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Abstract 
Determining the optimal level of inventory comes down to the timeliness of the procurement 
and replenishment procedures, which ensure the minimum total costs associated with 
procurement and storage. The problem of insufficient prediction accuracy for inventory 
management arising in supply chains is considered. A neural network prediction model based 
on a Time-Delay Restricted Boltzmann Machine with unit delays cascades in the output and 
input layers is proposed. During the structural identification of this model, the neurons count 
in the hidden layer was calculated, and the parametric identification was performed based on 
the CUDA parallel processing technology. This improves the prediction efficiency by 
increasing the prediction accuracy and decreasing the computational complexity. Software 
has been developed by the Matlab package that realizes the offered method. The created 
software is used to implement the prediction in the supply chain management problem. 
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1. Introduction 

Despite a large number of studies devoted to the problem of improving the efficiency of supply 
chains and reducing logistics costs associated with inventory management, some questions remain 
open. Currently, the problem in the supply chain management (SCM) is not enough high prediction 
accuracy [1-4]. Thus SCM can be effectless, for example for the concept “Material Requirements 
Planning” (MRP). Therefore, the development of supply chain prediction methods is an urgent 
problem.  

As of today, many approaches are known as prediction tools, among which are:  
 methods based on a modified liquid state machine and a modified gated recurrent unit [5, 6]; 
 autoregressive and regressive prediction methods [7];  
 structural prediction methods Markov chains [8]; 
 prediction methods exponential smoothing [9];  
 logical prediction methods regression and classification trees [10]; 
 artificial neural network prediction methods [11, 12]. 
The use of artificial neural networks in prediction provides tangible advantages: 
 the relations between features are investigated on ready-made models;  
 no guess-work about the features distribution are required;  
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 initial data about the features may be missing;  
 source data can be noisy, incomplete or highly correlated;  
 systems analysis with a big nonlinearity degree is possible;  
 rapid model create;  
 high adaptability;  
 systems analysis with a big number of features is possible;  
 full list of all possible models is not demanded;  
 systems analysis with heterogeneous features is possible.  
Given the advantages above, the paper will use a artificial neural network prediction method.  
The goal of the work is to create a artificial neural network prediction method in the supply chain 

to improve prediction accuracy. To achieve the aim, the next tasks were solved:  
 analyze existing prediction methods; 
 propose a artificial neural network prediction model; 
 choose a criterion for evaluating the artificial neural network prediction model quality; 
 propose a method for calculating parameters of the artificial neural network prediction model; 
 conduct a numerical study. 

2. Formal problem statement 

Let the learning set )},{(  dxS  , P,1  be given for the prediction. 

The problem of enhancement the prediction accuracy for the Time-Delay Restricted Boltzmann 
Machine (TDRBM) model ),( Wxg , where x – input vector, W – parameters vector, is showed as the 

problem of searching for this model such a parameters vector *W  that meets the criterion 
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3. Literature review 

The often used prediction artificial neural networks are: 
 Jordon's neural network (JNN) [13, 14]. It is a recurrent two-layer network and is founded on 
multilayer perceptron (MLP). JNN is recommended for prediction stationary short-term signals; 
 Elman's neural network (ENN) [15, 16]. It is a recurrent two-layer network and is founded on 
MLP. SRN is recommended for prediction stationary short-term signals; 
 recurrent multilayer perceptron (RMLP) [17, 18]. It is a recurrent multilayer network and is 
founded on MLP. RMLP is recommended for prediction stationary short-term signals; 
 nonlinear autoregressive model (NAR) [19, 20]. It is a non-recurrent two-layer network and is 
founded on MLP. NAR is recommended for prediction stationary short-term signals; 
 nonlinear autoregressive moving average model (NARMA) [21, 22]. It is a recurrent two-
layer network and is founded of MLP. NARMA is recommended for prediction stationary short-
term signals; 
 bidirectional recurrent neural network (BRNN) [23, 24]. It is a recurrent two-layer network 
and is founded on two Elman networks. BRNN is recommended for prediction non-stationary 
long-term signals. 
Table 1 shows the comparative features of prediction artificial neural networks. 
As follows from Table 1, most neural networks have one or more of the following disadvantages:  
 have a high probability of hitting a local extremum; 
 do not have the ability to train in batch mode; 
 have no feedback. 
Due to this, it is relevant to create a neural network that will eliminate the indicated disadvantages. 
 



Table 1 
Comparative features of prediction artificial neural networks  

Network 
Criterion 

RMLP  JNN 
ENN 
(SRN) 

NAR  NARMA  BRNN 

The presence of feedback  +  +  ‐  ‐  +  + 

Unit delay cascade  ‐  ‐  ‐  +  +  ‐ 

Low probability of local 
extremum 

‐  ‐  ‐  ‐  ‐  ‐ 

High training speed  +  +  +  +  +  + 

Possibility of batch 
learning 

‐  ‐  ‐  +  ‐  ‐ 

4. Block diagram of the neural network prediction model 

Figures 1 and 2 show the block diagrams of a prediction model based on a Time-Delay Restricted 
Boltzmann Machine (TDRBM) of two types, which are stochastic recurrent neural networks with one 
hidden layer.  
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Figure 1: Block diagram of a prediction model TDRBM for visible input neurons (TDRBM type first) 
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Figure 2: Block diagram of a prediction model TDRBM for the visible input neurons and visible output 
neurons (TDRBM type second) 



Unlike the traditional Restricted Boltzmann Machine (RBM) [25, 26], unit delay cascades are used 
for neurons in the visible layer. TDRBM type first has unit delay cascade in the visible input layer. 
TDRBM type seconf has unit delay cascade in the visible input layers and visible output layers. 

5. Neural network prediction models 

5.1.  Components of the prediction model TDRBM 

The components of the TDRBM model are stochastic neurons, the state of which is described 
based on the Bernoulli distribution in the form  
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The probability of transition of the j th stochastic neuron to state 1 is defined as 
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where jE  – is the TDRBM energy increment when the state of the j th stochastic neuron changes 

from 0 to 1. 

5.2.  Prediction model TDRBM type first 

Positive phase (steps 1-4) 
1. Initial value assignment time moment 

1 . 
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3. Calculation of the hidden neurons transition probability to state 1  
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where hin
tijw   – weights between the input layer and the hidden layer, 

hout
ijw   – weights between the output layer and the hidden layer, 
h
jb  – bias of the hidden layer neurons, 

inM  – the unit delays count for the input layer, 
inN  – the neurons count in the input layer, 
hN  – the neurons count in the hidden layer, 
outN  – the neurons count in the output layer. 
4. Calculation of the hidden neurons state  









)1,0(,0

)1,0(,1
)(

UP

UP
x

j

jh
j  , hNj ,1  

where )1,0(U  – standard uniform distribution on a line ]1,0[ . 
 
 



Negative phase (step 5) 
5. Calculation of the output neurons transition probability to state 1  
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where out
jb  – bias of the output layer neurons. 

6. Calculation of the output neurons state  
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5.3.  Prediction model based on TDRBM type second 

Positive phase (steps 1-4) 
1. Initial value assignment time moment 

1 . 

Initial value assignment time moment of the time delay input and output neurons state 

0)(  tin x , inMt ,1 , 

0)(  tout x , outMt ,1 . 

2. Initial value assignment of the input and output neurons state 
inin
 xx )( , 0x )(out . 

3. Calculation of the hidden neurons transition probability to state 1  
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where hin
tijw   –weights between the input layer and the hidden layer, 

hout
tijw   – weights between the output layer and the hidden layer, 
h
jb  – bias of the hidden layer neurons, 

inM  – the unit delays count for the input layer, 
outM  – the unit delays count for the output layer, 

inN  – the neurons count in the input layer, 
hN  – the neurons count in the hidden layer, 
outN  – the neurons count in the output layer. 
4. Computation of the hidden neurons state 
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where )1,0(U  – standard uniform distribution on a line ]1,0[ . 
Negative phase (step 5) 

5. Calculation of the output neurons transition probability to state 1  
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6. Calculation of the output neurons state  
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6. Criterion for the artificial neural network prediction model quality 

For learning the TDRBM, a model adequacy criterion was selection, which means the selection of 

such parameters hin
tijwW { , hout

tijw  , inin
tijw  , }outout

tijw  , which get a mean squared error (MSE) 

minimum: 

W

P N

i
i

out
i

out

dx
P

F min)(
1

1 1

2  
 

 .  (1) 

The learning of the TDRBM model is taking into account the criterion (1). 

7. Methods for calculating the neural network prediction model parameters 

7.1.  Principles  of  calculating  the  neural  network  prediction  model 
parameters 

The determination of the TDRBM parameters is perform on the found of the CD-1 method, which 
speeds up stochastic learning with a teacher, since instead of stabilizing the state of neurons, it 
performs only one step of adjusting their state. TDRBM operates in two phases: positive and negative. 

For TDRBM type first, in the positive phase, visible input neurons are fixed at times from inMt   
to t  and visible output neurons at time t , and the TDRBM performs one step of tuning hidden 

neurons. In the negative phase, the visible input neurons are first fixed at times from inMt   to 1t , 
the hidden neurons are trained in the positive phase, and the TDRBM performs one step of tuning the 
visible input and output neurons at time t . After that, the visible input neurons are fixed at times from 

1t  to inMt  , and the visible input and output neurons trained in the negative phase at time t , and 
the TDRBM performs one step of tuning the hidden neurons. 

For TDRBM type second, in the positive phase visible input neurons are fixed at times inMt   to t , 

visible output neurons at times from outMt   to t , and the TDRBM performs one step of tuning 

hidden neurons. In the negative phase, the visible input neurons are first fixed at times from inMt   

to 1t , the visible output neurons at times from outMt   to 1t , the hidden neurons are trained in 
the positive phase, and the TDRBM performs one step of tuning the visible input and output neurons 

at time t . After that, visible input neurons are recorded at times from 1t  to inMt  , visible output 

neurons at times from 1t  to outMt  , and visible input and output neurons trained in the negative 
phase at time t , and TDRBM performs one step of tuning hidden neurons. 

7.2.  Method  for  calculating  the  prediction  model  parameters  found  on 
TDRBM type first 

1. Learning iteration number 1n , initial value assignment by uniform distribution means on 
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Positive phase (steps 3-7) 
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6. Calculation of the hidden neurons state 
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Negative phase (steps 8-16) 
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12. Calculation of the input neurons transition probability to state 1 
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13. Calculation of the input neurons state 
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14. Calculation of the hidden neurons transition probability to state 1 
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15. Calculation of the hidden neurons state 
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17. Tuning of bias input layer founded on Boltzmann's rule 
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18. Tuning of bias output layer founded on Boltzmann's rule 
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19. Tuning of bias hidden layer neurons founded on Boltzmann's rule 











 



P
h
j

P
h
j

h
j

h
j x

P
x

P
nbnb

11

)(2
1

)(1
1

)()(


 , hNj ,1 . 

20. Tuning of weights between the input layer and the hidden layer founded on Boltzmann's rule 
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21. Tuning of weights between the output layer and the hidden layer founded on Boltzmann's rule 
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22. Tuning of weights between input layers founded on Boltzmann's rule 
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23. If the neurons states in the output layer of the positive and negative phases differ slightly, i.e. 
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, then 1 nn , go to 2. 

 
The method for calculating the prediction model parameter based on TDRBM type first is shown 

in Figure 3. 
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Figure 3: Flowchart of the method for calculating the prediction model parameters found on TDRBM 
type first 

7.3.  Method  for  calculating  the  prediction  model  parameters  found  on 
TDRBM type second 

1. Learning iteration number 1n , initial value assignment by uniform distribution means on 

the interval (0,1) or [-0.5, 0.5] bias )(nbin
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  , where inM  is the unit 

delays count for input neurons, outM  is the unit delays count for output neurons. 

2. A learning set }}1,0{,}1,0{|),{(
outin NoutNinoutin   xxxx  is defined, P,1 , where in

x  –  th 

learning input vector, out
x  –  th learning output vector, P  is the learning set capacity. 

 
Positive phase (steps 3-7) 

3. Initial value assignment time moment 
1 . 

Initial value assignment of the time delay input and output neurons state 
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6. Calculation of the hidden neurons state  
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7. Saving the neurons state in the positive phase, i.e. )()(1  inin xx  , )()(1  outout xx  , 

)()(1  hh xx  . If P , then 1  , go to 4. 
 

Negative phase (steps 8-16) 
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12. Calculation of the input neurons transition probability to state 1  
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13. Calculation of the input neurons state 
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14. Calculation of the hidden neurons transition probability to state 1  
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15. Calculation of the hidden neurons state 
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16. Saving the neurons state in the negative phase, i.e. )()(2  inin xx  , )()(2  outout xx  , 

)()(2  hh xx  . If P , then 1  , go to 9. 
17. Tuning of bias input layer founded on Boltzmann's rule 
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18. Tuning of bias output layer founded on Boltzmann's rule 











 



P
out
i

P
out
i

out
i

out
i x

P
x

P
nbnb

11

)(2
1

)(1
1

)()(


 , outNi ,1 . 

19. Tuning of bias hidden layer neurons founded on Boltzmann's rule 
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20. Tuning of weights between the input layer and the hidden layer founded on Boltzmann's rule 
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21. Tuning of weights between the output layer and the hidden layer founded on Boltzmann's rule 
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22. Tuning of weights between input layers founded on Boltzmann's rule 
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23. Tuning of weights between output layers founded on Boltzmann's rule 
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24. If the neurons states in the output layer of the positive and negative phases differ slightly, i.e. 
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, then 1 nn , go to 2. 

 
The method for calculating the prediction model parameters found on TDRBM type second is 

shown in Figure 4. 

8. Experiments and results 

A numerical study of the proposed method for determining the parameter values was carried out 
using the CUDA technology of parallel processing of information in the Matlab package, wherein the 
number of threads in the block was 1024, the summation was performed based on the parallel 
reduction algorithm.  
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Figure 4: Flowchart of the method for calculating the prediction model parameters found on TDRBM 
type second 

 
To determine the prediction model structure TDRBM with 16 input neurons (the bits count of the 

integer predicted metric), i.e. defining the number of hidden neurons, a experiments count were 
performed, the results of which are showed in Figure 5. 
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Figure 5: The mean squared error dependence on the hidden neurons number 



As source data to calculate the artificial neural network prediction model parameters, a values 
sample of the logistics company "Ekol Ukraine" economic activities was used. The dataset capacity 
for the "goods sold" indicator was 1800 (in five years). The dataset was spilt into three parts - valid 
data (20%), training data (60%), test data (20%). The learning was consistent and occurred over 1000 
epochs. 

The criterion for selection the artificial neural network model structure of the was the prediction 
minimum mean squared error (MSE) (Table 2). According to Figure 5, with an increase in the hidden 
neurons count the error value decreases. For the prediction, it is enough to choose 16 hidden neurons, 
because with a further increase in their count the change in the MSE value is small.  

 
Table 2 
Comparative features of prediction artificial neural networks  

Network 
Criterion  RMLP  JNN 

ENN 
(SRN) 

NAR  NARMA  BRNN 
TDRBM 

type first / 
second 

Minimum MSE of 
the prediction 

0.17  0.12  0.10  0.15  0.07  0.05  0.04 / 0.02 

 
According to Table 2, recurrent neural networks with deterministic neurons (JNN, ENN(SRN), 

NARMA, BRNN) are more efficient than non-recurrent neural networks with deterministic neurons 
(RMLP, NAR); neural networks with stochastic neurons (TDRBM) are more efficient than neural 
networks with deterministic neurons (RMLP, JNN, ENN(SRN), NAR, NARMA, BRNN), and 
TDRBM type second has the highest prediction accuracy. 

9. Conclusion 

1. To solve the problem of enhancement the prediction accuracy in the supply chain, the modern 
prediction methods were researched. These researches have shown that today the use of neural 
networks is the most effective. 
2. To improve the efficiency of the prediction, a artificial neural network RBM was modified by 
the unit delays cascades in the input and output layers. In the experiments, its model structure was 
determined.  
3. A method was offered for calculating the parameters of the offered artificial neural network 
prediction model based on the CUDA technology of parallel processing of information. This made 
it possible to ensure accuracy of the prediction and high speed. 
4. The offered approach can be used in different intelligent prediction systems. For example, in 
supply chain inventory management systems such as MRP and Lean Production, where prediction 
plays an important role. 
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