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The analysis of mathematical methods for elements similarity defining for realization in
recommendation algorithms is presented in the paper. The usage of the recommendation
methods for hardware-software platforms selecting during embedded systems computer aided
design is proposed. The results of the practical application of the developed recommendation
system during realization of embedded system for moving objects control are given.
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IIpoanajizoBaHo MaTeMaTH4YHi MeTOAU BU3HAYEHHS MOJIOHOCTI eJieMeHTIB JJIs1 peasizanii y
peKOMeHAANIHHUX ANropuTMAax. 3aNpPONOHOBAHO BUKOPHCTAHHA PEeKOMEHJAIHHNX METOMIB IIst
BHOOpPY amapaTHO-MPOrpaMHMX miaTdgopM Mix 4Yac aBTOMATH30BAHOI0 NMPOEKTYBaHHsS BOYAO-
BaHMX cucTeM. HaBeneHo pe3yibTaTn NPaKTHYHOI0 3aCTOCYBAHHSA PO3P00JIeHO] peKOMeHAaliHHOL
CHCTeMM Iij Yac CTBOPEHHA BOYAOBAHOI CCTEMH YNPABJIiHHA PyXOMHUMHM 00’ €KTaMHU.

KarouoBi ciioBa: BOyaoBaHa cucTeMa, anapaTHO-MPOrpaMHa miatgopma, peKoMeHAa-
uiliHui MeToj, GUILTPAaLis HA OCHOBI 3HaHb, 0232 3HAHb, METO/ BiICTAHEN.

Introduction

The application of prototyping technologies for complex objects and systems design can reduce the
development time by decreasing the risk of final product reworking due to the shortcomings identified at
the final development stages [1]. Therefore, the usage of ready hardware-software platforms for the rapid
creation and investigation of the prototype is expedient in the field of embedded systems (ES) design. The
process of hardware-software platforms selecting is rather complicated. It takes a lot of time because of the
need to search and analyze a large number of options offered by manufacturing companies. Therefore, the
task of automating the process of hardware-software platforms selecting on the basis of the requirements to
the designed system through the development and implementation of the recommendation system is
relevant. This will reduce the transition time between the system and the functional-logical levels during
ES design, as well as increase the level of automation of design work.

Analysis of options for implementing the recommendation method

The investigation has shown that the recommendation system (RS) includes the following phases
(Fig. 1): information collection phase, processing/learning phase, prediction/recommendation phase [2].
These phases are built around the principles of information retrievals and used recommendation methods:
collaborative filtering, content-based filtering, knowledge-based filtering, hybrid filtering [2—4]. The
analysis of the peculiarities of the implementation of these methods showed that, the most expedient is the
use of knowledge-based method for recommendation system to solving the problem of the choice of
hardware-software platforms. Such a system is not built around marks or ratings, and allows to take into
account the current requirements of the developer for a specific project product. RS solves the specific
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tasks of each individual developer and usually does not preserve the behavior of developers and their
marks. It works with knowledge bases, which collects data on possible options and, based on
recommendation algorithms, provides quick solutions to search for a hardware-software platform that
meets the requirements of the ES project. A diagram of the process of forming recommendations using the
knowledge-based method can be presented as shown in Fig. 2. At the same time, for the implementation of
the recommendation algorithm, various mathematical methods [5, 6] are used, which allow to calculate
similarity for the recommendation elements.
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Fig. 2. Process of forming the recommendation

Based on the analysis of existing methods of similarity measurement, an easy-to-implement method
of distances was chosen. Its essence is that with the help of the chosen metric (Euclidean distance, cosine
of similarity, etc.), the distance between the two objects is calculated.

Euclidean distance is the most common measure of similarity between two objects [3]:

d(x,y) = Tp_ G — vi0)%.
where n — number of attributes; Xy, yx — the k-th attribute of the object vector.

The cosine of similarity is the most commonly used measure in collaborative filtering [7] to find

similarity between two objects represented as the vectors [5]:

n
—1X
cos(x,y) = k=1 Xk Yk ,
k=1 Xk + |Zk=1Vi

where n — number of attributes; Xy, yx — the k-th attribute of the object vector.

The result is sorted in ascending order and is issued in the form of a recommendation: the closest
one — the most acceptable.

In [4], for a knowledge-based filtering method, a measure of similarity between objects and user
requirements is considered:

ZyneY Wy, - sim(xn, Yn)

z::VnEY WJ’n
where X — the set of object attribute; Y — the set of requirements; y, — requirement; wy, — n-th requirement
weight; sim(x,,y») — measure of the object x, to the requirement y, similarity.

similarity(X,Y) =
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There are several options for finding a measure of similarity to sim(x,, y,) numerical attributes [4]:
“More is better” (for example, the more analog and digital inputs on the platform, the better),
Py (x) — min(y)
max(y) - min(y)
“Less is better” (the classic example is the price, the lower the better),
max(y) — ¢y(x)
max(y) — min(y)
“Closer is better” (a classic approach in the form of Euclidean space, when the user has no

difference, more or less, a kind of modification of strict rules of fuzzy form),

oy (x) - ¥
- max(y) - min(y)
where, sim(X, y) — measure of the similarity of object x to the requirement y; min(y) and max(y) — minimum
and maximum attribute values; y — the exact value of the user requirement; ¢,(x) — the corresponding value
of the object attributes.

On the basis of the analysis of the effectiveness of existing methods for the similarity determination
[8-10], we can conclude that the results of their work vary considerably and depend on the features of the
solved task. According to studies [11], the accuracy of RS prediction does not depend on the chosen metric
of similarity. However, in the case when of insufficient information at the RS input or its contradictions,
unforeseen problems may arise during the above similarity detection methods using. Therefore, they need
to be modified by processing semantically exceptional cases and/or by using elements of other methods
(for example, the method of multicriteria analysis [12]).

Thus, for the solution of the task of the determination of the elements similarity for the implementation
of the recommendation method based on knowledge, it is expedient to use the distance method and a
combination of options for finding a measure of similarity for numerical attributes. However, in order to take
into account the features of the task being solved, these measures of similarity have been modified.

sim(x,y) =

sim(x,y) =

sim(x,y) =1

Method of recommendations forming for hardware-software platforms

The developed method for the hardware-software platforms recommendations forming [13] uses a
knowledge-based approach, which includes strict restriction methods and selection of similar objects, in
order to create a more flexible recommendation system. The idea of both methods is as follows: the
developer formulates his requirements to the object, the system tries to find the desired object, based on
these requirements. In the first case, only those objects that exactly meet all the requirements of the
developer are recommended. In the second case, objects with characteristics similar to requirements can be
recommended (using mathematical methods of similarity search). Therefore, we have decided about
application of these methods in a shared manner by separating the criteria into two groups. The first group
is strict criteria and the second group is criteria for which the search of the similar objects should be
performed, thus it will allow more detailed consideration of each criteria.

Consideration of only strict criteria does not make sense, because they obey the rule “IF — THEN”.
For example, if the user wants to use a simple platform for the novice level, we should not offer him
platforms of professional level.

Methods of the group based on close selection, have the closest contact with user requirements. In
this case, it is possible to recommend objects that partially meet the requirements.

The input data for the method of forming recommendations implementation is the vector of the
developers’ requirements. The first stage of the method is the formation of a plurality of hardware-software
platforms in accordance with a given level of the developers’ knowledge, derived from the vector of
requirements. The system performs filtering of hardware-software platforms (farther platforms) according to
the level of the developers’ knowledge (strict criteria — see Table 1) and it forms a list of possible platforms.

Then, at the next stage, the similarity calculating is performed for the flexible criteria, namely, the
measure of similarity is determined between the inputted vector of the developer's requirements and the
attributes of the platform by the measure of similarity between the objects and the requirements of the user.
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For a plurality of platforms formed at the first stage, a measure of similarity is calculated for

“flexible” criteria (Table 1):

if these criteria are not defined, the plurality of platforms formed on stage 1 comes back;

if the criteria “number of analog inputs” or “number of digital inputs” are entered, then the
platforms are determined from the plurality formed at stage 1 by the measure “more or better”;

taking into account that the developer enters the necessary number of the inputs, the
recommendation of a less number is not correct, thus taking into account the specifics of criteria, the
formula was modified by condition:

sim(x,y) =y,

if the criteria “power supply” is entered, the platforms are determined from the plurality defined
during the analysis of digital inputs, by the measure “closer is better”;

if the criteria “price” is entered, the platform is determined from the plurality defined during
power supply analysis by the “less is better” measure.

It has been determined that the best option would be to assign a weight coefficient w = 0.2 for the
number of analogue, digital outputs and power supply, and weight w = 0.7 for the price (Fig. 3). Next, the
value of the similarity of the hardware-software platform is calculated, taking into account the weight of
each flexible criteria. Platforms are sorted by weight and returned to the main flow of the algorithm.

Table 1
Metrics used by criteria
Lo A Weight
Criteria title Criteria type Measure _g_
coefficient
User level Strict Strict restrictions 1
Number of analog inputs Flexible Closer is better, but not less 0,2
Number of digital inputs Flexible Closer is better, but not less 0,2
Power supply Flexible Closer isbetter 0,2
Family of processors Strict Strict restrictions 1
A programming language Strict Strict restrictions 1
Price Flexible Less is better 0,7
Form factor Strict Strict restrictions 1
User level
12
1
Form-factor Analog inputs
0.8
0,6
04
0.2
Price 0 Digital inputs
Language Processor family

Power supply

Fig. 3. Radar chart of correlation of criteria weighting coefficients
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After the flexible criteria formation, the filtering is carried out according to strict criteria. The
platforms from the modified at the previous stage plurality are sorted according to strict criteria (if they
exist, otherwise the algorithm passes the stage of strict sorting).

Next, it is performed the formation of the resulting list of coefficients of similarity of the platforms
to the requirements of the developer. The list of received recommendation elements is formed according
increasing the indicator of the similarity coefficient.

After that, the number of recommended platforms is checked. If the plurality of platforms formed at
the previous stage has one or more platforms, the four closest recommendations are displayed (in general,
the best on demand and the three closest to it). Thus, at the output we get up to four hardware-software
platforms with a minimum distance:

result = mind,
where d is the value of the similarity coefficient.

In the case when no recommendation is made, we proceed to the formation of the result for each
separate strict criteria. At this stage, the method of multicriteria analysis of the best alternative for each
separate strict criteria is used to solve the contradictory of entered requirements. If the plurality of
platforms formed at the previous stage is zero, then one of the following possible options is provided:

the stages are performed repeatedly of the plurality formation by the level of developer
knowledge and similarity by flexible criteria; after that a separate and joint pairwise strict sorting is
performed according to the following criteria: family of processors, programming language, form factor of
the platform; the best is chosen from these sorts (the largest number of matches according to these strict
criteria) and one platform is displayed for each;

otherwise, if the user's requirements are rather contradictory, a message is displayed that the
platform is not found, it is suggested to return and edit entered by the user requirements.

Based on the developed recommendation method, the recommendation system (RS) was developed
and implemented in the practice of ES engineering design [14]. This RS was integrated with a remote
laboratory for embedded systems design. It was practically applied in the process of computer aided design
of the mobile objects control embedded system [15]. The results of the work of the RS allowed us to select
the hardware-software platforms for prototyping the developed ES (Figs. 4, 5). The verification of the of
the prototype’s functions showed that the set of requirements for the designed system was fully
implemented, and therefore the provided recommendations were reasonable.

ENE i ecuon " oo no = a0 st ” LR neo =

.......................................

[ rsomerns |
e | ———
,,,,,, . Stakeholder w
Co— ~
L]
w8 pporomenll = 8 o
Lio 4y & =
Fig. 4. The results of the formation Fig. 5. The results of the formation
of recommendations for all platforms of recommendations for minicomputers
Conclusions

The task of automation of the selecting of hardware-software platforms on the basis of requirements
to the designed ES is solved by the development and implementation of the recommendation system.

The method of recommendations forming based on the knowledge has been developed. On the basis
of this method, the toolkit for providing recommendations regarding hardware-software platforms to the
designer during the process of ES computer aided design was created.
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The list of the requirements for the searched hardware-software platform was formed, with the usage
of the recommendation system, the hardware-software platforms were selected in accordance with the
requirements for the designed system and the possible variants of the project development were
determined. This allowed to increase the level of design works automation and to reduce the time of the
corresponding platform searching for the creation and study of the prototype of designed ES.
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