYJICHTA MicCisl OTPUMAaHHs OCTaHHIX WMOBIPHOCTEH PO3POOKH aJITOPUTMY 1 HOTO YHCEIb-
HUX PO3paxyHKIB IOCTaBJICHOro 3aBjiaHHs. [lependadeHo po3moain HMOBIPHOCTEH MoJeli MpOIecy HaBYaHHS.
3p0o0JIeHO OI[IHKY KiJBKOCTI JOJAaTKOBHX iTeparlii, HEOOXIMHUX Ui AOCSTHEHHS HEOOXITHOTO PiBHS KOMIICTCHIIII.
PerpocniekTuBHUIA aHANI3 T03BOJISE OTPUMATH 3TJIAIPKEHY OIIHKY PiBHS KOMIIETEHTHOCTI, IKa Oyila OTpUMaHa Iicis
BHKOHAHHS TIONIEPEIHBOTO MPUMIpPHHUKA 3aBJaHHS 1 MiCIs HAsSBHOCTI HOBHX JOAATKOBHX MOXIJIHMBOCTEH. PimeHHs
OIIMCAaHUX 33/1a4 IMOBIPHICHOTO BHBE/ICHHS Ja€ MOXKIIMBICTD HaJaTH NPaBUIbHY iHOPMAILIiI0 PO NpoLieC HaBUYaHHS
JUISL ITHTEJIEKTyaIbHIX KOMITTOTEPHUX HAaBYAIBHUX cUcTeM. Lle nomomarae oTpuMyBaTH HaJICKHUH 3BOPOTHUI 3B's-
30K 1 BIJICJIIKOBYBaTH PiBEHb KOMIIETEHTHOCTI CTyJeHTIB. Po3pobiieHa MeTouKa sijpa iIMOBIPHICHOTO BHBE/ICHHS
MOe OyTH BUKOPHCTaHA B SIKOCTI OCHOBH JUIS MOJIEJI MPUHHSTTS PillIeHb JJIsl aBTOMaTH30BaHOTO IPOLieCy HaBYaH-
Hs. BucHoBKH. HaykoBa HOBH3HA MOJISTAE B TOMY, 1[0 TUHAMIYHI OaifeCOBCHKI MEpEKi 3aCTOCOBAHI 0 HOBOTO KJIa-
Cy 3a/1ad4, MOB'S3aHUX 3 MOJCIIOBAHHSIM HABYaHHS IH)KCHEPHHM HAaBHYKAM B MPOIECI BUKOHAHHS alTOPUTMIYHUX
3aBJIaHb.

Karouosi ciioBa: nuHaMiyHa OaifeciBcbka Mepexa; MOJICTIOBAHHS; IH)KEHEPHI HABWYKH; MPOTHO3YBaHHS; (i-
JBTPALis; 3TIIaKyBaHHS.
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MOJEJIMPOBAHUE ITPOLECCA OBYYEHUSI UH)KEHEPHBIM HABBIKAM
C HCITOJIB3OBAHUEM JJUHAMMNYECKHUX BAUECOBCKUX CETEU

A. TI. Yyxpaii, E. B. I'agpunenxo

IIpeameTrom mncciaeoBaHMS B CTAaThe SIBISETCS MPOLECC MHTEIUIEKTYAIBHOIO KOMIBIOTEPHOTO OOy4YEeHHUsS! MH-
JKEHepHBIM HaBbIKaM. LlebIo siBIIsieTCS MOJIeIMpOBaHKe Tpolecca 00y4eHUss MHKCHEPHBIM HaBBIKAM B MHTEIUICK-
TyaJbHBIX KOMIBIOTEPHBIX O0YYaIOIIUX MMPOrpaMMax MOCPEACTBOM IMHAMUYECKUX OaiieCOBCKUX ceTed. 3amauu:
NIPEATIOKUTH MTOX0]] K MOJICIIMPOBAHUIO Ipoliecca 00y4eHUs] HH)KEHEPHBIM HaBblkaM. OIIEHUTh YPOBEHb CTyJCHYE-
CKMX KOMIICTEHIIMH IMYTEM PAcCCMOTPEHUS] YMEHUH COCTaBIIATH aITOPUTMBI BBHITIOIHCHNS WHXXCHEPHBIX 3aJaHUI H
yMeHHH uX mpuMeHATh. Co31aTh CTPYKTYpY OMHAMUYECKOi 0alleCOBCKO ceTu mporecca oOoyueHus. BriopaTs 3Ha-
YEeHUsI JUIsl TaOJINI] YCIOBHBIX BEPOSTHOCTEH. PemmTh 3amaun GuiIbTpanuy, MpOrHO3UPOBAHKS H PETPOCTIEKTUBHOTO
aHanm3a. BRIMOTHNTE MOAeIMpoBaHNe pa3pabOTaHHON TMHAMHYIECKOI 0alieCOBCKOW CETH C HMCIIONIB30BAaHHUEM CIIe-
uanbHo# cpensl Genie 2.0. Hcmons3yeMbIMH MeTOIAMH SIBISIFOTCSI METObI TEOPHU BEPOSITHOCTEH M METOABI BbI-
Boja B OaliecoBckux ceTsx. [lomydueHs! cienyronie pe3yabTaThl: IPEICTaBICHA pa3padoTka TUHAMUIECKO# Oatie-
COBCKOW ceTH Uil yd4eOHOTO Tpoliecca Ha OCHOBE PELICHUs] MHXKEHEPHBIX 3aJad. PaccMOTpeHsl MaTeMaTH4ecKue
pacyeThl 1A 3aJa4 BEPOATHOCTHOI'O BbIBOJA, TAKHUX KaK Q)HHI)T'paHI/IH, MIPOTrHO3UPOBAHUC, CIIIa)KMBAHUC. Pemenue
3aaud (pUIBTPAIMU MTO3BOJIACT OICHUTh TEKYIIMHA YPOBCHb KOMIIETCHTHOCTH CTY/ICHTA MOCIIE MOJYUYCHHS TTOCIIE I~
HHUX BEPOSATHOCTEH pa3pabOTKH alropuTMa U €ro YHCICHHBIX PacueToB MocTaBlcHHOU 3amauu. IIpeackazaHo pac-
npeJielieHle BepoATHOCTe! Mozenu nporecca o0ydenus. IIpousBeneHa OLeHKa KOJIMIECTBa JOMOIHUTENbHbBIX UTe-
paum‘&, HeO6XOILI/IMI)IX JJIA TOCTHIXXCHUA HeO6XOL[I/IMOFO YPOBHS KOMIICTCHIIUU. PeTpOCHeKTHBHLIﬁ aHaJIu3 I103BOJIsA-
€T TOJIyYNTh CIIAKEHHYIO OIICHKY YPOBHS KOMIIETEHTHOCTH, KOTOpas Oblila MOIydeHa ITOCIIE BBHIIIOIHEHHS TPEIIbI-
JYIIETO SK3EMIUIIpa 33a4M U MOCJIe HAJIMYM HOBBIX JOIOJHUTEIBHBIX BEPOSTHOCTEH, XapaKTEPHU3YIOIINX BBIIOJI-
HEHHE JABYX KOHTPOJIBHBIX TOYEK. PellleHne onmcanHbIX 3aad BEPOSTHOCTHOTO BEIBOJIA Ia€T BOSMOKHOCTh MPENO-
CTaBUTH NMPABWIBHYI0 MHPOPMAIMIO O TpoIiecce OOYUeHHS Ul MHTEIICKTYadbHBIX KOMIBIOTEPHBIX OOyJarommx
cucTeM. DTO MOMOTaeT MONydYaTh HAJJIEXKAIIYI0 OOpaTHYIO CBSA3b M OTCIC)KHBATh YPOBEHb KOMIIETCHTHOCTH CTY-
JCHTOB. Pa3pa60TaHHa51 METOAMKaA sdapa BEPOATHOCTHOI'O BbIBOAA MOXKET 6I)ITI) HCIIOJIb30BaHa B KaA4YCCTBC OCHOBBI
JUIS MOJETH IPUHATHA PEIIeHUH A1 aBTOMaTU3UPOBAHHOTO Iporecca oOyueHus. BeiBoabl. Haydnas HOBHU3HA 3a-
KIK4YacTCA B TOM, UYTO JUHAMHYCCKHUC 6aﬁeCOBCKHe CCTU MPUMECHCHBI K HOBOMY KJIACCY 3a1a4, CBA3aHHBLIX C MOJEC-
JIMPpOBAaHUEM 06yqu1/151 HWHXCHCPHBIM HaBbIKaM B IPOLECCC BBIMOJHCHUSA aJITOPUTMUICCKUX 3a)1aH1/1171.

KuroueBble cjoBa: nuHamMuyeckas OaliecoBCKas CeTh; MOJENHMPOBAHNE; HHKEHEPHbIE HABBIKH; NMPOTHO3UPO-
BaHue; QUIBTPALMS; CTIIa)KUBaHHKE.
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