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ABSTRACT
We introduce a noise-robust multimodal model of stock prediction that combines graph neural networks (GNNs) and
temporal attention processes as it copes with the problem of adversarial noise in financial statements. The suggested
approach generates a time-varying financial graph on which to model relations between stocks and introduces a latent
controlled break to both graph edges and the news embeddings to explore the noise in the real world. These perturbed
inputs are then filtered by a dual attention filtering mechanism, where a graph attention network learns to acquire
spatial dependencies and a transformer-based encoder is trained to learn temporal patterns in the news information. In
order to promote robustness, we propose a cross-attention consistency loss that matches the differences between
attention weights in clean and adversarially perturbed inputs, which reduces the influence of noise. The filtered news
and graph are combined through a gated layer and input into a temporal convolutional network to make sequential
predictions. Our method is a unique way to both perform adversarial training and align cross-modal attention, which
provides stronger resistance to noise than the approaches that consider these factors independently. Based on
experimental findings, it has been shown that the framework has a high forecasting performance with a stable behavior
in a noisy environment and, therefore, is especially appropriate in practical real-world financial settings where data
quality tends to be compromised. The combination of dynamic graphs learning and adversarial robustness makes our
work unique compared to the previous ones, as it can offer a complete solution to multimodal stock forecasting.
Keywords: Multimodal stock forecasting, Graph Neural Networks, Adversarial Training, Attention Mechanism,
Financial Time Series, Noise Robustness.
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1. Introduction with success only achieved through making decisions
The problem of stock market forecasting in financial based on predicted future outcomes by models that, in
analytics has been a longstanding thorn in the side, turn, need to capture both the temporal price dynamics
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and the relationship between stocks and the external
market. The convergence of traditional methods, such
as the ARIMA [1], and the machine learning models,
such as the SVMs [2], has not been that successful, as
they fail to identify the nonlinear dependence of high-
dimensional financial data. With the development of
deep learning comes more advanced methods, such as
recurrent neural networks (RNNs) [3] and their
modifications, such as LSTM [4], which are more
capable of addressing sequential patterns between
stock prices. However, these strategies often fail to
capture the multidimensional nature of the financial
market, where the textual news, sentiment in the social
media, and stock relationships are all in concert to
influence prices.

The latest developments in graph neural networks
(GNNs) [5] have allowed modeling inter-stock
relations as time-varying graphs, and how asset market
dynamics are spread out by market movements.
Mechanisms of attention [6], at the same time, have
been proven useful in the process of revealing
important temporal patterns of both price sequences
and news embeddings. These innovations have
enhanced the accuracy of the forecasts; however, they
are still susceptible to noise, which is common in the
real-world financial data, in which sentiments of news
can be ambiguous, and stock correlations can change
at any time without any forewarning. Adversarial
training [7] has been introduced as a promising
solution that can be used to improve model robustness,
but current models usually address a single channel or
address noise contributors one at a time.

We present a new design that overcomes these
limitations by providing three important innovations.
In the first step, we train a noise-insensitive temporal
attention layer, which simultaneously receives both
stock price history and news embeddings but is
resilient to adversarial noises. It is a layer that
combines with a GNN-based architecture and learns
spatial (inter-stock) and temporal dependence.
Second, we propose a focused adversarial training
pipeline, which produces perturbations that imitate
real-world noise dynamics in financial networks and
textual data. Our method is the first to be used to
achieve a specific vulnerability in multimodal feature
fusion, unlike the previous one, which implements
generic adversarial noise. Third, we convert a dual
attention filtering mechanism, which constrains the
consistency between the attention weights of the

model on clean and perturbed inputs to be relatively
less over-reliant on noisy features.

The proposed approach has a number of strengths
compared to the current methods. It is capable of
performing adversarial and multimodal learning,
surpassing maybe the performance of approaches that
consider the two separately, i.e., to apply the GNN-
only approach [8] or to use unimodal adversarial
training [9]. Attention alignment mechanism offers
interpretability by unfolding the temporal and spatial
features that the model is the most confident in, in the
presence of noise. Moreover, our end-to-end
architecture will do away with the requirement of
preprocessing news data or manual graph
construction, as can be observed in recent studies of
dynamic graph learning [10].

The rest of this paper will be structured as follows:
Section 2 conducts a review of related research carried
out in the fields of multimodal stock forecasting and
adversarial robustness. The problem is formalized in
Section 3, and the background about GNNs and
attention mechanisms is presented. Section 4 describes
our architecture and methodology proposal. The
results and analysis of the experiments were provided
in Sections 5 and 6, with discussion and conclusion in
Sections 7 and 8.

2. Related Work

2.1 Graph-Based Stock Forecasting

GNNs have recently been developed, which has made
it possible to model complex inter-stock relationships
to predict the financial future. The initial methods
involved a fixed correlation graph [11], and the edges
had a fixed statistical value among stocks. However,
these methods were not suitable for capturing
dynamism in market interactions. Subsequent work
suggested networks of temporal graphs [10], which
calculated edge weights on the basis of rolling window
correlations, and which are more effective in volatile
market contexts.

The accuracy of stock prediction has also been
enhanced through mechanisms of attention, as well as
GNNs. As an example, [12] developed a spatio-
temporal graph attention network, which learned both
spatial and temporal dependence patterns. Though
successful, they generally used individual stock data
and no external market indicators.

2.2 Multimodal Financial Forecasting

Multimodal solutions have also become popular
through integrating price information and other
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sources of information, such as news and social media.
An attention-based fusion mechanism to predict stock
movement was proposed by [13]; their model did not
explicitly model the relationship between stocks.
Other more recent papers [8] created a multi-modality
GNN that concurrently trained price graphs with news
embeddings, with better performance compared to
unimodal baselines.

One of the main problems with multimodal forecasting
is noise robustness because text data normally includes
irrelevant or misleading data. Other systems [14] used
event extraction to select news, but this demanded
handcrafted rules and domain knowledge.
Hierarchical attention was used by others [15] to
provide weights to informative signals, but did not
explicitly model the adversarial noise.

2.3 Adversarial Robustness in Financial Models
The idea of adversarial training has been pursued to
enhance the stability of a model to input perturbations.
In traffic prediction, [16] established that adversarial
training had the capability of improving the robustness
of spatio-temporal graphs. This was used for progress
management on the construction progress [17], where
noise in the data occurs.

In the case of financial applications, [ 18] demonstrated
that adversarial training enhanced prediction accuracy
in the stock market in noisier conditions. Nevertheless,
they only used price information and did not take into
consideration multimodal noise. More recent sensor
fusion publications [19] have shown interest in cross-
modal robustness, but there is a lack of thorough
investigation in financial settings.

2.4 Comparison with Proposed Method

The current approaches concentrate on one (e.g., graph
learning or adversarial training) or isolate noise
sources. We present the first-of-a-kind approach by
combining three essential elements: (1) dynamic graph
learning to learn inter-stock relationships, (2) cross-
modal attention to fuse news and prices, and (3)
adversarial training with attention consistency to
obtain a robust approach. In contrast with [8], which
considers modalities independently, our dual attention
system is enforced with a joint noise invariance.
Besides, whereas [18] trains adversarial modeling on
price data solely, our framework trains adversarial
modeling on both graph and news embeddings,
targeting a wider set of real-world noise.

The offered approach pushes the state of
understanding forward by integrating these aspects

into a single end-to-end unit, where noisy filters or
manual post-hoc enhancements are necessary. This is
because this holistic solution makes our work stand
out to what has been done previously on the same
solution which can enable it to tackle these challenges
individually.
3. Background and Preliminaries
To establish a background for our proposed
framework, we get started by formalizing the most
critical notions and mathematical models of
multimodal stock forecasting with adversarial
robustness. This chapter contains the key building
blocks, and their importance to the financial time
series analysis is outlined.
3.1 Financial Graph Representation
The use of graph representations of inter-stock
relationships offers a natural context in which market
dynamics can be modeled. Given a set of N stocks, we
represent their correlations as a dynamic graph G, =
(V,E, Ay) at time t, where V denotes the nodes
(stocks), E, the edges (relationships), and A, € RV*VN
the adjacency matrix. The edge weights A, ;; typically
reflect statistical dependencies like Pearson
correlation or mutual information between stock pairs
(i,j) over a lookback window [11].
cov(p;, Pj)
tij = "o o (1
pi9p;j
where p; and p; denote price sequences, cov
represents covariance, and o represents standard
deviation. Recent efforts have generalized this to
dynamic graphs in which the weights of edges change
with the market conditions [10].
3.2 Graph Neural Networks for Financial Data
GNNs operate by aggregating information from
neighboring nodes through message passing. For a

stock v;, its representation hgl) at layer | is updated as:

h® = o wo Z ai(]l_) h]gz—l) @)
JEN(D)

where N'(i) denotes neighbors, W® learnable
weights, o activation function, and «;; attention
coefficients [12]. In financial contexts, this allows
stocks to influence each other based on their
correlation strength.
3.3 Temporal Attention Mechanisms
For sequential price data X, € R4 (T timesteps, d
features), attention mechanisms compute importance
scores across time:
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B, = softmax(qTtanh(WX, + b)) (3)
where g, W, b are learnable parameters. The context
vector ¢ = Y., ; X, then focuses on relevant historical
patterns [6]. This proves particularly useful for
identifying critical market events in volatile periods.
3.4 Adversarial Noise in Financial Data
Financial data is afflicted by two main noise sources:
structural noise of graph edges (e.g., spurious
correlation) and semantic noise of news/text data (e.g.,
ambiguous sentiment). Adversarial training injects
controlled perturbations § during training to improve
robustness:

6" = arg”mmfisgﬁ(fe x+8),y) D

where f is the model, £ the loss function, and € the
perturbation budget [7]. Unlike computer vision,
where noise is often pixel-level, financial
perturbations must preserve meaningful economic
relationships.
3.5 Multimodal Fusion
Combining graph (G) and news (N) modalities
requires careful alignment of their feature spaces. A
gated fusion mechanism can adaptively weight each
modality:
z = o(W[hg; hy] + by)

husion =2 O he + (1 =2) O hy  (5)
where hg,hy are modality embeddings, W, b,
learnable  parameters, and ( element-wise
multiplication [8]. This allows the model to emphasize
more reliable signals under noise.
These building blocks are the pillars of our
adversarially robust spatio-temporal model, which
will fuse them in new forms of attention and training
as will be described in the next section.
4. The Proposed Methodology
The proposed framework contains different varieties
of noise-resistant stock projections and includes an
internal architecture of graph-structured stock links as
well as temporal news embeddings. The system, as
depicted in Figure 1, is composed of three pillars that
drive spatial dependencies, temporal patterns, and that
is a graph attention network, a transformer-based
encoder, and a dual attention filtering mechanism,
which make the system resistant to adversarial noise.
The specifications of each part are discussed in the
subsequent subsections.

( Clean Inputs. " (Phase 1: Adversarial Example Generation (PGD Attack)

| Compute Graph Pertubed Adap
@‘ ﬁﬂ\lﬁ Perturbation &, (Eq. 6) Grapl — g
Fnancial  StockPrice _ News Compute News Perturbed News __, (] (=<
| ‘GlaphG FeaturesX, EmbeddingsX,| | \Perturbation 3y (Eq.7) 5 2 \’\’

e

Graph Attention Network (S i Cross-Modal
i > Fusi

Prediction Head
Ea'15)

rocessing

multimodal stock forecasting system
4.1 Formulation of Dual Attention Filtering and
Adversarial Perturbation
The proposed dual attention mechanism processes
both clean and adversarially perturbed inputs through

parallel pathways to achieve noise-invariant feature
extraction. Let G = (V,E,A) denote the financial
graph where V represents stocks, E edges, and A €
RYN' the adjacency matrix with elements A;;
indicating correlation strength between stocks i and j.
For each stock v;, we have a temporal feature
sequence X; € R™*¢ and corresponding news
embeddings H; € R, where T is the time window
length, d the price feature dimension, and k the news
embedding size.
The adversarial perturbations are generated through
projected gradient descent (PGD) attacks on both
graph structure and news features. For graph edges, we
compute the perturbation §,, as:

8y = e(VaL(fo (A, X, H),y)) (6)
where II. projects the gradient to the £.-ball with
radius €, fy is the forecasting model, and y is the target
price movement. Similarly, news embedding
perturbations &, follow:

8n = N (VuL(fo(A X, H), ) (7)
These perturbations are designed to maximally
degrade forecasting performance while remaining
within realistic noise bounds. The perturbed adjacency
matrix A = A + §,, and news embeddings H = H +
6, then serve as adversarial counterparts to the clean
inputs.
The dual attention mechanism processes both clean
and perturbed inputs through shared-weight graph
attention layers. For the clean graph, node
representations Z are computed as:

a;j

3 exp(LeakyReLU(a’ [Wz; || Wz]))
B 2ken(i) exp (LeakyReLU(a” [Wz; || Wz, ]))

®)
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Zp =0 Z a;; Wz; )
JEN (D)
where W is a learnable weight matrix, a attention
parameters, and NV (i) denotes neighbors of node i.
The same attention mechanism processes perturbed
inputs A and H to produce Z, with attention weights

a; je
The cross-attention consistency loss enforces
similarity between clean and adversarial attention

distributions:
1 B 1
Leonsist = mz KL (ai]' II aij) + TZ KL (ﬁt
ij t

1B (10)
where 8, and f3, are temporal attention weights for
clean and perturbed news sequences, respectively, and
KL denotes Kullback-Leibler divergence. The loss
term is a loss term that punishes large attention pattern
deviations due to adversarial noises, and stimulates the
model to preserve consistent ranks in feature
importance.
4.2 Noise-Invariant Temporal Attention Layer and
Architecture
The noise-invariant temporal attention layer processes
both stock price sequences and news embeddings
while maintaining robustness against adversarial
perturbations. Given a stock’s historical price features
X, € R? and corresponding news embedding h, € R¥
at time t, we first project them into a shared latent
space:
u; = ReLU(W,x, +b,) (11)
v, = ReLUW;h, + b)) (12)
where W, € R™*4 W, € R™* are learnable
projection matrices, and m denotes the hidden
dimension. This alignment enables cross-modal
interaction while preserving modality-specific
characteristics.
The temporal attention mechanism then computes
importance scores across the sequence:
e = q tanh(W,[u, Il vi] +bg)  (13)
exp(e;)
= (14)

Yj-1exp (e)
where W, € R™*2™m  q€R™ are attention
parameters, and a, represents the attention weight for
time step t. The context vector aggregates information
across the sequence:

t

T

c= a @ +v) (15

t=1
To enhance noise robustness, we introduce a gating
mechanism that dynamically reweights the
contributions of price and news features:
gt = U(Wg[“t lve] + bg) (16)
fi=9.0u+(1-9)Ov, (17)

where W, € RP?™ and ¢ denotes the sigmoid
function. This allows the model to suppress noisy
components in either modality while preserving
informative signals.
The final architecture integrates these components
through the following steps:

1. Graph Attention Processing: The GNN
layer from Equation 8-9 processes both clean
and perturbed graph inputs, producing node
representations z; and Z;.

2. Temporal Attention Encoding: For each
stock, Equations 11-17 process its price
sequence and news embeddings through the
noise-invariant attention layer, yielding
temporal representations f; and f;.

3. Cross-Modal Fusion: The graph and
temporal features are combined via:

r; = MLP([z; Il f;]) (18)
where MLP denotes a multilayer perceptron.

4. Adversarial Consistency: The model
computes the consistency loss (Equation 10)
between clean and perturbed pathways to
enforce noise-invariant attention patterns.

5. Prediction Head: The fused representation
I; passes through a temporal convolutional
network (TCN) [20] for final price movement
prediction:

9: = TCN(ry) (19)

The complete model is trained end-to-end using a
combined loss function:

L= Lpred + ALconsist (20)
where L,,,.q measures forecasting error and A controls
the robustness-accuracy trade-off. This architecture
enables simultaneous learning of spatial stock
relationships, temporal patterns, and cross-modal
interactions while maintaining stability against
adversarial noise.
4.3 Unified Adversarial Training Process
The adversarial training pipeline jointly optimizes
forecasting accuracy and robustness through a three-
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phase procedure that alternates between perturbation
generation, attention alignment, and model parameter
updates. Let 8 denote all trainable parameters in the
model, including graph attention weights W, temporal
attention parameters ¢, and fusion layer weights W,.
Phase 1: Adversarial Example Generation
For each mini-batch of clean inputs (4,X,H), we
compute targeted perturbations following Equations 6-
7. The perturbation budget € is adaptively adjusted
based on the model’s current robustness:
€ = €max * min(l,L) (21
warmup

where t is the training step, Tyyamyp 1S the warmup
period, and €,,,, is the maximum allowed perturbation.
This curriculum learning strategy gradually increases
noise intensity, allowing the model to first learn stable
patterns before handling stronger adversarial
examples.
Phase 2: Attention Consistency Optimization
The model processes both clean and perturbed inputs
through parallel pathways to compute the consistency
loss Lignsist (Equation 10). This loss term has two
components:

1. Graph Attention Alignment: The KL

divergence between clean graph attention

weights «a;; and perturbed weights &;;

j ij
ensures stable neighborhood aggregation
regardless of edge noise.

2. Temporal Attention Alignment: Similarly,
the divergence between clean temporal
attention B, and perturbed attention J,
maintains consistent focus on important time
steps under news embedding noise.

The gradient of L, With respect to 8 updates the

model to reduce attention weight discrepancies:

1

vG‘l:consist = mz VG I{L(aij

Lj

1

@)+ ) Vo KLG,

t

I8 (22)

Phase 3: Joint Parameter Update

The total loss combines prediction error and
consistency terms:

B
1
Ltotal = EZ(yl - yi)z + /Lﬁconsist (23)
i=1

where B is the batch size, and A controls the
robustness-accuracy trade-off. The gradient update
follows:
0<0— nVGLtotal (24)

with learning rate 7. Crucially, the adversarial
examples A, H are recomputed at each step using the
current model parameters, creating a dynamic min-
max optimization:

mein"mmﬁxﬁ(fg (A+6,,X,H+6),y) (25
<€

The training alternates between these phases until
convergence, with the adversarial examples becoming
progressively more challenging as the model improves
its robustness. The gating mechanism in Equation 16-
17 automatically learns to downweight noisy
modalities during this process, as evidenced by the
gradient flow:

Lot

99:

This drives the gate values g, toward the modality
(price or news) that contributes more stably to the loss
minimization under perturbations. The complete
training procedure is summarized in Algorithm 1.
Algorithm 1: Adversarially Robust Multimodal
Training

X (ut - vt)vat‘Ctotal (26)

Input: Financial graph G, price features X, news
embeddings H, labels y

Parameters: Model weights 6, perturbation budget
€, trade-off A

1: for each training iteration do

2: Generate perturbations 6,,, 6, via PGD (Eq. 6-7)

3: Compute clean predictions § = fy(4, X, H)

4: Compute adversarial predictions § = fo(4 +

6w, X, H + 61)

5: Calculate L,oq =l y — 9 II?

6: Compute L,;: via Eq. 10

7: Update 6 « 0 — Vg (Lyreq + ALconsist)

8: Adjust € via curriculum schedule (Eq. 21)

9: end for

This model of training ensures the model can satisfy
three desirable properties: (1) clean data predicts price
change perfectly, (2) is resistant to adversarial
perturbations, and (3) attention migrations are stable
with noise level. The alternating clean/adversarial
pathway optimization is a regularization in order to
prevent overfitting to a nominal training distribution
or worst-case noise conditions.

1JDDT, Volume 16 Issue 29s, 2026 Page 742



Noise-Robust Multimodal Stock Forecasting via Attentional Adversarial Training with
Graph Neural Networks

5. Experimental Setup

To evaluate the performance of the proposed ARSTM
framework, we have performed a collection of
experiments in which it has been evaluated against
several state-of-the-art baseline models, and in both
clean and adversarial conditions. Here, this section
describes the datasets, evaluation metrics, baseline
model, and implementation details of the experiments.
5.1 Datasets and Preprocessing

The experiment has been conducted on three well-
known financial data sets, which have histories of
stock prices and a set of news stories related to these
stocks. CRSP-News [21] is a data set that is a
combination of stock data from CRSP and news data
from Reuters, 500 S & P stocks in the years 2010-
2020, with more than 1.2 million news data points.
The dataset FinText [22] concentrates on the Chinese
A-share market, which offers minute-level price data
of 300 stocks between 2015 and 2021, as well as
Chinese-to-English ~ translated ~ emotion-labeled
headlines. The StockNet dataset [23] offers price
information of 50 U.S. stocks, but combined with
Seeking Alpha articles between 2014 and 2016.

To preprocess, we use a 20-day rolling window to
compute 10 technical indicators (including RSI and
MACD) out of raw price data. FinBERT [24] with
English and Chinese FinBERT [25] as input is used to
transform news articles into 768-dimensional
embeddings. To form dynamic correlation graphs, we
first form the 30-day rolling Pearson correlations of
stock returns (over 30 days) and then threshold the
resulting correlation graph edges at |human| and set the
correlation threshold to > 0.3 to produce a sparse
graph. Data is divided into time in a way that there are
training (70 percent), validation (15 percent), and test
(15 percent) sets to avoid any temporal leakage.

5.2 Evaluation Metrics

We use three complementary evaluation metrics to
evaluate the predictive performance and robustness of
the proposed ARSTM framework: Directional
Accuracy (DA), Mean Absolute Error (MAE), and
Adversarial Robustness Score (ARS). These three
metrics are already established in the manuscript as the
reference point for comparing the performance of a
single or a group, in Section 5.2. The different metrics
attempt to capture various details of model behavior,
so they can be applied together and not separately. In
particular, DA assesses the ability of the model to
predict the right direction of stock movement, MAE

the closeness between the magnitude of the predicted
return and the actual one, and ARS the amount of
predictive information that is retained when the
adversarial perturbation is applied.
Directional Accuracy is applied to the aspect of the
forecasting behavior that is classification, which
means it is the predicted stock return of the same sign
as the actual return. It is computed as

DA =~3X. 1 (sign() = sign(y)) (27)
where N denotes the total number of test instances, J;
is the predicted return for the i-th sample, y; is the
corresponding ground-truth return, and I(:) is the
indicator of the following kind: 1 when the predicted
and actual directions are equal and 0 when not. In
experiments, the frequency of correct decisions of the
model (up-or-down) is measured by this metric, and it
is especially significant in the case of financial
forecasting, as real trading choices do not only rely on
the precise value of the price but also on the possibility
of making the right decision regarding the direction of
the market.
Mean Absolute Error is the measure of quality of the
regression model to determine how well the regression
works, and it is a value representing the average
deviation between the predicted and actual returns. It
is defined as

MAE = <3N, 19, -y (28)

This equation demonstrates that with each prediction,
the absolute value of the difference between the
predicted return and the actual return will be
calculated, and the overall MAE will be derived by
averaging the errors across all the samples.
Complementary to DA, in the experimental analysis,
MAE demonstrates the fact that the model is
numerically close to the true values of the returns even
when the directional prediction has been accurate. In
this way, DA represents the directional dependability,
and MAE determines accuracy in prediction.
To assess robustness in the presence of noisy and
adversarial examples, we also use the Adversarial
Robustness Score that quantifies the extent to which
the clean predictive quality is maintained post-attack.
It is given by

— 1 — IPActean—DAaav|
ARS =1 — (29)

where DA .., denotes the directional accuracy on
unperturbed test data, and DA,;, denotes the
directional accuracy under adversarial perturbations.
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This equation is put into practice by first assessing the
trained model using clean samples and attacked
samples. An ARS approaching one means that the
model retains almost the same directional performance
even in a state of attack, and the lower the number, the
bigger the degradation. Based on the configuration in
the manuscript, all metric values are averaged among
five random seeds to ensure consistent and reliable
comparison.

5.3 Baseline Models

We use the proposed ARSTM framework to compare
with six state-of-the-art baseline models in our
experiments. These baselines were chosen to be
representative of a range of techniques in the area of
multimodal stock forecasting. All the baseline models
are suitable to process price data or news data, but not
both, or adopt a different method of dealing with
adversarial noise.

Graph Attention Network (GAT) [26] is a graph
representation model that solely relies on price
correlation graphs. It taps into the graph attention to
learn spatial dependencies across stocks that only
target inter-stock relationships based on historical
price data. Although suitable in explaining stock
correlations, GAT fails to consider the multimodal
feature of the problem by disregarding news
information.

The Temporal Transformer model [27] runs price
sequences and news data in isolation. This model also
uses transformer-based self-attention to extract the
temporal correlation between stock price series while
also extracting the sentiment within news articles
separately. Nonetheless, it does not take the interaction
between stock prices and news as a first-order model,
but also fails to consider the adversarial noise that
potentially influences either of the modalities.

A more sophisticated model is the Multivariate Time-
series Graph Neural Network (MTGNN) [28], which
is able to take multivariate time-series data. It relies on
graph  neural networks (GNNs) to learn
interdependences among several variables, including
stock prices, and uses these interdependences in its
predictions. MTGNN is a new step since it already
uses graph-based learning, but it lacks explicit
adversarial noise treatment or multimodal data
integration, where ARSTM is perfect.

The Long Short-Term Memory (LSTM) architecture
[29] is an Adv-LSTM (Adversarial LSTM) model that
is trained wusing adversarial training on news

embeddings. It pays attention to enhancing resistance
to adversarial methods against the text modality (news
data). The latter, however, does not consider the
connections between stocks in graph structure and,
therefore, does not pool the entire complexity of
financial time-series prediction.

The Robust Graph Neural Network (RGNN) [30]
proposes a purification method in enhancing the
robustness of graph-based models. In particular, the
model is tailored to process noisy graph data by
cleaning up the graph structure to then learn.
Nevertheless, it not only lacks adversarial training, but
it also does not collectively process price and news
data in a multimodal manner, as ARSTM.

Finally, the Multimodal Graph Neural Network
(MAGNN) [31] combines price and news information
in a graph-based model. MAGNN trains integral
multimodal representations of stock price trends and
news embeddings, but does not involve the adversarial
training aspect. In the absence of this defense-in-
depth, it is impossible to use MAGNN to deal with
noise perturbations that ARSTM is specifically
created to counter.

All the baseline models are also being implemented
with approximately 1.5 million parameters to make
them comparable, and each of the models is being
trained according to the guidelines provided in their
respective papers. Comparing ARSTM with these
various models, we hope to show that it excels not only
in terms of accuracy in its forecasting but also in how
it withstands adversarial noise.

5.4 Implementation Details

The ARSTM framework is executed through the
PyTorch library of deep learning. A couple of
architectural options and training setups were selected
in order to make things work out. The Graph Attention
layer is made of two layers with 64 hidden units in
each of the layers. A LeakyReLU activation function
is used with a negative slope of 0=0.2. This enables
the model to deal with negative activations, which can
be used to prevent common problems, such as the
dying ReLU problem that may arise with traditional
ReLU activations.

In the case of the Temporal Attention mechanism, we
apply 4-head self-attention. The projections in the
attention mechanism have a dimensionality of 128.
This setup allows the model to learn both short and
long-range temporal correlations in stock price
sequences and news articles.
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Projected Gradient Descent (PGD) attacks are
performed to implement the adversarial training with
a perturbation budget €=0.1 and regularization
coefficient A=0.3. PGD attack is a method that binds
adversarial examples by introducing small
perturbations on the input data to achieve the
maximum prediction error by the model. The learning
rate of regularization A balances adversarial robustness
and prediction quality.

We opt to use AdamW with a 5x107* learning rate, a
batch size of 32, and early stopping to avoid over-
fitting. The model is trained with the help of NVIDIA
V100 GPUs, and each dataset takes around 6 hours to
train. Such setups guarantee effective learning and
strong performance.

5.5 Adversarial Attack Settings

To effectively evaluate the strength of the ARSTM
model, we model different adversary scenarios by
using three different attacks: Graph Attacks, Text
Attacks, and Multimodal Attacks. These attacks are
meant to cause distortion to the input data of various
types, which mimics the real world in adversarial
situations where the quality of data may be affected.
Graph Attacks are a perturbation of the stock
correlation graph. In particular, we use Projected
Gradient Descent (PGD) to readjust the edge weights
of the graph, and the perturbation budget of €=0.15.
This attack attacks relationships among stocks by
corrupting the correlation structure, which may have a
profound impact on the model in terms of the
correctness of the dependencies among stocks.
Measuring the performance of the model on such
attacks, we measure the effectiveness of the model
when there are adversarial perturbations on the stock
correlation graph.

Text Attacks, however, entail the insertion of noise to
the news embeddings, which consists of making
synonym replacements in the text. The degree of
perturbation is governed by the value €=0.1 that varies
the extent of change imposed on the text data. This
form of attack is relatable to real-life situations in
which news stories can have ambiguous, misleading,
or irrelevant criteria that can skew the model's
perception of the sentiment or content. We evaluate
the strength of the model under perturbation in the
textual data by performing the syllabic substitution of
its synonyms, which is especially significant in
financial forecasting, where news sentiment is
important.

Lastly, Multimodal Attacks entail the combination of
Graph and Text Attacks, which is a more complicated
adversarial environment. The news embeddings and
the graph structure are both perturbed in this case. This
tendency of the attack can be especially difficult in
order to take advantage of many different modalities
simultaneously and imitate conditions closer to reality,
where both news data and stock data can be distorted.
An assessment of the model in multimodal attacks
enables us to check the extent to which ARSTM can
be able to sustain performance in the presence of
adversarial noise across several data types, and this
indeed is a strong aspect of the framework.
In producing these adversarial examples, we will
employ the TextFooler [32] model of text-based
attacks and GNN-based attacks [33] of graph-based
perturbations. Those tools allow us to introduce
adversarial noise into both modalities with a controlled
degree of noise in a way that we can test the robustness
of ARSTM against a set of attack conditions
rigorously[34]. The comparison of the model working
in clean and adversarial conditions allows evaluating
its capacity to generalize and be stable even in the
conditions of noisy and misleading data or
intentionally manipulated data.
6. Results and Analysis
6.1 Forecasting Performance Under Clean
Conditions
We initially test the predictive performance of our
proposed ARSTM framework using baseline models
on clean, unperturbed test data to assess the predictive
accuracy of our proposed framework. Table 1 gives
the directional accuracy (DA) and the mean absolute
error (MAE) of all three datasets, which indicate
uniform improvement compared to the current
methods.
Table 1. Forecasting performance comparison on
clean test data

Mod CRS Fin Stoc CRS Fin  Stoc

el P- Tex kNe P- Text kNet
New t tDA New MA MA
sDA DA S E E

MAE

GA 061 058 0.59 0.021 0.02 0.02

T 2 4 8 4 31 27

Tem 0.62 0.60 0.61 0.020 0.02 0.02

pora 8 3 7 8 24 19

1
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Tran
sfor
mer
MT 0.64 0.61 0.62 0.020 0.02 0.02
GN 1 9 5 1 17 12
N
Adv 0.63 0.60 0.62 0.020 0.02 0.02
- 3 8 1 5 20 15
LST
M
RG 0.63 0.61 0.62 0.020 0.02 0.02
NN 7 4 3 3 19 13
MA 0.64 0.62 0.63 0.019 0.02 0.02
GN 8 7 4 8 13 09
N
AR 0.66 0.64 0.65 0.019 0.02 0.02
ST 7 3 2 1 06 03
M
(Our
s)

These findings show that there are some important
lessons. To begin with, ARSTM demonstrates much
better performance on all data sets with absolute
performance increases of 1.9-2.9% in DA and 4.3-
5.6% in decreasing MAE over the best performance
with MAGNN. This proves the benefit of collectively
identifying spatio-temporal relations to noise-
invariant attention systems. Second, graph-based
models (GAT, MTGNN, RGNN) tend to be superior
to sequence-only ones (Temporal Transformer, Adv-
LSTM), which proves the significance of inter-stock
dependencies. Third, the multimodal baselines
(MAGNN) perform better than unimodal baselines,
with our approach offering extra benefits with
integrated adversarial training and alignment of
attention.

Figure 2 shows that ARSTM attains such
improvements with stable optimization, as shown by
the training curves. In contrast to baselines whose
validation loss fluctuates, our model is able to attain
consistent convergence because of adversarial
training, which regularizes.

—— ARSTM (Ours)
MAGNN

— RGNN

—— MTGNN
GAT

—— Temporal Transformer

/\f/\/\[\\ AR M\A/\J

Figure 2. Change of total loss during model training
across different approaches

6.2 Robustness Under Adversarial Attacks

We then compare the model resilience to different

adversarial attacks, and quantify the performance drop
in terms of adversarial robustness score (ARS). Table
2 presents a comparison of ARSTM and baselines in
three attack conditions: graph perturbation, text
perturbation, or combined multimodal attack.

Table 2. Adversarial robustness scores (higher is
better)

Model Graph Text Multimodal
Attack  Attack  Attack ARS
ARS ARS
GAT 0.712 0.650 0.600

Temporal 0.660 0.685 0.640
Transformer

MTGNN 0.724 0.670 0.620
Adv-LSTM  0.690 0.703 0.680
RGNN 0.763 0.710 0.690
MAGNN 0.731 0.692 0.654
ARSTM 0.832 0.791 0.763
(Ours)

The results of these lead to several observations. To
begin with, ARSTM is much more robust than the
specialized baselines based on all of the attack types,
and 6.9-8.8 percent absolute improvements in ARS.
This confirms the usefulness of our dual attention
filtering system in keeping a stable prediction when
our predictions are challenged by noise. Second, there
are the most drastic performance reductions (mean
ARS decreases 12.7% relative to clean) when
multimodal attacks are involved, which indicates that
combined robustness is required among modalities.
Third, RGNN demonstrates that it is highly resistant to
graph attacks, but fails to address text perturbation, but
our integrated framework can be robustly balanced.

Figure 3 can be used to visualize the evidence of
stability of ARSTM providing the tightness of
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clustering near the desired prediction line in
adversarial conditions in comparison to baselines.

MAGNN ARSTM (Ours)
020

3
be ]
2o

o1 oo
‘Actual Price

Figure 3. Comparison between predicted and actual
stock prices under multimodal adversarial attacks

6.3 Ablation Study

In order to see the effect of each element of ARSTM,
we perform an ablation study, i.e. removing one of the

important components and quantifying the
performance change. The findings on CRSP-News
dataset under clean and adversarial settings are
presented in Tables 3.

Table 3. Ablation study (CRSP-News dataset)

Variant Clean  Multimodal ARS
DA Attack DA

Full ARSTM 0.667  0.609 0.763

w/o Adversarial 0.653  0.571 0.701

Training

w/o Attention 0.659  0.583 0.715

Alignment

w/o Gating 0.661  0.592 0.727

Mechanism

w/0 Graph 0.664  0.598 0.742

Perturbations

w/o Text 0.665 0.601 0.749

Perturbations

Several significant findings are found in the ablation
results. First, the largest drop in performance ( -7.1%
ARS) was obtained upon eliminating adversarial
training, which proves its essentiality in the
development of robustness. Second, the gap of
attention loss helps to keep the predictions stable, and
the absence of this gap leads to a decrease in ARS by
4.8%. Third, the gating mechanism has moderate and
stable (2.7-3.6% ARS improvement) benefits as it
proves effective in adaptive noise suppression. Lastly,
single-modality attacks are not as effective as
perturbing both graph and text modalities during
training, as is evidenced by the difference of 2.1-3.4%
ARS between complete ARSTM and variations with
either of the two perturbation forms removed.

6.4 Attention Pattern Analysis

In order to learn more about the noise resistance of
ARSTM, we study the changing of weight patterns of

the attention effects in adversarial states. Figure 4
shows the loss of cross-attention consistency between
clean and perturbed inputs between the various model
components.

030

Graph Attention 0,025 0.034 0.056 0.080 0.078 0.093

020

£ Temporal Attention 0074 0.087 0,093 0133 0143 0.168
g =
2 o
£ o
8 015 &
s 5

3

S
§
£ Gating Mechanism{ 0012 0.003 0012 0030 0034 0053

Cross-Modal Fusion 0.021 0.028 0.069 0.064 0.079 0.076

0.00
00 01 02 03 0.4 05
Perturbation Strength (€)

Figure 4. Loss in cross-attention sameness across the
elements of varying strength of perturbation.

There are some interesting trends shown in the
heatmap. To start with, the consistency of the graph
attention weights is higher (reduced KL divergence)
than temporal attention, as there are spatial
relationships between stocks that are more robust to
noise than time patterns. Second, the gating
mechanism attention has the least divergence,
meaning it is effective in eliminating noise elements.
Third, the loss in consistency expands sublinearly with
perturbation strength (x-axis), and this proves the
ability of the model to maintain fairly stable attention
distributions despite strong attacks.

6.5 Computational Efficiency

Although ARSTM has added constituents to ensure
robustness, its computational load is not too high.
Table 4 provides a comparison of training time,
training per epoch, and inference latency of models.
Table 4. Computational efficiency comparison

Model Training Time Inference
(s/epoch) Latency (ms)
GAT 42.7 8.2
Temporal 583 12.5
Transformer
MTGNN 51.6 10.1
MAGNN 63.4 13.8
ARSTM (Ours) 729 15.3

ARSTM is approximately 15-25% slower than
MAGNN, mainly because the adversarial example
generation and dual attention pathways are employed.
Nevertheless, the inference latency of 15.3ms is still
reasonable for practical real-time applications since
the stock prediction is often run on data measured at
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the level of minutes. The trade-off between the cost of
computation and improved robustness is justifiable,
bearing in mind that it has been ascertained that there
is a dire need to have reliable financial
forecasts[35][36].

ARSTM proves to perform well in noise-robust stock
forecasting as it can be used to forecast clean and
adversarial data. Persistent adversarial training, stock
prices, and news articles make it possible to greatly
improve the strength of traditional forecasting models
through ARSTM. Both graph and time noise give the
dynamic graph-based learning approach and dual
attention mechanism the capability to adapt the model
to maintain the same predictive results in the event of
an adversarial attack. This robustness allows applying
ARSTM to high-frequency trading environments,
portfolio risk management, and robo-advisory models,
where the quality of data can be varied. Additionally,
that it can accommodate noisy or incomplete data is
handy in new markets where data is not available.
[37][38]

7. Conclusion

The proposed ARSTM framework represents a
promising contribution to the positively sounding
forecasting noise fatigue, which incorporates
adversarial training and multimodal attention devices.
The model is also able to learn dynamic graphs, learn
cross-modal features, and is thus able to learn complex
market interactions and can learn realistic noise levels.
The rating by the dual attention filter mechanism
ensures that the rankings of the feature importance of
clean and perturbed input are similar, an undesirable
feature of existing financial predictors. The post
results of the experiments reveal promising outputs in
comparison to state-of-the-art baselines in certain
situations, such as adversarial situations, and the
traditional models do not address such situations.

The new architectural solutions, like a non-temporal
attention layer, which is noise-invariant, and cross-
attention consistency loss, provide indications on how
to create useful Al-based mechanisms in finance.
These components also enable the model to find an
escape from the noisy signals in an adaptive way and
retain informative patterns in the graph-structured and
sequential data. Another beneficial functionality is the
competence of the framework as the calculation cost
is equally ample and therefore, this can be readily
applied in a real-life scenario, albeit with a high cost
of robustness.

The constructed theories in this work will not only be
used in a variety of applications in stock prediction but
can also be applied in other types of finance, where the
problem at hand will be the quality of the data and its
immunity to noise. The success of the attention-
powered adversarial training provides a sneak preview
of future research in the domain of multimodal time
series analysis, particularly those that should be able
to work in such a hostile or hostile environment. Even
more applicability to financial systems on the practical
level may become even more achievable with a
balance of these techniques and the application of new
paradigms, such as reinforcement learning or
federated learning.

The stability of noise and the principle of saving the
predictive quality should be considered the primary
problems to be resolved, ARSTM is a huge step
forward towards a more realistic and dependable Al
model of financial decisions making. The framework
is also easy to work with a framework of confrontation
and this is why this model is a good framework that
can be altered by individuals working in a high
volatility market structure in which the classical
models may not always be suitable in generating good
results.
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