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The paper proposes an algorithm for the formation of a small training set, which ensures a reasonable quality
of a surrogate machine learning model trained using this set. The algorithm uses multilayer perceptron to
estimate heuristics and select the best next sample for the inclusion in a set. The paper tests the algorithm
proposed applying it to the problem of deformation and breaking of a thin thread under the action of a
transverse load pulse on it. The possibility to generalize the approach and apply it to building surrogate
machine learning models for other physical problems is discussed.
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Introduction. Solving various optimization problems, as well as inverse problems,
traditionally requires enumerating a large number of combinations of parameters and solving a direct
problem for each set of parameters.

For example, to optimize the parameters of a composite protective shield oriented to shock
loads, it will be necessary to sort out the possible parameters of the shield, such as elastic and strength
properties of the material, as well as the thickness and geometry of the shield, while for each set of
shield parameters, perform calculations of the consequences of impacts by particles of different mass
and shape acting at different speeds and at different angles.

Such problems are traditionally solved by methods of mathematical modeling, since carrying
out a large number of full-scale experiments is an extremely time consuming and expensive process.

However, even numerical modeling can be a quite resource-intensive process - for a dynamic
three-dimensional problem, the formulation can be extremely difficult, the time for calculating one
direct problem can take many hours or even days [1]. If solving optimization problem requires
thousands of direct problems to be solved, it becomes quite slow and costly process.

To speed up the solution of such problems, one can use surrogate models built using machine
learning (ML) methods [2]. In this approach, a traditional solver for a direct problem is used to
generate the data on which the ML model is trained. After the training, the ML model gives answers
in a fraction of a second, compared with the hours of direct calculation. Further, it is the ML model
that is used to solve the problem of multi-parameter optimization - an "instant™ ML prediction is used
to obtain an answer for a specific set of parameters required by the optimization problem solver. Of
course, due to the nature of machine learning, the ML model's answer may be incorrect in some cases.
However, if in most cases it gives a reasonable answer, then its application allows one to estimate
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promising ranges of parameters orders of magnitude faster than using a direct solver. If necessary,
these ranges of parameters can be further checked and refined by direct solvers.

A separate problem in this case is the size of the training sample, which will be sufficient to
build a surrogate model of reasonable quality for describing a dynamic physical problem. Obviously,
for practical problems it is highly desirable to be able to use not too large samples, since obtaining
each sample for training still requires the calculation of a complete physical problem, which can
require many hours of machine time.

Models and methods. This paper considers the deformation and breakage of a thin thread
under the action of a transverse load pulse on it. The thread is described by the model from [3],
implemented programmatically in [4].

The complete formulation of the direct problem is described by eight parameters: thread
length, thread diameter, thread Young modulus, thread material density, thread material deformation
limit, pressure pulse duration, pressure pulse radius, pressure pulse amplitude. The result of the
calculation within the framework of this paper is a binary answer - if the thread is broken under the
action of the pulse or not. The parameters and results of calculations are input data for training the
surrogate model. The trained model should, according to the given parameters, give an answer - this
thread remains intact when exposed to this load, or it breaks. In fact, this task comes down to assigning
a set of eight input parameters of the calculation to one of two classes (possible outcomes).

The following standard methods and algorithms were used in this work to construct the ML
model:

Logistic Regression [5];

Support Vector Classification [6];

Multilayer Perceptron with 1 hidden layer of 100 neurons [7];
Multilayer Perceptron with 3 hidden layers, each layer of 90 neurons.

The software implementation uses the Scikit-Learn library.

This work uses 2 data sets, described below. The direct calculations for all samples in both
data sets were performed using the solver from [4].

The data set #1 was created by taking 10 values for each of the 8 parameters of the problem,
and all their combinations were considered (in total, 100 million direct problem statements).
Parameter values in the data set #1 vary in the following ranges: thread length (10 - 100 centimeters),
thread diameter (0.01 - 0.5 millimeters), thread Young modulus (60 - 300 GPa), thread material
density (1000 - 2000 kg / m3), thread material deformation limit (0.2 - 10.0 percents), pressure time
(0 - 100 microseconds), pressure radius (0 - 5 centimeters), pressure amplitude (0 - 200 MPa). The
selected 10 parameter values are evenly distributed over the specified ranges. For example, the values
for length are 10, 20, 30, 40, 50, 60, 70, 80, 90, 100.

The data set #2 contains 9 values of each parameter (a total of 43 million problem statements).
The parameter values in the data set #2 are located between the values in the first sample. For
example, for length, the values in the second sample are: 15, 25, 35, 45, 55, 65, 75, 85, 95.

A wN e



VOL. 1. Ne 2 / 2020

Results. The goal of this work was to propose the algorithm to create a relatively small data
set #3, that will be used to train ML models. The data set #3 should be small to address the problem
of training process being too resource intensive and time consuming. The models, trained using the
data set #3, were validated using large data sets #1 and #2.

The algorithm proposed in this work uses multilayer perceptron to estimate heuristics and
select the best next sample for the inclusion in a set. The algorithm works as follows:

1) Take 2 initial samples to be included into the set #3. The first sample is a thread with
large values of length, diameter, Young modulus, density, strength and small values of pressure time,
pressure radius, pressure amplitude. There is no thread breakage when using these parameters. The
second sample is a thread with small values of length, diameter, young, density, strength and large
values of pressure time, pressure radius, pressure amplitude. There is a break in this case. These two
samples differ as much as possible in parameters.

2) The multilayer perceptron is trained on all current samples of the set #3. Of course, at
the initial stages this training on few samples does not provide any quality, but is formally possible.

3) This helper multilayer perceptron performs prediction for 100 million samples of the
set #1. Actual responses from the direct solver are not used at this stage.

4) Those samples are selected on which the helper multilayer perceptron gave the
probability of finding a specimen in the class of strong threads with a probability of 60% - 80%. This
threshold is significantly above the boundary value between two classes of possible outcomes.

5) For each sample from stage 4 the Euclidean distance in the parameter space is
calculated to all samples without a break in the current set #3. A sample with the maximum given
distance is selected (or several samples if their distances coincide). In other words, one tries to select
the sample without a break (based on the perceptron prediction) which is the farthest from existing
samples in the set.

6) The distances from the selected samples from stage 5 to samples with a break from the
set #3 are calculated in the same way. The sample with the maximum distance is selected. If there are
2 or more samples with equal distance, then one of them is selected at random. This sample is
considered the best candidate for inclusion in the training sample.

7) For the sample from stage 6, the calculation is performed by the direct solver
(potentially slow resource-intensive operation) and the actual (rather than predicted) response is
determined. This sample is added to the set #3.

8) Stages 2-7 are repeated until set #3 has a required number of samples (from 100 to 500
in this work).

The main indicator of the quality of prediction in this problem is the F-score metric for the
class of strong threads, since other metrics can be overly optimistic based on the results of the
prediction of the dominant class. All graphs below show only those algorithms that showed good
results and whose results were stable when the size of the training sample was changed.

Figure 1 shows the results when using a small training set. The set #3 was used to train the
models. The size of the training set varied from 100 to 500 samples. The set #2 was used for testing,
which contains completely different values of parameters (compared with the set #3). Figure 2 shows
the results when using random samples for training.
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Fig. 1. F-score dependency from a train set size when using the set #3 for training
and the set #2 for testing
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Fig. 2. F-score dependency from a train set size when using random samples
for training and the set #2 for testing.
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Discussion and conclusions. This paper demonstrates that ML models can provide a
reasonable prediction quality for a dynamic physical problem even with a small training set. The
algorithm proposed was tested on the problem of a thin thread deformation and breakage under shock
transverse load, and surrogate models demonstrated F-score above 0.87 when using just 300 samples
in the test set.

For the Support Vector Classification algorithm, it can be seen that the training set# 3 gives
better results on 200 samples (0.76) when compared with a large set of random samples. The F-score
freezes at 0.73 when using a set of 100 thousand random samples and does not grow further.

For Logistic Regression, the value of the F-score metric freezes at around 0.73 with a large
training set of 100 thousand samples. At the same time, we see the same value with just 300 samples
of the training set #3.

For the 3-layer perceptron, the F-score values are equal (around 0.87) when using 300 samples
from the set #3 and when using 100 thousand random samples. Also, the F-score reaches 0.89 with
500 samples from the set #3, and this result cannot be achieved even with 10 million random samples
in the training set.

The same approach can be applied to different physical problems, since the algorithm is
formulated for an arbitrary space of parameters of a direct problem. However, the quantitative results
will vary depending on the problem, and should be measured separately for each new statement.
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B cratbe mpemnaraercs anroput™m (HopMHpOBaHHUS HEOONBIION oOydaromiel BHIOOPKH, oOecredrBaromen
MpHEMIIEMOE Ka4eCTBO CyppOraTHOM MOJIeJ MAallMHHOTO OOydYeHHs, OOYYEHHOH C WCIIONB30BaHUEM JITOH
BBIOOPKH. AJITOPUTM HCIIONB3YET MHOTOCTIOWHBIN ITEPCENTPOH JUTS BHITOTHEHUS MIPEIBAPUTEIHHON OLICHKH 1
BBIOOpa CIIEMyONIero Jy4qIero oopasia Juist BKIIOYEHUS B BRIOOPKH. B cTaThe TecTupyercs: mpeioKeHHbIN
QITOPUTM TIPUMEHUTENHHO K 3a/1a4e 0 IepOopMaIlii ¥ pa3pbIiBe TOHKON HUTH O] JIHCTBHEM Ha Hee UMITYJIbCa
rornepeuHon Harpy3ku. O0Cyk1aeTcsi BO3MOXKHOCTH 0000IISHHS MTOAX0/Ia U €r0 IPUMEHEHHMSI JIJIsl TIOCTPOCHHMSI
CYppOTaTHBIX MOJIeIIe MAIMHHOTO O0YUeHHS ISl IPYTHX (prU3HyecKkux 3a1ad.

KawueBble c1oBa: ManmmHHOE 00ydeHHE, 00ydaronias BIOOpKa, YUCICHHOE MOJICITHPOBAHUE, CyppOraTHas
MOJIE€JIb, MHOTOCTIOMHBIN TIEPIIENTPOH.

ABTOp:

Cene3néB Muxaui, Hayunslii corpynHuk, MOCKOBCKHI (DU3HKO-TEXHUUYECKHH HHCTUTYT
(PD, r. Honronpynueiii, UaCcTUTYTCKUH TIED., 1. 9)

* PaboTa BBINONHEHA B pPaMKax nHUIMarueHOoM HUP.



