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Abstract

Stock data are inherently time-series data, characterized by complex structures and high levels of randomness. This makes
forecasting stock prices a challenging problem in machine learning. The non-stationary nature of stock indices in financial
markets, coupled with randomness and uncertainty in the data, and the simple hierarchical structure and lack of semantic
information in the temporal dimension pose significant challenges to traditional time-series forecasting models. This study
therefore proposes a novel stock price forecasting framework based on a hierarchical LSTM model to address these issues,
which is known as Adv-SHNets. The model’s core concept involves learning the temporal features of stock data through
two layers of LSTMs to fully capture its hierarchical structure. The framework processes stock time series via overlapping
segmentation in the lower LSTM layer to preserve temporal continuity and enrich single-step semantics. Subsequently, a
segmented attention mechanism and upper LSTM capture multi-scale hierarchical dependencies. A simple yet effective
adversarial loss function significantly enhances the model’s robustness against data uncertainty. Furthermore, experiments
on two real-world stock datasets demonstrate that Adv-SHNets achieves a relative improvement of 12.97% over comparable
state-of-the-art methods, providing thorough validation of the effectiveness of this approach.
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1 Introduction

X Wei Yu Stock market forecasts can help investors make decisions
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and minimize risks as much as possible, thereby obtaining
investment returns. For example, when the market becomes
bearish, investors can sell stocks to maintain relatively low
losses. Moreover, forecasting the future condition of a stock
has consistently captivated the attention of numerous par-
ticipants. As we know, the exact price of a stock is usually
unpredictable [1, 2], research endeavors have concentrated on
forecasting the movement of stock prices, e.g., determining
whether the price will rise or fall, or if the price fluctuations
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Fig.1 The training trajectories of LSTM and Adv-ALSTM on the train-
ing dataset ACL18. The top figure shows the training Hinge Loss [18]
on the training set as the training progresses, while the bottom figure
shows the accuracy (ACC) as its training progresses. It can be seen from

Fig.2 The schematic diagram
of the LSTM-based feature
extraction process with a
single-step temporal information
as its basic input cell

will surpass a specific threshold, is easier than predicting
actual stock prices [3].

Stock movement prediction (SMP) is essentially a classi-
fication problem based on time series. The stock market is
a complex system that involves multiple factors and influ-
ences, resulting in many difficulties, such as the significant
unpredictability in the market, the emotional impact of the
external economic environment, and the impact of economic
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policies. In this work, our focus lies in forecasting binary
time-series movements, enabling investors to generate prof-
its by making accurate long or short positions in a financial
asset.

In recent years, the prediction of stock movement has
mainly focused on the latest advanced models based on deep
learning techniques [4-6], as [3, 7-10] for examples, which
are data-driven and do not require professional knowledge in
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stock finance. Some studies have shown that deep learning-
based models outperform traditional statistical models on
SMP task. For example, the lecture [7] proposed the CMI
autoregressive method, which used the idea of comparative
learning to represent and learn stock time-series data by deep
neural networks for price movement prediction. The Adv-
ALSTM in [3] proposed adversarial sample learning [11]
and combined it with the attention [12] LSTM to model stock
sequence data and predict movements.

However, the high randomness and complexity of the
stock market, as well as the characteristics of noisy mar-
ket information and temporally dependent prediction, make
the prediction a challenging problem [13]. Firstly, there is
market uncertainty, and the stock movements are influenced
by different types of factors, including economic, politi-
cal, and social factors. The references [13—15] utilized the
social media information to enhance the stock prediction,
which requires manual collection of stock price time-series
data. However, in reality, this additional information is often
difficult to obtain; secondly, deep learning-based prediction
methods often lack available training data [7]. The works in
[3] and [7] addressed this issue by using adversarial samples
and comparative learning, respectively. In addition, from the
perspective of model structure, SMP is often related to the
time information of stock prices. The existing literature usu-
ally uses LSTM-based methods [3, 7, 16, 17] for modeling,
ignoring the complex hierarchical structure of non-stationary
sequences in the temporal dimension. The statistics of single-
step data show significant changes over time. Failure to
address this non-stationarity explicitly at either the model
architecture or loss function level makes model training chal-
lenging and results in suboptimal prediction accuracy.

The LSTM-based models LSTM and Adv-ALSTM [3]
training trajectories are as shown in Fig. 1 (see the experi-
mental section for the dataset and its detailed process). It can
be found that as the training progresses, the model conver-
gences are not very ideal, especially after 150 epochs, the
minimum losses of the models on the training set are greater
than 0.85, while on the validation set, the recognition rates
do not achieve the desired accuracy with the training pro-
gresses with the 50% ACC. The existing models do not take
into account the randomness and complex hierarchy of the
temporal dimension in their modeling, which leads to weak
feature representation ability in model extraction. As shown
in Fig. 2, the existing LSTM-based time dimension models
input the single-step temporal information of the stock time-
series data into the LSTM cells. However, the semantics of
the single-step temporal information are not as rich as the
word vectors in NLP [19], and the features obtained by these
methods have strong locality in other words. Then, we need
to address these hierarchical features in the time-series data
related to stocks.

In summary, the SMP problem is complex and with strong
randomness and hierarchical temporal dimensions. A good
SMP model should obtain this hierarchical information and
be robust to the randomness in the stock data.

In order to tackle these concerns, a SMP framework based
on adversarial training learning and hierarchy LSTM net-
works, abbreviated as Adv-SHNets is, proposed. Our primary
consideration is that the semantic structure contained in stock
time-series data is hierarchical, and the contribution of each
level’s structure to its movement classification is different.
To implement this idea, Adv-SHNets, proposed in this work,
firstly obtains the original features of stock information and
calculates its covariates, including the time and representa-
tion vector of each stock, which are beneficial for obtaining
the characteristics of each stock itself. Secondly, the orig-
inal features are segmented in a temporal dimension and
input to the low-level LSTM temporal model with a seg-
mentation attention mechanism for low-level feature fusion.
To ensure the semantic continuity of low-level features, the
segmentation of time dimensions has overlap. Thirdly, the
fused low-level features are input into the high-level LSTM
to obtain hierarchical semantic information. And finally, the
feature embedding vector calculates the training loss by the
Hinge loss function. At the same time, in order to make Adv-
SHNets robust to the uncertainty of stock data, we train the
adversarial samples by simply and efficiently calculating the
adversarial loss. The main contributions can be outlined as
follows:

e Novel end-to-end SMP framework: A novel SMP
framework named Adv-SHNets is proposed, which relies
solely on stock numerical data, enhanced with prepro-
cessing such as differencing to remove trends and address
non-stationarity. This ensures the solution’s practical
applicability across diverse financial datasets.

e Innovative hierarchical LSTM design: We introduce
overlapping temporal segmentation and a multi-level
LSTM. This is the first SMP to effectively capture hier-
archical dependencies. Preprocessing is used to handle
non-stationarity, which significantly improves feature
representation and model convergence.

o Efficient adversarial loss function: We have designed a
simple adversarial loss function to strengthen the robust-
ness of the model against randomness and non-stationary
shifts in stock data. This enhances generalization without
the need for additional data.

e Empirical validation and performance gains: When
evaluated on the non-stationary datasets ACL18 and
KDD17, Adv-SHNets achieved a relative accuracy
improvement of 12.97% over state-of-the-art methods,
as well as absolute gains of between 1.2% and 4.7%.
This demonstrates its effectiveness in addressing non-
stationarity and market complexities.
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In addition, the structure of our paper is as follows: Sec-
tion 2 gives a summary of related works on SMP approaches.
Section 3 provides details about the Adv-SHNets framework.
The evaluation of Adv-SHNets’ predictive performance,
encompassing prediction results and perturbation, is dis-
cussed in Sect. 4. Finally, Sect. 5 shows the conclusion and
future work.

2 Related work

SMP is a fundamental application in financial data mining,
garnering increased attention within the data mining and
machine learning communities. This heightened interest is
attributed to its significant influence on financial markets
[20-22]. Considerable advancements have been made in pre-
dicting stock movement, particularly in handling complex
nonlinear data, through extensive research, particularly in
the realm of deep learning. The key developments pertinent
to this paper are outlined as follows:

2.1 Basic categories of The SMP

Depending on the type of input data, the SMP can be classi-
fied into two main categories [21]: a) approaches that solely
rely on past stock prices for forecasting and b) approaches
incorporating supplementary text data for prediction.

The methods using only historical prices attempt to obtain
patterns solely from historical data with lower data require-
ments. For example, the method Adv-ALSTM predicted the
movement only by raw stock time-series data using adversar-
ial training. AttLSTM [23] introduces attention mechanism
into recurrent neural networks (RNNs) and demonstrated
outstanding performance in the task of sequential predic-
tions. Constrained deep neural network forecasting algorithm
[24] focuses on a constrained deep neural network approach
for accurate short-term stock price index movement predic-
tion. Advanced deep learning for short-term price forecasting
[25] presents an advanced deep learning model designed for
short-term forecasting of US natural gas prices. The methods
in [26-28] used the transfer learning strategy to inference the
movement from the stock price. However, these methods lack
hierarchical modeling for the historical prices. The proposed
Adv-SHNets consider stock data as a time series and focus
on improving predictive ability by the hierarchical structure
of stock temporal dimensions, and it belongs to this category
of methods.

While methods that incorporate additional textual data
operate on the premise that stock movements are influenced
by public sentiment, they typically integrate text feature
extraction models with time-series techniques, thereby sig-
nificantly enhancing prediction accuracy [29-33]. For exam-
ple, SLOT [33] improves the accuracy of SMP based on the
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self-supervised learning strategy to get the embedding vec-
tors of tweets and stocks. In StockNets [ 13], a deep generative
model combining text content and price signal is proposed.
However, such methods often require collecting lots of tex-
tual information, which makes their practical application
more difficult. The focus of Adv-SHNets’ consideration is
to use the time-series structure of the stock itself for move-
ment prediction; therefore, it does not belong to this type.

2.2 LSTM models in SMP

The stock data inherently constitute a time-sequential series,
displaying evident temporal dependence. Recently, RNN has
predominantly found applications in handling sequential data
types, including time series, speech, images, text, and other
data [34]. The long short-term memory (LSTM) network is
an important RNN model structure that can overcome the
long-term dependency problem of the original RNN [35] and
is therefore widely used in stock data mining. In [36], trade
indicators based on market microstructures were employed
as input for an RNN, utilizing Graves’ LSTM, to conduct
price predictions for algorithmic stock trading. In the lit-
erature [23], the Attention LSTM (AttLSTM) model was
pitted against the LSTM model in predicting the movement
of Hong Kong stocks. The findings further validate the effi-
cacy of the attention mechanism in LSTM-based prediction
methods. A novel hybrid model, SA-DLSTM, introduced in
[10], was devised for predicting the stock market and simulat-
ing trading. It combines an emotion-enhanced convolutional
neural network, denoising autoencoder models and LSTM.
Sonani et al. [37] developed a hybrid LSTM-GNN model
for predicting stock prices, combining time-series analysis
with graph-based methods. Using LSTM to capture temporal
dynamics and GNN to model nonlinear stock relationships,
the model outperformed benchmarks. Pilla et al. [38] used
LSTM to forecast the S&P 500, comparing it with ARIMA
using historical data to highlight its strength in handling
financial volatility.

However, the basic unit processed by these LSTM-based
methods is a single temporal step, and they have not con-
sidered the problem of insufficient semantic information of
a single time in the stock temporal series and its temporal
hierarchical nature, which can be seen from the basic LSTM
Eq. hy = LST M (x;, h;—1), in which, k; is the hidden repre-
sentation, x; is a single-time step data and LST M(.) is the
arithmetic unit of the LSTM.

2.3 Adversarial learning in SMP

The randomness of stock data makes deep learning-based
methods be difficult to obtain sufficient samples to improve
the generalization ability of the model. Therefore, it is
necessary to use adversarial methods that introduce noise
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to regularize parameters. The adversarial learning is by
adding a disturbance Ax to the original input sample x
and obtaining the adversarial sample, which is then used
for training. And these processes can be abstracted into
ming E(y y)~p [maxareq L(x + Ax, y; 0)] [39], where y is
the ground truth of sample x and 6 is the parameters of the
model. The adversarial samples in Adv-ALSTM [3] were
by €udv = €+ Fadv,Tadv = argmaxy jrj<el (¥, Jadv),
where e was the final latent representation of the stock,
ra.qv was the associated adversarial perturbation, and € was
a hyperparameter to explicitly control the scale of per-
turbation. STLAT [27] used I'2dY KL(Y adv Y“)

KL [p ( | e?; é) lp ( led +rd; é)] to generate the
adversarial samples. Deshpande et al. [40] proposed the
use of quantum GANs for predicting stock index prices.
This approach uses an adversarial generator-discriminator
enhanced by quantum computing to generate synthetic data.
Sun et al. [41] referenced ALSTM as a baseline and inte-
grated adversarial training with attention LSTM to model
stock time series, thereby improving prediction accuracy.

In summary, current adversarial approaches to predict-
ing stock movements, such as the Adv-ALSTM, STLAT and
attention-boosted LSTM models, struggle with the random-
ness and layered temporal structures inherent in stock data.
These techniques often rely on complex perturbation strate-
gies that hinder training, overlook deeper temporal layers,
and result in unstable convergence and poor performance in
volatile markets. Many also rely on additional data or com-
plex setups, which limits their real-world applicability.

By contrast, our Adv-SHNets framework addresses these
issues with an innovative hierarchical LSTM setup. It divides
time series into overlapping segments to ensure continuity,
extracts features at basic and advanced levels to improve
distinction, and incorporates a straightforward adversarial
training method to enhance resilience—all without addi-
tional complexity. The model handles everything end-to-end
using only core stock numbers. This represents a significant
advance in understanding the complex timing of stocks and
delivers robust results across various scenarios.

3 Methods
3.1 Problem statement

We aim to improve the accuracy of SMP by capturing the
hierarchical temporal dimensions within the stock data. And
all the vectors of this paper are in column form if not other-
wise specified.

SMP involves solving a binary classification problem. Fol-
lowing the literatures [13, 30], the formalization of the stock
movement is defined according to the difference in price
s €8 =1{s0, - ,s|s/} between two consecutive days d and

d — 1. Essentially given the sequential feature of the stock
with T history trading days X* = [x3, -, xp_;] € RT*D,
which is a feature matrix representing the sequential input
features (e.g., open and close prices), and then, the SMP is
defined as the following formula:

=1 pg> Py
1 pg < Pasis

¥y = fo(XP, V) = { ey

which denotes the stock movement at the trading time point
T + h, p} represents the adjusted closing price of the stock
s [3, 30, 42], xf € RP and D is the variable dimension,
V* is the external covariates, such as trading time points,
stock codes, and fg is the prediction model function with
the parameters ©.

3.2 Overview of Adv-SHNets

As shown in Fig. 3, the proposed Adv-SHNets are struc-
tured with three main layers, namely the feature representa-
tion layer, the feature extraction layer, and the adversarial
training layer. Especially, the feature representation layer
obtains and fuses the basic features by Inception [43] 1-
dimensional convolutional structure (Incept IDCNN), and
fuses the time and stock covariates of the stock. The feature
extraction layer segments the stock time-series data along the
time dimension and inputs these segmentation data into the
different LSTM levels to extract the hierarchical temporal
dependency information of the stock data. And the adversar-
ial layer trains the whole model by the adversarial learning
methods and label data.

From the process of Adv-SHNets shown in Fig. 3, it can be
observed that Adv-SHNets does not require additional data
other than temporal information, and the entire framework is
trained end-to-end. The rest of this section provides a detail
introduction of the essential components of Adv-SHNets.

3.3 Feature representation layer

The presentation layer in Adv-SHNets maps the original
stock data into the feature latent space by the fusion and
encoding methods, including the trading weekly encoder,
stock encoder, and price feature encoder.

3.3.1 Trading weekly encoder

The stock trading day is usually from Monday to Friday every
week. On Saturdays, Sundays, and statutory holidays, the
stock market is closed. The input of the model fg is the
trading day window sequence data, which cannot reflect the
stock trading day. Therefore, we need to encode the time
information of the trading window.

@ Springer
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Fig.3 The overview of the proposed Adv-SHNets Framework

We use the one-hot encoding ¢§, = {0,---,1,---,0} €
R} to represent the weekly information of X* transactions,
and then, a neural network is used to map week codes to
weekly embedding vectors E; , i.e.,

ES, =a(FC(e)) e RT*P, )
where F C(.) is afully connected neural network, o = tanh is
the active function, and D is the dimension of the latent fea-
ture space. The weekly embedding vectors E?, are beneficial
for the model to obtain weekly information on the prediction
window.

3.3.2 Stock encoder

There are various types of stocks. As exemplified in [13,
44], the data are classified into 9 sectors: Basic Materials
(BM), Consumer Goods (CG), Healthcare (HE), Services
(SE), Utilities (UT), Conglomerates (CO), Financial (FI),
Industrial Goods (IG), and Technology (TE). Different types
of stocks have different patterns, and further, the patterns of
changes in different stocks of the same type are also different.

@ Springer

There are various types of stocks, such as finance, energy, real
estate, etc. Different types of stocks have different patterns,
and further, the patterns of changes in different stocks of the
same type are also different. Based on this consideration,
we believe that the model should be able to identify differ-
ent stocks. Adv-SHNet uses the method of stock encoding to
learn the dictionary embedding representation of stock repre-
sentations by its training. Let S = {so, - - - , 5|5/—1} learnable
dictionary embeddings be represented as Eg € RISI*? and
then, we can get the encoding of the stock s, namely

E* = Eg[s;] € RP, 3

where D is the same with it in Eq. (1), meaning the feature
latent space dimensions.

3.3.3 Price feature encoder

The stock price data essentially constitutes a time series of
trading days, encompassing information such as the open,
high, low, and closing prices, which respectively represent
the opening, highest, lowest, and closing prices for each day.
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Fig. 4 The flowchart of the Inception structure used in Adv-SHNets,
which can capture different features in stock data through different
perspectives

Following [3, 33], we get the three price feature groups X* €
RT*1 from the original to describe the daily trend of a stock
s € S, including price movements in a day, price movements
between days and long-term movements (detailed in Table 1).

To fuse the price time information and maintain the tem-
poral order of the sequence, 1D convolution (1DConv) is
adopted to fuse the information of X* in Adv-SHNets. And
considering the temporal complexity of stock time-series
data, we refer to the Inception structure [43] and use convolu-
tional operators with different kernel sizes to fuse its temporal
information. The other layer is followed by a tanh activation
function and a dropout function to increase the generaliza-
tion ability. The flow chart of the Inception structure-based
operators is shown in Fig. 4, and we can use the following
formula to describe this process:

X5™ = dropout(o( concat 1DConv(X*))) € RT*P,
ke(1,3,5,7)

“

where concat represents channel connection operation,
1DConvy is the 1D convolution with kernel size k, the input
channels c¢;, = 11, the output channels c,,; = %, and
dropout(.) is used to prevent the overfitting. From Eq. (4)
and Fig. 4, it can be seen that the practicality of the Inception
structure enables Adv-SHNets to fuse different features in
stock data through different perspectives.

The price feature encoder maps the stock price time-series
data into the latent feature space with dimension D. The
fusion of Egs. (1), (3), and (4) will get the latent space features
of the feature presentation layer, that is,

st — El‘;} FES X ¢ RTXD. (5)
3.4 Feature extraction layer

The feature extraction layer extracts stock features based on
the semantics and structure of the stock data, thereby obtain-

ing the final semantic embedding of the stocks. Stock data
belong to the category of time-series data, and employing
time-dependent modeling is crucial for accurately predict-
ing its movement. The hierarchy LSTM-based methods are
employed to extract their hierarchical information in our pro-
posed framework.

3.4.1 Time segmentation LSTM

Considering the problem of insufficient information in a
single time step, we have performed overlapping segmen-
tation along the time dimension of X/* and input each
segmentation into the corresponding LSTM to extract the
low-level time-dependent features as shown in Fig. 3. The
data segmentation method is shown in Fig. 5 and can be for-
mulated as follows:

T
15

(6)

X;{S = st[klseg sk + l)lseg + loverlap]a k=0,---, Flf
seg

where [;., is the segmentation length, [yeriap 1 the over-
lapping length, [.] represents rounding up, and in the case
of nondivisibility, we perform zero padding on the original
sequence. And then, we input X ,{ ¥ to a LSTM model, i.e.,

XII{S — LSTMIEO) (X]{S) € RUsegHovertap)xD | (7

To fuse the segmentation time information within a segment,
X ff is input to a 1D convolution with a kernel size of k =
Iseg +Hlovertap- i€, X5 = 1DConvy,, 41,1, (Xi5) € R1*P.
Finally, we concatenate the segmentation features to get the
first-level features, namely

T
—XxD
X" = concat X e Rbes ™7, )
_ T
k=0, T2 T

It can be seen from Eq. (8) that X** still maintains the original
temporal order, and due to overlapping, it has a certain degree
of temporal continuity.
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Table 1 The characteristics of a stock’s daily trend

Feature groups Features

Calculation

Price movements in a day

c_open, c_high, c_low

e.g.,c_open = open;/close; — 1

Price movements between days n_close,n_adj_close e.g.,n_close = close;[close;— — 1
4 . X
Long-term movements 5_day, 10_day, 15_day, e.g.,5_day = % _1
20_day,25_day, 30_day
3.4.2 The segmentation attention embedding e, namely
Different time segmentations have different contributions e’ =LSTM m(X‘”) e RP. (14)

to the stock movement classification. Based on this idea,
the attention mechanisms are used in our proposed frame-
work Adv-SHNets, along the segmentation dimension of X'5.
The segmentation attention mechanism fuses information by
learning different weight coefficients from the fragments’
representation in the latent space, which can be formulated
as:

0 =w,x", )
K =W, X', (10)
vV =W,Xx", (11)

12)

KT
Hj, =V softmax ( Q) ,

VD

where W,, W, and W, are the learning parameters. To inte-
grate multiple attention relationships, Adv-SHNets utilizes a
multi-head attention mechanism, namely

X% = batchnorm (conhcat(Wh Hh)> , (13)

where W), is the learning parameter of the kth head of the
attention’s output Hy and batchnorm(.) [45] is the batch norm
operator, which plays a role in regularizing the distribution
of output and facilitating the convergence of training.

In summary, the hierarchical LSTM approach effectively
addresses the limitations of flat LSTMs by segmenting data
into overlapping low-level units and fusing them at a higher
level. Flat LSTMs struggle to capture long-term hierarchies,
which often results in localized features and poor general-
ization. In contrast, the hierarchical structure improves the
representation of non-stationary patterns, leading to faster
convergence, as demonstrated by experimental results.

3.5 The high-level LSTM

In order to obtain high-level temporal semantic information,
we perform high-level LSTM feature extraction after the seg-
menting LSTM layer to obtain the final stock representation

@ Springer

It can be seen from Egs. (8) and (14) that the input of
LST MW is essentially semantic information after segmen-
tation, which still has temporal order and overcomes the
problem of semantic inadequacy in time steps.

With e*, a fully connected operator is used to estimate the
classification confidence as a prediction function:

Vv =FC() e [—1,1]. (15)
And one should note that the final prediction is sign (yAS).
3.6 Adversarial training

Similar to the other binary learning tasks, Adv-SHNets uses
the Hinge function [18] as the loss function for clean training
samples, that is, the objective function of movement of Adv-
SHNets is

Lossy = » h(FC(e"). 1), (16)

where h(y*, y*) = max(0, 1 — y¥y*) is the Hinge function,
Fc is the fully connected operator which is the same as in
Eq. (15) and /* is the ground-truth label of the stock sample
s.

Considering the randomness of stock data, we adopt
adversarial training [46] as in reference [3, 27], where
the training samples include clean and adversarial samples
simultaneously. The adversarial training usually adds pertur-
bations to the clean samples to learn a robust model. Follow
the works in [3, 27] Adv-SHNets add the perturbations r; o
into the final stock representation embedding e* in Eq. (14),
and thus, the perturbations is e} ; = e* +r; ;. . Considering
the simplicity of calculation, adversarial training adopts the
following cost function:

Lossaqy = |min(max(FC(e* +r,,.), —v), V)|, (17)
where F C is the fully connected neural network as in Eq. (15)
and y is the hyperparameter. The meaning of Eq. (17) is that
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the predicted output range between [—y, y] contributes to the
loss. Finally, the perturbations of Adv-SHNets are obtained
by the fast gradient approximation methods, namely

S S s S
Cray =€ + Badvl,gys Yagy = T8 ”r{na”)il Lossaqy, (18)

adv
where B4, 1S a hyperparameter that adjusts the intensity of
the perturbations sample.

The simple perturbation strategy used in adversarial train-
ing greatly enhances the model’s resilience to the randomness
inherent in stock data. This approach outperforms more com-
plex methods, which can complicate training. This approach
effectively mitigates uncertainty by integrating clean and
adversarial losses, resulting in higher accuracy scores com-
pared to non-adversarial baselines.

3.7 The whole loss of Adv-SHNets

The whole loss of Adv-SHNets is the combination of the
clean sample and perturbation sample training loss, i.e.,

Loss =Y (h(FC(¢").I') + ah(FC(eSy,). 1)), (19)

seS

where « is a balance parameter.
3.8 The algorithm of Adv-SHNets

The training phase algorithm for Adv-SHNets is shown in
Algorithm 1. In detail, the input of the proposed Adv-SHNets
includes the stock set S, the date of stock data, the time-series
original feature data of stock prices X*, s € S, and the true
label of S. As shown in Algorithm 1, the process of model
training requires a large number of calculations according to
the previous equations.

Algorithm 1 The training phase of Adv-SHNets

Require: The stock set S; The date of stock data; The time series orig-
inal feature data of stock prices X*, s € S; The true label of S

Ensure: the learned model

1: Calculate the trading week code, stock code, and stock value code
respectively according to Egs. (1), (3), and (4);

2: Calculate the latent space features according to Eq. (14);

3: Calculate the low-level temporal features using overlapping segmen-
tation LSTM Method according to Egs. (7) and (8);

4: Calculate the high-level temporal features to get the final stock rep-

resentation embedding e* according to Eq. (14);

: Calculate the classification confidence by Eq. (15);

: Calculate the perturbation sample according to Eq. (18);

7: Calculate the final training loss of Adv-SHNets according to
Eq. (19).

8: Propagate the network backward according to loss L and update the
model parameters.

AN

4 Performance analysis

Here, we design a number of experiments to address the 3
research questions as follows:

e RQI1: How does the performance of our proposed meth-
ods, Adv-SHNets, compare to various state-of-the-art
methods?

e RQ2: According to the discussion in the introduction of
this paper, Adv-SHNets adopts a segmentation hierar-
chical structure that conforms to stock time-series data,
making it easier to obtain features. How does it accelerate
the training process?

e RQ3: What impact do different components have on the
resilience of our proposed Adv-SHNets?

4.1 Experimental setup
4.1.1 Datasets

The experiments conducted in this paper employed the
ACL18 [13], KDD17 [47], shangha_50 and shenzhen_50
datasets for evaluation. These datasets were chosen because
they are publicly available and widely used in studies related
to stock market applications [3, 18, 27, 28, 44]. They also
represent diverse stock types and market conditions, which
helps to validate the robustness of Adv-SHNets across vary-
ing economic environments.

The ACL18 data comprises historical data spanning from
2014-01-01 to 2016-01-01 for 88 high-trade-volume stocks
from various sectors such as technology, finance, and con-
sumer goods in the NASDAQ and NYSE markets, covering
a period of relative post-crisis stability. Following [3], the
ACLI18 data are partitioned into training (2015-01-01), vali-
dation (2015-08-01 to 2015-10-01), and testing (2015-10-01
to 2017-01-01) sets along the temporal dimension. On the
other hand, KDD17 includes a longer history from 2007-01-
01 to 2016-01-01 for 50 high-volume stocks from similar US
markets, encompassing volatile conditions such as the 2008
financial crisis and subsequent recovery phases, thus includ-
ing bull, bear, and crisis market scenarios. It is split along
the temporal dimension into training (2015-01-01 to 2015-
01-01), validation (2015-01-01 to 2017-01-01), and testing
(2016-01-01 to 2017-01-01) sets.

Meanwhile, the Shanghai_50 and Shenzhen_50 datasets
comprise historical price data from 2019 to 2025 for 50 rep-
resentative stocks listed on the Shanghai and Shenzhen stock
exchanges in China, sourced from EastMoney. These datasets
contain approximately 1,500 data points.

Following the works in [3, 27], we used the features listed
in Table 1, and the negative or positive label is calculated
according to Eq. (1).

@ Springer
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4.1.2 Metrics
Consistent with prior studies on stock movement prediction

[3, 27], we employ two standard metrics to assess the pre-
diction performance as follows:

e Matthews Correlation Coefficient (MCC):

C— tp Xxtn— fpx fn
— Jap + fp)ap + fp)an + fp)an + fn)’

The Harmonic Mean of Precision and Recall (F1 Score):

Precision - Recall

F1 Score =2 - — )
Precision + Recall

e The Area Under the Receiver Operating Characteristic
Curve (ROC_AUCQC):

t f]
TPR= P2 FPR=_ 2
tp+fn fp+tn
e Accuracy (ACC):
t t
Acc ptm

=tp+fn+tn+fp’

where tp, tn, fp and fn represent the true positives, true
negatives, false positives, and false negatives on test exam-
ples, respectively. Precision = ; ffp , Recall = ; _’f —. The

higher the values of MCC, F1 Score, ROC_AUC and ACC
are, the better the prediction effect is.

4.1.3 Baselines

We benchmark Adv-SHNets against the following baseline
methods for SMP.

e LSTM [48] is a very basic model for SMP. We selected
it because Adv-SHNets is an LSTM-based model.

e ALSTM [20] is an LSTM-based model and uses the tem-
poral attention mechanism, which is also used in our
proposed methods.

e LSTM_GCN [49] is a model for stock price prediction
using knowledge-incorporated graphs to capture stock
relationships and capital flows.

e StockNet [13] used variational autoencoders to encode
stock movement and the media text information as latent
probabilistic vectors, which is a relatively new method.

e StockFormer [50] used wavelet transforms and self-
attention to predict stock returns and trends with enhanced
accuracy in volatile markets.

e Adv-ALSTM [3] trains ALSTM with adversarial data to
enhance the robustness of SMP. It is chosen as a baseline

@ Springer

due to the shared utilization of adversarial data in Adv-
SHNets.

e IDTLA-2S [44] is a recently proposed transfer learning
model incorporating an attention mechanism, serving as
another baseline method for comparison.

4.1.4 Other settings

We implement Adv-SHNets using PyTorch and optimize it
with mini-batch Adam. The batch size and the initial learn-
ing rate are 1024 and 0.01, respectively, which follow the
approach used in Adv-ALSTM [3]. In order to make the
results fair and credible, all experiments are conducted dur-
ing the training process on the validation set so that the model
with the best results is saved and used for testing on the
test set. The hyperparameter in Eq. (18) is Buqy = 1.0.
The loss function hyperparameter in Eq. (19) is @ = 0.1.
The latent dimension is D = 16 in ADV-SHNets. And the
hyperparameter y in Eq. (19) is 0.6. For the history length T
and segmentation number Ny, = &, overlapping length
lovertap in Eq. (6) are selected via grid-search within the
ranges of [10, 30], [2, 4] and [1, 3], respectively. We can find
that the Adv-SHNets model is sensitive to these parameters,
as shown in Fig. 6.

4.2 Prediction performance comparison RQ1

Table 2 presents a comparison of various methods based on
Acc and MCC metrics, with bolder fonts indicating superior
performance. It is evident from Table 2 that:

e Adv-SHNets obtains the best results on both datasets
under all evaluation metrics, and compared to Adv-
ALSTM testing on database ACL18 (KDD17), itimproved
the accuracy by 12.07% and 203.35% (5.97% and
307.35%), both of which were modeled by time-based
LSTM and adversarial training. This fully proves the
effectiveness of the method proposed in this article.

e Compared with the latest method IDTLA-2S, Adv-
SHNets is also competitive, with an accuracy improve-
ment of 2.48% and 13.04% on the ACL18 database.

e ALSTM, LSTM, and Adv-SHNets models are all based
on LSTM methods. However, in some cases, ALSTM
accuracy does not have an advantage compared to LSTM,
while Adv-SHNets has a significant improvement com-
pared to those, indicating that attention needs to be
obtained by semantics, which does not have an advantage
for single-time step attention. This fully demonstrates
that a single stock time step does not have sufficient infor-
mation content.

e Adv-SHNets and Adv-ALSTM exhibit notable enhance-
ments compared to StockNet, which incorporates the
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Table 2' Performance Methods ACL18 KDD17

?gg?gf‘é‘;;lg;_‘;g];ii’ MCC  Flscore ROCAUC ACC  MCC  Flscore ROCAUC ACC

Shenzhen_50 datasets. Bolded LSTM 00022 00212  0.5243 0.6550 0.1763 04155  0.6179 0.6050

metrics indicate the best

performance. while underlined ALSTM 00142 0.0299  0.5254 06554 0.1783 04325  0.6235 0.6057

metrics indicate the second-best LSTM_GCN  0.0635 0.2264 0.5354 0.6384 0.1851 0.4586 0.6368 0.6170

performance StockNet 0.0187  0.1045 0.5113 0.5283 0.0183 0.4513 0.5109 0.5193
StockFormer  0.0677  0.4852 0.5485 0.5339 0.0961 0.4165 0.4289 0.4537
Adv-ALSTM  0.0626  0.4486 0.5301 0.5304 0.0204 0.4131 0.3972 0.5094
IDTLA-2S 0.1680  0.3059 0.4891 0.5800 0.1566 0.3841 0.5103 0.5455
Adv_SHNets 0.1899 0.4542 0.5262 0.6587 0.1925 0.4603 0.6319 0.6114
Methods Shanghai_50 Shenzhen_50

MCC Flscore ROC AUC ACC MCC Fl score ROC AUC ACC

LSTM 0.1016  0.5939 0.5641 0.5546  0.0928 0.6175 0.5302 0.5604
ALSTM 0.1017  0.5948 0.5625 0.5548 0.0972 0.6234 0.5406 0.5556
LSTM_GCN  0.1287 0.6221 0.5852 0.5701 0.1072  0.7103 0.5673 0.5749
StockNet 0.0130  0.3649 0.5047 0.5215 0.0850 0.4279 0.4973 0.5049
StockFormer  0.0584  0.5166 0.5420 0.5291 0.0570  0.4682 0.5295 0.5328
Adv-ALSTM  0.0518 0.4967 0.5364 0.5029 0.0532 0.4363 0.5123 0.4986
IDTLA-2S 0.0626  0.4326 0.4262 0.4084 0.0269 0.3411 0.4577 0.4367
Adv_SHNets  0.1301 0.6443 0.5926 0.5730 0.1169 0.7388 0.5922 0.5858

stochastic nature of stock inputs with VAE and Adv-
ALSTM. This improvement is attributed to the consid-
eration of the inherent randomness in stock data by both
methods.

In summary, the superior ACC and MCC of Adv-SHNets
result from its hierarchical LSTM and adversarial training.
These address the limitations of baseline models by cap-
turing multi-scale dependencies and enhancing robustness.
The hierarchical LSTM effectively handles non-stationarity,
achieving faster loss reduction, and demonstrates significant
performance drops when the high-level LSTM is removed.
Adversarial training improves the MCC by perturbing the
embeddings to counteract randomness; this is in contrast
to non-adversarial methods. This synergy ensures consistent
performance gains across datasets, thus validating the con-
tributions of these components to improved convergence and
generalization.

4.3 Hyperparameter sensitivity experiment RQ1

To evaluate the robustness of the model, we performed
a sensitivity analysis on the key hyperparameters Ny, and
overlap. We assessed their impact on ACC using the ACL18
dataset. This helps to identify optimal ranges and potential
vulnerabilities.

As shown in Fig. 6, when T is fixed at 20 and overlap is
set to 3, the accuracy (ACC) increases from 0.55 at Ny, = 1

(single-layer LSTM) to 0.58 at Ny, = 2, remains at 0.57 for
Nieg = 3, and decreases to 0.54 at Ny, = 4. Moderate seg-
mentation (2-3) captures hierarchical dependencies, whereas
excessive segmentation (>3) fragments the data, disrupting
continuity and upper LSTM fusion.

With T = 20 and Ny = 2 fixed, the ACC increases from
0.53 at overlap = O (continuity loss) to 0.58 at Overlap = 3,
with values of 0.55-0.57 for overlap = 1-2. Adequate Overlap
ensures smooth segment transitions and stronger low-level
features, whereas insufficient overlap reduces robustness.

Overall, Adv-SHNets is sensitive to temporal parameters,
reflecting the complexity of stock data. However, it remains
robust within grid-searched optima. Performance gradually
deteriorates beyond this, which can inform deployment via
prioritized temporal tuning on non-stationary data. Referring
to Fig. 6 provides the detailed sensitivity analysis of hyper-
parameters Ny, and overlap.

4.4 Training trajectories of Adv-SHNets RQ2

This section will verify the impact of time hierarchical struc-
ture on the model training process, by comparing LSTM and
Adv-LSTM models based on the same LSTM structure. The
loss of the models on the training set and the accuracy on the
validation set as the training progresses are shown in Fig. 7
From Fig. 7, we can see that as the training progresses,
all models converge and their accuracy on the validation set
gradually improves. However, the training losses of LSTM
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Fig.6 When we fix Ny =2
and Overlap = 3, the change of
Acc with history trade window
length on ACC18 dataset
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Fig. 7 The training trajectories of LSTM [20], Adv-ALSTM [3], and Adv-SHNets on the dataset ACL18 and KDD17. The left two figures show
the training Hinge Loss [18] on the training set, while the right two figures show the accuracy on the validation set as training progresses

and Adv-ALSTM models on the training set no longer con-
tinue to decrease when they decrease to 0.89—0.85. This
situation has been greatly improved in Adv-SHNets, where
training losses have decreased throughout the training pro-
cess, from 1.1t00.73. We believe this is because Adv-SHNets
can more fully obtain information from stock data, especially
the hierarchical structure information in stock data.

4.5 Ablation experiment RQ3
Ablation experiments are conducted in this section to

assess the impact of each component in the Adv-SHNets
framework through five variants:

@ Springer

e wo overlap: Adv-SHNets without overlap in Eq. (6),
which means that the temporal correlation of features
obtained through the underlying LSTM is weakened;

e wo HLSTM: Adv-SHNets without high-level LSTM,
which means that we change Eq. (14) to ¢ = FC(X%);

e wo Adv: Adv-SHNets without the adversarial training;

e wo attn: Ad-SHNets without the segmentation attention
mechanism, which means that we change Eq. (13) to
X% = batchnorm(concaty, Wi X5).

In this segment of the experiment, we evaluate it on
the ACL18 and KDD17 databases, maintaining the same
experimental parameters as detailed in subsection 4.2. The
experimental results are shown in Fig. 8. It can be seen from
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Fig.8 Recognition accuracy of

Ablation on the ACL18 database

Ablation on the ACL18 database

different methods on the dataset
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Ablation on the KDD17 database
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Fig. 8 that adv-SHNets outperform wo overlap, wo HLSTM,
wo Adv, and wo attn in most cases, which indicates the
effectiveness of these components of our proposed methods,
and upon removing the overlap in the segmentation LSTM,
there is a significant decline in the model’s performance. This
underscores the importance of preserving the continuity of
low-level LSTM temporal features; when the segmentation
attention mechanism is removed, the adv-SHNets obviously
decrease, which fully illustrates the imbalance of low-level
temporal feature information; and when both adversarial
training and the high-level LSTM are omitted, there is a
noticeable decrease in performance. This substantiates that
our adversarial training and the design of multi-layer LSTM
are indeed robust to stock noise, contributing to enhanced
accuracy in SMP.

5 Conclusion and future work

This paper introduces Adv-SHNets, a novel, deep learning-
based approach for predicting stock movements. The pro-
posed method effectively processes temporal information
using a hierarchical LSTM and overlapping segmenta-
tion, while incorporating adversarial learning techniques.
The hierarchical LSTM excels at capturing multi-scale
dependencies and addressing semantic limitations and non-
stationarity, resulting in faster convergence and higher
accuracy. Adversarial training enhances robustness to ran-
domness, as demonstrated by ablation studies and training
trajectories. This enables consistent outperformance on real-
world datasets without the need for additional data. Adv-
SHNets can solve the problem of previous SMPs neglecting
insufficient information in a single step when extracting fea-
tures and can fully extract time hierarchy information.

To improve the effectiveness of the proposed method,
we will enhance its adaptability to more complex stock

wo Adv wo attn Adv_SHNets wo HLSTM

method

wo over lap wo Adv wo attn

market prediction scenarios by incorporating multiple data
sources and refining the model architecture. Specifically, we
intend to integrate textual information, such as financial news
and social media sentiment, using existing SMP methods to
improve the accuracy of stock movement predictions. Addi-
tionally, we plan to explore advanced attention mechanisms
to better capture temporal and contextual dependencies in
volatile market conditions. Another approach is to develop
hybrid models combining hierarchical LSTMs and graph
neural networks to model inter-stock relationships and mar-
ket dynamics more effectively. Finally, we will investigate
applying reinforcement learning techniques to enable the
model to dynamically adjust its decision-making process,
thus optimizing predictions in real-time trading environ-
ments.
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