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Abstract. Time series forecasting is crucial for supporting decisions in financial analytics, where data is characterised by
non-linearity, non-stationarity, and high noise levels. The purpose of the study was to determine the effective configuration
of a recurrent neural network with a parallel combination of Long Short-Term Memory (LSTM) cell stacks to improve the
accuracy of stock price forecasting, and the possibilities of applying the back-end model in industry, energy, and related
domains. The study applied deep learning methods using the TensorFlow/Keras library,and used historical data from Google
shares to train the model. It was established that the architecture with parallel-stacked blocks provided higher learning
stability compared to standard recurrent models due to more efficient allocation of technical features of the time sequence.
It has been experimentally proven that the optimal number of neurons in the hidden layers for such a task was 100-200 units,
whileafurtherincreaseinthe power ofthe modellead to aretraining effect.It was found that the use of dropout regularisation
in the range of 0.1-0.2 minimised the error in the validation sample, while values over 0.3 significantly slowed down the
convergence of the algorithm. Feature analysis showed that integrating an exponential moving average with a short time
window improved the model result, showing a higher correlation with the target index than the relative strength index.
The prediction quality of the model was evaluated by the Mean Squared error (MSE), the Root Mean Squared Error (RMSE),
and the Mean Absolute Percentage Error (MAPE). It was found that configurations (50-100 blocks) were characterised by
increased MAPE values, while in the range of 180-400 blocks the error decreased and became stable. The most accurate
result was obtained for a configuration with 325 blocks, Dropout regularisation =0.05 and Nadam optimiser (Nesterov-
accelerated Adam): MAPE=1.62%,RMSE=2.41, MSE=6.05. The practical significance of the study lied in the formulation of
clear recommendations for setting up hyperparameters of LSTM models for applied short-term forecasting of financial series
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Introduction

The task of predicting time series is one of the most im-
portant challenges of applied analytics in the 2010-2026 —
it appears in various domains from exchange analysis and
network load to high-frequency sensor data, where long and
short inter-time dependencies are manifested. Reproduci-
bility of evaluation procedures (time split, stable normali-
sation, non-mixing of samples), and transparency of model
settings remain a priority for researchers and practitioners.

Suggested Citation:

In the course of forecasting financial time series, there is
a need for methods that combine practical efficiency with
ensuring transparency and reproducibility of the results ob-
tained. Long Short-Term Memory (LSTM) neural networks
are widely used in many industries to predict time series,
such as detecting equipment failures, predicting production
line loads, and improving logistics management efficiency.
Due to its ability to model long-term dependencies, LSTMs
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allow achieving high accuracy in complex forecasts, espe-
cially in finance and other critical areas.

In the global scientific literature on financial forecast-
ing, the problem of practical selection of the configuration
of LSTM models (number of blocks, strength of regularisa-
tion, and composition of features) remains, since accuracy
indicators are sensitive to training settings and assessment
conditions; therefore, the development of reproducible
applied recommendations for short-term forecasting is
relevant. In contemporary studies of short-term forecast-
ing of financial time series, key attention was paid to the
configuration of recurrent LSTM models, the level of Drop-
out regularisation, and the influence of technical indica-
tors EMA (Exponential Moving Average) and RSI (Relative
Strength Index) on the accuracy of forecasts. For example,
O.B. Sezer et al. (2020) conducted a review of deep learn-
ing in financial forecasting and showed that incorrect time
separation and different preprocessing often distort model
comparisons. The researchers emphasised the need for a
reproducible protocol (chronological division into training
and test data, uniform scaling) and transparent reporting
of MAPE (Mean Absolute Percentage Error) and RMSE
(Root Mean Squared Error) metrics.

L.E. Livieris et al. (2020) investigated hybrid architec-
tures that combine CNN (convolutional neural network)
and LSTM (recurrent neural network). In such architec-
tures, CNNs are used to isolate local patterns in data, and
LSTMs are used to model time dependencies. Researchers
have shown that a more complex architecture can improve
the quality of prediction, but simultaneously make the
model more sensitive to hyperparameter settings (for ex-
ample, the number of layers or regularisation level). This
means that for correct comparison of such models, it is
necessary to provide controlled conditions with the same
settings for all models. In turn, P.T. Yamak et al. (2020)
compared statistical and neural network methods for pre-
dicting financial time series and noted that the advantages
of recurrent models, such as LSTM, are manifested if the
observation window and model settings are correctly se-
lected. They stressed that the correctness of conclusions
about the effectiveness of models depends on the same
conditions for preparing data and evaluation metrics. This
confirmed the need to use the same protocols for correct
comparison of models.

In a similar context, S. Smyl (2020) demonstrated the
effectiveness of combining statistical methods, such as ex-
ponential smoothing, with neural networks for predicting
time series. The key conclusion of their study was that the
values of forecast errors make sense only if the forecast
horizon and evaluation protocol were clearly defined. If
these conditions were not considered, the advantage of one
model over another may be the result of different evalua-
tion conditions or data, rather than architecture. B. Linde-
mann et al. (2021) considered another important issue — the
reproducibility of results when using LSTM to predict time
series. They found that the stability of the results largely
depends on factors such as model capacity (hidden state

parameters and number of cells), regularisation, and val-
idation procedure. The researchers noted that recommen-
dations for choosing hyperparameters (for example, the
number of blocks or regularisation parameters) can only be
valid if there is a complete description of the training and
testing protocol. This highlights the importance of clear
and transparent reporting of model settings, which allows
achieving reproducibility of results and comparing models
under the same conditions.

In this context, B. Lim et al. (2021) drew attention to
the importance of controlled experiments when comparing
optimisation algorithms. They stressed that the same data
preparation, regularisation, forecast horizons, and eval-
uation metrics should be used to correctly compare opti-
misers. If these conditions are not met, conclusions about
the superiority of one optimiser over another may be un-
stable, since the result will depend on changes in settings,
and not on the quality of the optimiser itself. Additionally,
M. Ez-zaiym et al. (2025) gave an example of a controlled
comparison of Adam (Adaptive Moment Estimation) and
Nadam (Nesterov-accelerated Adaptive Moment Estima-
tion) optimisers under agreed training conditions. The re-
searchers showed that generalising the advantage of one
optimiser over another is limited without fixing architec-
tural parameters (such as model capacity and Dropout lev-
el) and other settings. Therefore, the optimiser should be
interpreted as part of a holistic model configuration, where
all components must be configured in a single context to
achieve reliable results.

According to H. Widiputra et al. (2021), changes in the
composition of input features in the multivariate formula-
tion of financial forecasting can significantly affect quality
metrics, even if the model architecture remains unchanged.
They stressed that the contribution of technical indicators
should be evaluated only under fixed preprocessing and
the same normalisation conditions. This approach avoids
mixed effects that can distort the results of model compar-
isons. H. Abbasimehr & R. Paki (2022) proposed combin-
ing LSTM with attention mechanisms for predicting time
series, showing that attention helps the model focus on
the most relevant parts of history. However, the research-
ers noted that the gain in accuracy depends on the spe-
cific task and does not eliminate the need for systematic
selection of hyperparameters and retraining control. Sim-
ilarly, B. Ghojogh & A. Ghodsi (2023) summarised current
approaches to sequence modelling, emphasising the role of
“memory” and regularisation mechanisms in the learning
stability of recurrent models. They stressed that the com-
petitive quality of models depends not only on the choice
of the recurrent block type, but also on the consistency of
the evaluation protocol and the correct configuration of
hyperparameters for a specific data set.

For the most part, the publications analysed focused
on the use of LSTM for predicting financial time series,
with an emphasis on practical accuracy. In particular, I. Pe-
leshchak & Y. Futryk (2025) proposed a new neural network
configuration with parallel-stacked LSTM blocks, which
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significantly improved the accuracy of predictions. They
demonstrated that combining LSTM with technical indica-
tors (EMA, RSI) can significantly reduce forecasting errors.
Their study highlighted the importance of a systematic ap-
proach to setting up models and selecting hyperparame-
ters to achieve stability and accuracy of results.

Furthermore, the analysis of contemporary sources
shows that for short-term financial forecasting, applied rec-
ommendations for joint adjustment of the number of LSTM
blocks/model capacity, the level of Dropout regularisation,
and the feasibility of including technical indicators EMA
and RSI under the reproducible assessment protocol are
not sufficiently systematised. That is why the purpose of
the study was to predict and analyse time series with high
accuracy on the MSE, RMSE, and MAPE metrics (< 1.9%),
and experimental verification of the configuration of the
neural network model with parallel-stacked LSTM blocks,
considering the exponential mean and relative strength in-
dex indicators on the time data set. To achieve this goal,
the following tasks were set: to determine the rational con-
figuration of the model by systematically varying the num-
ber of LSTM blocks and the level of Dropout regularisation;
to assess the contribution of technical indicators EMA and
RSI to the quality of forecasting using a fixed data prepa-
ration protocol; to conduct a comprehensive assessment of
the quality of forecasting using agreed metrics.

Materials and Methods

Experimental database and data selection. A dataset
from the well-known company Google, sourced from the
open-access platform Yahoo Finance (n.d.), was used to

conduct the computer experiment. As part of the study, a
dataset was generated based on Google’s historical stock
prices. The generated dataset covered the period from
January 2011 to August 2025 and contained 3,687 records
(trading days from the yfinance source). The closing price
was chosen as the target variable for forecasting, since this
indicator reflected the final valuation of the asset for the
trading session and was representative of the analysis of
the dynamics of the financial time series.

The experimental data was downloaded from the Py-
thon library yfinance (Kurniawan et al., 2024), which pro-
vided convenient access to financial indicators. The model
was implemented in the Python programming language
using the following libraries: NumPy/Pandas (preparation
and numerical calculations), Keras (modelling), Matplotlib
(visualisation), Yfinance (library for obtaining historical fi-
nancial data from the Yahoo Finance API source). Technical
indicators of the EMA and RSI were additionally calculated
to form signs. Flowcharts are visualised using Draw.io (n.d.)

Neural network architecture with parallel-stacka-
ble LSTM blocks. The proposed model was a neural net-
work with parallel-stacked LSTM blocks. Figure 1 shows
the architecture of a recurrent neural network consisting of
parallel LSTM blocks. Standard LSTM cells with input, out-
put, and “forget”-gates were used. Each block in this net-
work processes data received at a specific time point, and
through the interaction mechanism between blocks ac-
cumulates information from previous time intervals. This
principle allowed the model not only to generate output
values, but also to adjust its internal state, which ensured
higher accuracy.
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Figure 1. Morphology of a neural network with parallel-stacked LSTM blocks

Source: developed by the authors based on V. Lytvyn et al. (2025)

Intermediate views generated by consecutive LSTM
layers were then fed to the output tightly coupled layer
(Dense), which generates the final forecast value. Within
the LSTM blocks themselves (Fig. 2), sigmoid and/or hyper-
bolic tangent (tanh) nonlinearities are used to construct the
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hidden state, controlling the activation of the memory cells,
and the output signal. The final Dense-layer, which con-
verts these features into scalar prediction, works with linear
activation, or can use ReLU in cases where the model must
be limited to non-negative or scalable predicted values.
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Figure 2. Architecture of a separate LSTM block element
Source: developed by the authors based on Q. Wang & Y. Zhang (2022)

LSTM manages memory sequentially at each step
through three independent “solution nodes” (Widiputra et
al., 2021): (1) forget something from the previous state;
(2) add new information; (3) output a useful segment. The
above three-component scheme provided a controlled up-
date of the internal state and reduced the risk of error ac-
cumulation when processing long sequences. Further, h, |
indicates the previous hidden state, x, — current input, and
C,, - state of the memory (cell) in the previous step.

At the first stage, the “forget gate” node is considered —
the network viewed the previous hidden state h, , together
with the current input x, and decide that from an old mem-
ory C_, to leave it. The solution is set by coefficients from
0 to 1 for each memory cell: 0 - erase, 1 — save. Thus, for-
get gate acts as a selective filter that controls the share of
stored information in memory.

f=o(W[h,_,x]+b), %

where f, - vector of values in the range [0, 1], which deter-
mines what proportion of information in the cell C,, must
be saved (1) or forgotten (0); W, b,— weights and offsets that
are updated during training; o — sigmoid activation function.
The next node is “input” (input gate and candidates).
Here, the LSTM determines what exactly to add to memory:
(a) through the “tolerance node”, the network selects which
cells are allowed to be updated; (B) separately calculates
candidate values bounded by the segment [-1,1]. As a result,
the previous memory (after the “forget” node) is added to
the selected part of candidates and gives updated memory,
creating a vector of new values that are candidates for up-
dating elements. In this way, input gate coordinates “what
to update” (tolerance mask) and “what to update” (candidate
values), providing managed input of new information.

it:G(VVi*[hz—l’Xt]+bi)’ (2)
C,=tan h(W,*[h, ,x]+b,), ©)

where i, — vector of “activations” that determines the up-
date of information; C, - vector of candidate values for up-
dating memory.

The final output gate node is responsible for gener-
ating a filtered version of the updated memory: first, the
network decides which part of the internal state should

be “publicised” at the current stage, and then converts it
to a new hidden state h,. It restricts the transfer of sec-
ondary memory components and skips only those fea-
tures that are relevant to the forecast at a given time step.
This reduces the risk of random fluctuations (noise) and
maintains the stability of hidden state dynamics in long
sequences. The resulting hidden state is passed further
along the sequence and used for further prediction, in
particular, it is fed to the next LSTM block or to the origi-
nal dense layer in regression problems:

0, =0(Wy*[h,_)),x]+Dby), 4)
h,=o,«tan h(C), (5)

where o, - vector of output signal values; h, — updated hid-
den state passed to the next time step.

In this setting, a neural network with parallel-stacked
LSTM blocks implements controlled memory: some scales
learn to forget too much, others learn to dose new signals,
and others learn to responsibly open the “exit valve”. This
ensured more stable preservation of important patterns in
the time series without noise accumulation. As a result of
this principle, a hidden state was formed h,, which summa-
rised the context of previous steps and was used as input
for the next prediction step.

Metrics for evaluating time series prediction by
a neural network with parallel-stacked LSTM blocks.
Standard MSE, RMSE, and MAPE metrics were used to
quantify the quality of the model’s prediction, and to iden-
tify signs of overtraining, which are described in detail in
the paper by D. Chicco et al. (2021). MSE was used as a base-
line metric to optimise and compare forecasts with actual
values in the test set:

MSE = ~3% (i — 9% (©6)

where y, — actual value of the target variable for the i-th
observation; ] - projected model value; n — number of ob-
servations in the sample; i — observation index, i=1...n.

To interpret the error in the units of measurement of
the studied variable, RMSE was used, which was calculated
from forecasts and actual values in the test sample:

1 ~
RMSE = |=3(yi = 9%, )
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where y, — actual value of the target variable for the i-th
observation; y) - projected model value; n — number of ob-
servations in the sample; i — observation index, i=1...n.

Additionally, MAPE was used to represent the percent-
age error and compare the results between different time
intervals/model settings:

* 100%,

MAPE = =y |yyi ®)

1
n

where y, — actual value of the target variable for the i-th
observation, y,#0; - projected model value; n — number of
observations in the sample; | - | - module (absolute value);
i — observation index, i=1...n.

Data for the experiment were divided chronologi-
cally into train/validation/test samples (without mixing)
to avoid information leakage from the future to the past.
When comparing models, the target variable Close, input
window length 60, Min-Max normalisation (parameters
were calculated on “train” and applied to validation/test),
and MSE, RMSE, and MAPE metrics were recorded. The
number of parallel-stacked LSTM blocks, Dropout, and fea-
ture set (with/without EMA and RSI) varied. Results were
obtained based on metrics in the test sample, and the dif-
ference between train and validation was used to control

( Feature engineering
Dimension: Input (60, 3)
Signs: Close, EMA, RSI

. 1

\,

retraining. The limitation of the experiment was execution
for one asset (GOOGL) and one source (Yahoo Finance/yfi-
nance), so generalisation to other instruments and market
regimes requires additional verification. Estimates may
also vary depending on the input window selection, sepa-
ration scheme, and hyperparameters.

Results and Discussion

This section presented the results of an experimental test
of the performance and accuracy of a neural network with
parallel-stacked LSTM blocks on the financial time series of
Google shares using a fixed training protocol and the same
preprocessing pipeline. To test the stability and impact of
architectural solutions, two model configurations were con-
sidered, which differed in the number of parallel-stacked
LSTM blocks and the Dropout value, while the remain-
ing components of the experiment remained unchanged.
Training in both cases was carried out under the same op-
timisation conditions using the adaptive optimiser Nadam.
Figure 3 shows a flowchart of the parallel-stacked LSTM
model used in the experiments. The scheme summarises
the processing sequence: generating an input window and
features, LSTM layers with Dropout, and an output Dense
layer that generates a forecast for the target variable Close.

Layer LSTM 1 \
Input layer Dimension: (60, N) Layer LSTM 2
Dimension: (60, 3) N neurons Dimension: (N,)
Scalable attributes Returns sequences N neurons
\ \ )
Output dense layer
Dimension: (1,)
b 1 output — Close price forecast
7 N
Layer Dropout 1 Layer Dropout 2
Dimension: (60, N) Dimension: (N,)
Dropout p Dropout p
. o o

Gate of forgetting (o)
Input gate (o)
Output gate (o)
Candidate update
(tanh)

Gate of forgetting (o)

Input gate (o)
Output gate (o)

Candidate update

(tanh)

Figure 3. Flowchart of a parallel-stacked LSTM model
Note: N — number of LSTM units in the LSTM layer; p - regularisation coefficient

Source: developed by the authors using the Draw.io tool (n.d.)

As part of the hyperparameter selection, experimen-
tal combinations were compared that varied the number
of parallel-stacked LSTM blocks and the dropout regu-
larisation level, while the optimiser (Nadam) and feature
set (Close, EMA 20, RSI) remained constant. For the final
comparison, two configurations were selected: Set A (275;
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Dropout=0.10) and Set B (325; Dropout =0.05), since these
settings provided an optimal ratio of accuracy and stability
in validation/test using the MSE, RMSE, and MAPE met-
rics in the fixed training protocol. The total values of the
selected hyperparameters and the composition of features
for each configuration are shown in Table 1.

Information Technologies and Computer Engineering, 2026, 23(1)
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Table 1. Values of neural network hyperparameters with parallel-stacked LSTM blocks

Hyperparameters Number of blocks Dropout Optimiser Technical features
Set A 275 0.1 Nadam Close, EMA_20, RSI
SetB 325 0.05 Nadam Close, EMA_20, RSI

Source: developed by the authors based on the results of experiments

Figure 4 shows a comparison of the actual close price
dynamics and model predictions for two configurations (A
and B) using the same preprocessing and training proto-
col. A visual assessment was made of how well the forecast
matched the actual values on the test segment, and the
nature of the errors during periods of sharp trend changes
(peaks/dips), where models typically produce the greatest

GOOGL Stock Price Prediction and
Forecast for 2025 (Model 1)

deviations. Special attention was drawn to the gap between
the actual series and the forecast at the end of the test in-
terval, since it is most indicative of the model’s ability to
generalise historical fluctuations. A comparison of sub-
graphs (A) and (B) demonstrates how changes in the num-
ber of LSTM blocks and Dropout affect the stability of the
forecast trajectory and noise sensitivity.

GOOGL Stock Price (2011-Aug
2025) and 2026 Monthly Forecast

Close Price USD ($)

2012 2014 2016 2020 2022 2024, 2026

== Fore

ecast (2026)

2012 201 2016 2018 2020

b

2022 2024 2026

Figure 4. Graphs of stock price forecasts using a neural network with parallel-stacked LSTM blocks
Note: a — for hyperparameters of type A; b — for hyperparameters of type B. Target variable Close, period 2011-2025; A/B configurations
according to Table 1. Training, validation, and predicted values are marked with a standard palette, where the green line is the predicted

values during verification
Source: compiled by the authors

Figures 5 and 6 illustrate the MAPE dependence on
the number of parallel-stacked LSTM blocks (under fixed
experimental conditions), which reflects the relation-
ship between the lack of complexity of the model and
the risk of retraining. The minimum of the curve corre-
sponds to the area of best alignment of forecasts with
actual values in validation/test, so this graph is used to

MAPE vs LSTM Block Sizes

a5

4“0

15

MAPE (%)

0

20

justify the choice of configurations A and B. Increasing
the number of blocks does not guarantee improvement,
and after a certain limit, the error may increase due to
excessive complexity and noise sensitivity. Final con-
figuration comparisons were performed using metrics
in the test sample, while validation was used to control
retraining.

MAPE vs LSTM Block Sizes

50

as

w

200 2% 0 50
Number of LSTM Blocks

a

00 00
Number of LSTM Blocks

b

Figure 5. Graph of MAPE metrics that depend on the number of LSTM blocks
Note: a — for hyperparameters of type A; b — for hyperparameters of type B. A/B configurations according to Table 1

Source: compiled by the authors
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GOOGL - Model 1 — metrics

RMSE
a

GOOGL - Model 2 — metrics

b

Figure 6. Visualisation of MSE, RMSE, and MAPE metrics based on histograms

Note: a — for 275 LSTM blocks; b — for 325 LSTM blocks
Source: compiled by the authors

Based on the results of a series of experiments, the
smallest error on the test sample within the protocol un-
der consideration was obtained for configuration B (N=325
and Dropout=0.05), in particular, the MAPE value = 1.62%.
Instead, for smaller n values (50-100), MAPE growth and
learning instability were observed, and for excessively large
Dropout values (> 0.30), convergence deterioration and
signs of under-learning were observed. Within the proto-
col under consideration, the balance between accuracy and
generalisation is determined by matching the model ca-
pacity (N) and regularisation intensity (Dropout).

In the context of existing approaches in the litera-
ture, it is also advisable to consider GRU (Gated Recurrent
Unit) - a recurrent neural network with gate mechanisms,
which is a more compact alternative to LSTM and usual-
ly has fewer parameters. In particular, H. Abbasimehr &
R. Paki (2022) proposed a hybrid approach that combines
LSTM and multi-head attention, which allowed the model

to focus on the most informative fragments of history and
better reproduce nonlinear dependencies in time series. A
separate area was also financial hybrids for high volatility,
where LSTM was combined with statistical models (Koo &
Kim, 2022). Simultaneously, this paper focused on a con-
trolled assessment of the proposed architecture, which al-
lowed interpreting the difference in forecast quality as a
consequence of changes in capacity and regularisation un-
der constant pipeline conditions.

As noted by Q. Wang & Y. Zhang (2022), as parameter-
isation of recurrent models increases, the risk of overtrain-
ing increases, especially for financial series with noise and
structural shifts. In this study, the impact of these factors
was evaluated by systematically varying the number of
blocks and Dropout with control of validation losses (Fig. 7).
Dropout was used as a regularisation mechanism between
recurrent components and subsequent layers, which is con-
sistent with typical LSTM regularisation practices.

Validation Loss vs LSTM Blocks

0.0040 1

0.0035 4

0.0030

0.0025

0.0020

Validation Loss

0.0015 4

0.0010

0.0005

—e— Dropout=0.1
—&— Dropout=0.2
—e— Dropout=0.3

100 150 200

250 100 350 400

Number of LSTM Blocks

Figure 7. Graph of the dependence of validation losses on the number of LSTM blocks (100-400)

Source: compiled by the authors
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The graph shows that excessive regularisation (Drop-
out = 0.3) leads to significantly higher validation losses at
low capacity (100 blocks) and does not provide advantages
on larger configurations, while moderate Dropout levels (0.1-
0.2) provide lower losses and more stable behaviour when the
number of blocks increases. In particular, the lowest values of
validation losses are observed around 200 blocks for all Drop-
out levels considered, and when moving to 300-400 blocks,
Dropout =0.2 shows better stability, which is consistent with
the assumption that stronger regularisation is required with
increasing model capacity. The results also correlate with the
findings of H. Abbasimehr & R. Paki (2022), who emphasised
the importance of selecting hyperparameters and regulari-
sation for LSTM approaches in forecasting tasks: although
direct numerical comparison is limited by differences in
datasets and metrics, the overall trend coincides — correctly
selected regularisation and the number of blocks reduce re-
training and increase forecast stability.

Figure 8 shows the dependence of the training time on
the number of LSTM blocks in the same range (100-400) for
different Dropout values. There is an almost quasi-linear
increase in the duration of training with an increase in
the number of blocks. Accordingly, increasing the capac-
ity of the model increases computational costs due to an
increase in the number of parameters and recurrent oper-
ations, while the effect of Dropout on training time is sec-
ondary (curves for different levels of regularisation are lo-
cated close to each other). This reflects the computational
cost of improving accuracy and is important in a compara-
tive context: lighter statistical or compact neural network
models can be faster, but often inferior in reproducing
nonlinear dynamics, while LSTM hybrids with attention
mechanisms (Abbasimehr & Paki, 2022) or optimised deep
LSTM approaches (Giilmez, 2023) can improve accuracy at
the cost of increasing learning complexity and parameter
matching requirements.

Training Time vs LSTM Blocks

6
teo == Dropout=0.1

*- Dropout=0.2
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250 00 350 400

Number of LSTM Blocks

Figure 8. Graph of the curve of dependence of training time on the number of LSTM blocks (100-400)

Source: compiled by the authors

In addition, stock forecasting applications often show
that optimisation of LSTM hyperparameters (size/depth,
regularisation parameters, optimiser selection) can provide
improvements in relation to basic LSTM configurations
and statistical models. For example, the study by B. Giilmez
(2023) proposed an optimised version of the deep LSTM
model for predicting stock prices using a stochastic hyper-
parameter selection procedure. In parallel with recurrent
approaches, architectures based on attention mechanisms
are actively developing: Informer and Autoformer have
proposed effective solutions for long-term sequencing and
scalable forecasting (Wu et al., 2021; Zhou et al., 2021),
and described hybrid LSTM-Transformer approaches for
financial Series (Kabir et al., 2025), which demonstrated
increased reliability and efficiency over longer forecast ho-
rizons. Overall, these studies have shown that systematic

hyperparameter selection and regularisation are crucial for
stability and accuracy. In this context, the current study
complemented the existing results by evaluating the con-
tribution of two controlled parameters (N and Dropout)
in isolation. The use of EMA and RSI indicators was con-
sidered as a compact representation of trend and momen-
tum, but the effect of indicators depends on the forecast
horizon, normalisation, and asset properties. Therefore, in
this study, a set of features was recorded to separate the
influence of architecture from the influence of the feature
space. Such fixation was a necessary condition for the cor-
rect comparison of architectural configurations.

Conclusions
The research successfully achieved its objective of de-
veloping and analysing a method for high-precision
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forecasting of financial time series using architecture of
parallel-stacked LSTM blocks. Experimental verification
of these shares of Google Corporation confirmed the ef-
fectiveness of the proposed approach, helping to achieve
a forecast error for the MAPE metric at the level of 1.62%,
which corresponds to the quality criterion defined in the
goal (MAPE < 1.9%). As part of the study, a representative
set of historical data was formed and a pipeline preparation
was implemented, which minimises the risk of information
leakage between samples due to chronological separation.
The proposed neural network architecture, built on sever-
al parallel branches with stacking recurrent LSTM layers
and then aggregating their outputs, allowed the model to
simultaneously process price indicators and technical in-
dicators of the EMA and RSI. Systematic variation of hyper-
parameters has shown that the optimal balance between
computing power and generalisation capacity within a
fixed protocol is a configuration with 325 LSTM blocks and
a Dropout of 0.05. The use of the Nadam optimiser ensured
stable learning convergence, and the obtained MSE and
RMSE values consistently confirmed an improvement in
the forecast quality for the selected configuration relative
to the alternative setting.

The paper conceptualised the advantages of parallel or-
ganisation of recurrent structures for analysing non-station-
ary financial time series. This approach has been shown to
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AHoTauid. TIpOrHo3yBaHHS YaCOBMX PSI/IiB € KPUTUUHO BAKIMBUMM [Is MATPUMKM pillieHb y (GiHaHCOBI aHATITHII,
e JNaHi XapaKTepu3yTbCsl HEMiHiHICTIO, HeCTalliOHApHICTIO Ta BMCOKMM DpiBHEM IIymy. MeToi poboTu O6yrno
BMU3HaueHHs epekTUBHOI KOHGIrypallii peKypeHTHOI HeiipOHHOI Mepeski 3 mapajieTbHUM MTO€JHAHHSIM CTeKiB 0CcepeKiB
Long Short-Term Memory (LSTM) nanasi migBMImeHHSI TOYHOCTI MPOTHO3YBaHHS LiH aKiliif, a TAaKOX MOJIMBOCTei
3aCTOCYBaHHSI TMPUKIALHOI MoJenai B raay3i IPOMMCIOBOCTI, eHepreTulli Ta CYMiDKHMUX OOMeHaX. Y [OCTiIKeHHi
3aCTOCOBAHO METOAU IMIMOMHHOTO HaBYAHHS 3 BUKOpHUCTaHHIM 6i6miorekn TensorFlow/Keras, a st HaBYaHHSI MOJei
BMKOPMCTAHO iCTOpMYHI JaHi akuiii kopropaiii Google. BctaHOB/IEHO, 1[0 apXiTeKTypa 3 mapajelbHO-CTeKOBaHUMMU
6;10kamu 3a6e3mevuye BUILY CTabiIbHICTh HABUAHHS MOPIBHSHO 3i CTAHAAPTHMMY PEKYPEHTHUMU MOJENSIMU 32 PaXyHOK
eexTUBHILIOrO BUAINIEHHS TEXHIUHMX O3HAK YacOBOi MOCTiMOBHOCTI. EKCIIEPMMEHTAIbHO TOBEIEHO, 1[0 ONTUMaJbHA
KiJIbKiCTh HEIPOHIB y IMPUXOBaHMX IIapax Jjsl Takoi 3amavi craHoBUTh 100-200 oguHNUI, TO/I SIK TOAAbIIE 30ibIIIEHHS
MIOTYKHOCTi MoJesi MPU3BOAUTDL 10 edeKTy MepeHaBuUaHHS. BusBIeHO, 10 3aCTOCYBaHHS peryiaspusalii Dropout y
nmiamasoni 0,1-0,2 mo3Bosisie MiHIMi3yBaTy TOMMJIKY Ha BaslialliliHiii BMOipiii, y TOV yac K 3HaueHHs oHaz, 0,3 CyTTEBO
YIOBUIBHIOIOTH 30iKHICTh aIrOPUTMY. AHaJIi3 iHKeHepii 03HaK MOKa3as, MO iHTerpalis eKCIIOHeHI[iaTbHOIO0 KOB3HOTO
CepefHbOro0 3 KOPOTKMM BiKHOM 4Yacy IIOKpalllye€ pe3yabTaT MOZEi, JeMOHCTPYIOUM BUILY KOpEeIslilo 3 I[iTbOBUM
MOKa3HUKOM, HiXK iHAeKC BiIHOCHOI Cuau. SIKiCTb MPOTHO3YBAaHHSI MOJEi OIiHIOBaAM 3a CepelHbOKBAIPATUUYHOIO
nomwikow (Mean Squared Error, MSE), kopeHeMm i3 Hei (Root Mean Squared Error, RMSE) i cepenHbor0 abCOTIOTHOIO
BimcoTkoBOIO Moxubkow (Mean Absolute Percentage Error, MAPE). BcraHoBjieHO, 1o 1151 KoHpirypartiiit (50-100 610KiB)
XapakTepHi miaBuieHi sHaueHHss MAPE, tofi sk y miaraszoni 180-400 6/10KiB 1moxmn6Ka 3MeHIIYEThCS Ta HabyBae cTabiibHOro
xapakrepy. HaliTouHimmii pesyapTaT oTpMMaHoO A KoHdirypauii 3 325 61okamu, perynspusaiiiero Dropout = 0,05 Ta
onrtumizaTopom Nadam (Nesterov-accelerated Adam): MAPE = 1,62 %, RMSE = 2,41, MSE = 6,05. IIpakTuuHa LiHHICTh
IOCTiIKeHHS TTonsirae y GopMy/II0OBaHHI UiTKMX peKOMeHAAIlil o0 HalalTyBaHHs rineprapameTpis LSTM-Mogneneit
IJ1SI IPUKIAAHOTO KOPOTKOCTPOKOBOTO ITPOTHO3YBaHHSI (DiHAHCOBUX PSIIiB

KniouoBi cnoBa: rnbunHe HaBuaHHs; Dropout-perynsipusariis; Nadam-onrumisaris; EMA; RSI
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