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Abstract

The article was created a model of the reactive agent functioning on the basis of the proposed neural
network ENN-RSRO, which allows to perform a multiclass classification; efficiency criteria for this
model, which allow to evaluate the proposed model, have been proposed, and a method for identifying
the parameters of this model has been created, which allows to increase the accuracy of multi-class
classification by model; an ensemble model of reactive agents functioning on the basis of the ENN-
RSRO neural network and soft voting, which allows to perform multiclass classification of the agents
team of agents, and a method of model parameters identification this is created, which allows
acceleration of multiclass classification by ensemble model and increase its accuracy.

1. Introduction

Multi-agent systems are now being used to effectively manage supply chains and audit.
An important example of such systems is multi-agent traffic management systems that
analyses distributed information from vehicle sensors (e.g., accelerometer, gyroscope,
magnetometer and audio sensor) or pictures of vehicles and classify these vehicles, which
makes it possible to quickly find the required vehicle for the subject of the logistics chain
and speed up the goods delivery [1]. Machine learning systems, such as neural networks,
are now being used instead of expert systems in multi-agent systems [2]. Ensemble-based
methods have proved to be particularly effective, and by combining basic models (such as
neural networks) they provide a more accurate ensemble model. For multiagent systems,
ensemble models based on bagging are suitable [3].

The aim of the work is to create a multiclass classification method based on a reactive
agent’s ensemble. The following objectives have been established and implemented:

19


mailto:t.neskorodieva@donnu.edu.ua
mailto:fedorovee75@ukr.net
mailto:olne@ukr.net

The 2st International Conference on Emerging Technology Trends on the Smart Industry and the Internet of Things
January 24-25th 2023

e reactive agent functioning formalization;

e to propose generalized models agents functioning of reactive based on neural
networks for multiclass classification;

e to create a reactive agent operating model based on the ENN-RSRO neural network
for multiclass classification;

e to propose performance criteria for the reactive agent operating model based on the
ENN-RSRO neural network for multi-class classification;

e to create a parameters identification method of reactive agent functioning model
based on ENN-RSRO neural network for multiclass classification;

e to create an ensemble model of reactive agents functioning based on ENN-RSRO
neural network and soft voting for multiclass classification;

e to create a parameters identification method of ensemble model of reactive agents
functioning based on neural network ENN-RSRO and soft voting for multiclass
classification.

2. Materials and Methods

Figure 1 shows the structure of the two-layer neural network ENN-RSRO. There are
N® neurons in the input layer. There are ¥ neurons in the hidden layer. There are ~*
neurons in the output layer. Each j-th input layer neuron corresponds to the j-th
characteristic. Each k-th output layer neuron corresponds to k-th class.

Fig. 1:ENN-RSRO two-layer neural network structure

The ENN-RSRO based reactive agent operating model for multi-class classification is
presented as

N(X) N(\) N(\‘)
s = {57+ S e S 4 S,
=l =1 i=1 e a—y
, JELNY
. N©® B N - (1)
yj(}’l) =g b}y) +ZW;; ")S[ (n)+ Zwi(f} })yi (n-1)
= =l , j€ 1:N(y) ,
f(z)=max{0,z} g(z)=softmax(z)
s

The criterion based on the standard error of classification is calculated as

N NO

1
FwW) =535 ) ) (dnj = ()2 - min, )

n=1 j=1
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where the ® is the n-th learning input vector, % is the n- th educational output vector,

N™ is the number of neurons of the input layer (the number of features), ~ " is the number

of neurons of the output layer (number of classes), » is the learning implementation

: .. d : : .
number, V is the power of the training set (0 d, )b , W is the weights vector. The criterion

based on the accuracy of the classification is calculated as

F(w)= %ZN:[arg max{d,,

. 1, a=b (3)
[a=b]=1’
{0, a#zb

jelLNWy= argmax{yj(n)|j e, N"}]—> max ,

The criterion based on the classification’s computational complexity is calculated as

T = N,(N(S) (N(X) + N® +N(y))+N(y)(N(S) +N(y))) - m(in (4)
N 5)

The proposed method of parameters identification of reactive agent functioning model
based on ENN-RSRO for multiclass classification is based on reverse error propagation
and consists in the following.

1. Training iteration number =1, initialization by uniform distribution on the interval
(0,1) or [-0.5, 0.5] of offsets (thresholds) 5(n), je,N® 6 (), je1,N* and weights wi (),

iem,jel,IVT, w}j."s)(n) , iel,N¥, j el,NT, w}j.y”‘)(n) , ieLNY,j em, w,.(js’y)(n) , ielLNY,j el,N—(” ,
W (m), iel, N9, jel, N , where N is the neurons number in g-th layer.

2.The learning set is set {(x,.d,)|x,eRr"".d,eR""}, nel,N, wWhere x, is the »-th learning
input vector, d, is the »-th learning output vector, »® is the number of the input layer’s

neurons, N is the neurons number of the output layer, ~ is the learning set power. The
current pair number from the learning set »=1.
3. The output signal's initial calculation

m=x, oy ym s@-D=0 " jyo y@-D=0 " 1yor (5)

4. Calculation of the output signal for each layer (direct stroke)

S»/(n):f(zb(n))’ ]El N(S) ,

N® N N

z1,(n) =B () + Y Wi (m)x, () + Y wi ™ (s, (n=1)+ Y Wi (n)y, (n=1)
i=1 i=1 i=1 s (6)

yi 0 =2G2,) TN

N

N(.&i
22,(n)=bY () + D Wi (n)s, (n)+ Y wi ™ (m)y, (n—1)
i=1 i=1
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5.Error energy calculation:

N(\)

E(n) = %Z() , e (m)y=y,(m—d,. (7)

6. Adjusting synaptic weights based on the generalized delta rule (reverse)
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7. Completion conditions validation. If »<n~, TO n=n+1, then go to 4.
If n=Nm %iE(m) > ¢, then go to 2, otherwise stop.
m=1

Ensemble Model of Reactive Agents Functioning Based on ENN-RSRO and Soft
Voting for Multiclass Classification

1 N [ 1 C
P(k)=— d je LNV} =k P(x|k)y=—=) P.(x|k
(0= D largmaxid,|j LN} =) . SRR RAGLY
» P(X[K)=y4, )
P(x | k)P(k) ©)
k= argmax{P(k \ x)|k e, NV }: arg max Nw—k e, NV

D P(x|e)P(e)

where C is the number of basic models,
P(k) 1s a priori probability of occurrence of an object of k-th class,

P.(x|k) 1s a priori probability of occurrence of an object represented by a vector x, in the
case of k-th class for c-base model, with the output values of the base model to be applied
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to softmax (for example, in the case of the proposed base model based on the Elman
neural network with recurrent and self-recurrent output (ENN-RSRO)).
P(k|x) 1s occurrence posterior probability of an object of k-th class represented by vector

The proposed method of identification of parameters of the ensemble model of reactive
agents functioning based on ENN-RSRO and soft voting for multiclass classification is
based on bagging.
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Abstract

Prediction of ADME-Tox molecular properties is extremely important in drug discovery, as it
determines the effectiveness of the drug and its success in passing the various stages of drug approval.
The purpose of this work is to create a Multi-Task Graph Neural Network capable of quickly
processing billion-scale databases of molecules, in order to select the most promising candidates for
further experimental research.

Keywords
Graph Neural Networks, Multi-Task Learning,Drug Discovery, Molecule Property Prediction.

1. Introduction

The prediction of ADME-Tox (absorption, distribution, metabolism, excretion, and
toxicity) properties of molecules is extremely important in the field of drug discovery [1,
2]. During research, scientists determine what values of these parameters the molecule
must meet in order to be able to reach the causative agent of the disease, interact with it,
and at the same time not be toxic to the human body and easily removed from it after
treatment. That is why the effectiveness of the drug and the successful passing of the
multiple stages of drug approval will depend on the accuracy of predictions of the
molecules ADME-Tox properties.
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