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Abstract

Systemic risk propagation in modern financial markets is characterized by non-linear con-
tagion and rapid topological evolution, rendering traditional static monitoring methods
ineffective. Existing Graph Neural Networks (GNNs) often struggle to capture “structural
breaks” during crises due to their reliance on static adjacency assumptions and isotropic
aggregation. To address these challenges, this study proposes the Temporal Attentive
Graph Networks (TAGN), a dynamic framework designed for extreme volatility prediction
and financial surveillance. TAGN constructs an incremental multi-scale graph by fusing
high-frequency trading data, supply chain linkages, and institutional co-holdings to model
heterogeneous risk transmission channels. Technically, it employs a deeply coupled GAT-
GRU architecture, where the Graph Attention Network (GAT) dynamically assigns weights
to contagion sources, and the Gated Recurrent Unit (GRU) memorizes the trajectory of
structural evolution. Extensive experiments on the S&P 500 dataset (2018–2024) demon-
strate that TAGN significantly outperforms state-of-the-art baselines, including WinGNN
and PatchTST, achieving an AUC of 0.890 and a Precision at 50 of 61.5%. Notably, a risk
early-warning index derived from TAGN exhibits a 1–2 week lead time over the VIX index
during major market stress events, such as the Silicon Valley Bank collapse. This research
facilitates a paradigm shift from historical statistical estimation to dynamic network-aware
sensing, offering interpretable tools for RegTech applications.

Keywords: financial risk prediction; dynamic graph neural networks; systemic risk;
spatiotemporal modeling; supply chain contagion

1. Introduction
Financial markets have evolved into a highly complex, non-linear, and adaptive system.

Within this interconnected framework, financial entities (such as listed companies and
financial institutions) are no longer isolated units but are woven into a vast, dynamically
changing network through channels like supply chains, capital flows, common holdings,
and market sentiment propagation [1]. This systemic interconnectedness makes it extremely
easy for local financial shocks to be amplified and spread rapidly. As a result, market
instability is increasingly driven not only by firm-level fundamentals, but also by the
structure and dynamics of inter-entity connections.

A key manifestation of this phenomenon is extreme volatility, which refers to abrupt
and large price fluctuations that deviate sharply from normal market behavior and often
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coincide with systemic stress events. Unlike regular volatility, extreme volatility is typically
triggered by contagion effects and feedback loops across financial networks, making it
particularly difficult to predict using traditional time-series models.

A typical example is the Silicon Valley Bank (SVB) collapse in 2023, where the ensuing
liquidity crisis swiftly impacted the global financial system within hours, propagating
through complex interbank lending networks and chains of panic contagion. This led to
dramatic non-fundamental volatility in related asset prices. This event profoundly exposed
the lag in traditional financial monitoring methods when dealing with modern “networked
risk”: monitoring focused solely on the historical prices of a single asset or static financial
indicators is insufficient when a crisis spreads along concealed topological pathways. In
such scenarios, risk transmission is governed by evolving network structures rather than
isolated asset dynamics, rendering conventional monitoring tools ineffective.

Although financial time series forecasting has a deep academic foundation, modeling
the aforementioned systemic risk characteristics still presents severe challenges. Earlier
econometric methods, such as the Generalized Autoregressive Conditional Heteroskedas-
ticity (GARCH)model [2], excel at capturing univariate volatility clustering but are often
based on the independent and identically distributed (i.i.d.) assumption, essentially ig-
noring the complex spatial dependencies among financial entities [3]. Consequently, these
models are ill-suited for capturing cross-sectional contagion effects and cascading failures
in interconnected markets.

In recent years, Graph Neural Networks (GNNs) have been widely applied to finan-
cial relationship modeling due to their powerful ability to process non-Euclidean data.
By explicitly modeling financial entities as nodes and their relationships as edges, GNNs
provide a natural framework for capturing network-driven dependencies. However, ex-
isting GNN-based methods still face significant methodological gaps when addressing
dynamic financial monitoring tasks:

• Structural Temporal Latency: Most models operate on static adjacency matrices,
assuming invariant relationships between entities. However, financial linkages are
inherently fluid; for instance, WinGNN (KDD 2024) pointed out that during periods
of market turmoil, correlation networks drift dramatically, and static graph structures
fail to accommodate these distributional shifts [4].

• Oversimplified Aggregation: Existing models frequently employ isotropic aggregation,
which overlooks the heterogeneity of nodal influence. In supply chain or equity
networks, systemic “hubs” (e.g., industry leaders) exert disproportionate influence
compared to peripheral nodes. Uniform mean aggregation introduces significant
noise, potentially obscuring the primary drivers of risk contagion [5].

• Insensitivity to Tail Risks: There remains a pervasive deficiency in predicting extreme
volatility and long-tail events. Conventional deep learning architectures often suffer
from over-smoothing, which diminishes their ability to detect the sparse, high-impact
“black swan” signals that precede catastrophic losses.

These limitations indicate that effective financial surveillance requires a unified frame-
work capable of simultaneously modeling temporal dynamics, structural heterogeneity,
and network evolution, while remaining sensitive to extreme risk signals.

Addressing these challenges, this paper proposes a Temporal Attentive Graph Net-
works (TAGN) framework for financial monitoring coupled with Incremental Multi-Scale
Analysis. TAGN is specifically designed to model how risk emerges, propagates, and am-
plifies across dynamic financial networks under stressed market conditions. The main
contributions of this paper are summarized as follows:

• Modeling dynamic and heterogeneous risk propagation: A deeply coupled GAT–
GRU architecture is proposed. TAGN introduces the GRU to update node hidden
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states, enabling it to memorize the network’s evolutionary trajectory, and employs the
GAT mechanism to dynamically compute attention coefficients. This design allows
the model to adaptively assign higher weights to key risk sources based on the current
market state, thereby accurately capturing heterogeneous risk contagion paths.

• Constructing an incremental multi-scale financial graph: An incremental multi-scale,
multi-relational financial graph is constructed by fusing data from the micro (price and
volume), meso (supply chain and holdings), and macro (news sentiment and economic
indicators) levels. This resolves the challenge of topological alignment for multi-modal
financial data and improves robustness under market regime shifts, as emphasized in
recent studies such as DASF-Net [6].

• Early warning of extreme volatility: The early warning capability for extreme risk is
empirically validated. Experiments on the S&P 500 dataset demonstrate that TAGN sig-
nificantly outperforms existing state-of-the-art models in predicting extreme volatility.
A risk early-warning index constructed from the model outputs exhibits a predictive
lead of 1–2 weeks over the VIX index during historical crisis periods.

2. Related Work
To ensure transparency in establishing the novelty of our work, this section first

outlines our literature search methodology, followed by a systematic review organized into
four streams: traditional time-series modeling, non-graph machine learning approaches,
static financial network analysis, and dynamic graph learning.

2.1. Literature Search Methodology

Our literature review follows a systematic approach to identify the research gap
motivating the TAGN framework. We searched multiple databases (IEEE Xplore, Google
Scholar, ACM Digital Library, SSRN, Web of Science) using keywords such as “dynamic
graph neural network,” “financial risk contagion,” “systemic risk early warning,” and
“extreme volatility prediction.” We prioritized high-impact studies from 2019 to 2025 in
top-tier venues (e.g., KDD [4], ICML, NeurIPS [7], ICLR, AAAI, Journal of Finance, Review
of Financial Studies) while including seminal works (e.g., Mantegna, 1999 [8]; Elliott et al.,
2014 [1]) for foundational context.

Through this review, we identified three main literature categories: (1) traditional
econometric models (e.g., GARCH [2]) that ignore spatial dependencies; (2) static graph-
based approaches (e.g., FinGAT [9], DGA-GNN [10]) that assume invariant network struc-
tures; and (3) general-purpose dynamic GNNs (e.g., WinGNN [4], Graph-Mamba [11])
lacking specialized mechanisms for abrupt structural breaks during financial crises. The ab-
sence of a framework that simultaneously models heterogeneous financial features and
dynamically evolving network topology under market stress directly motivates our pro-
posed TAGN framework.

2.2. Traditional Time-Series and Volatility Modeling

Financial volatility prediction is central to quantitative risk management. Traditional
econometrics methods, particularly the GARCH family (e.g., EGARCH, GJR-GARCH),
have been widely adopted for their ability to capture volatility clustering features. While
robust in univariate settings, these models operate under the assumption of independent
and identically distributed (i.i.d.) variables, which makes them inadequate to model
systemic linkages across multiple stocks.

Recent advancements in deep learning have attempted to address long-sequence
dependency in financial time series. For instance, SegRNN (2024) and Integrated GARCH-
GRU optimize recurrent structures for improved forecasting accuracy [12,13]. However,
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these methods fundamentally remain in the domain of Euclidean data, neglecting the
non-Euclidean network contagion risks inherent in financial markets. As a result, they
primarily focus on temporal dependency while overlooking cross-sectional risk transmis-
sion mechanisms.

2.3. Non-Graph Machine Learning Approaches

Beyond econometric models and deep sequential architectures, various non-graph ma-
chine learning methods have been extensively applied to financial prediction tasks. These
methods encompass tree-based ensemble approaches (e.g., Random Forests, XGBoost),
kernel methods (e.g., Support Vector Machines), and diverse feedforward neural net-
work architectures. Across various financial application scenarios—including stock return
forecasting, credit default prediction, and volatility modeling—these methods have demon-
strated competitive performance. Their widespread adoption stems from their strong
empirical performance on tabular financial data, robustness to noisy features, and relatively
straightforward implementation pipelines.

In the existing literature, tree-based models have been particularly prevalent due to
their powerful non-linear fitting capabilities and interpretability. Among them, Extreme
Gradient Boosting (XGBoost) has emerged as the de facto standard in financial forecasting
competitions and industry applications, frequently serving as a strong baseline model in
comparative studies [14]. As complementary approaches to tree-based methods, researchers
have also explored kernel methods such as Support Vector Machines for credit scoring [15]
and Multi-Layer Perceptrons for high-frequency trading [16], reflecting the diversity of
non-graph methods applied to financial problems.

Despite the aforementioned empirical successes, non-graph methods face a fundamen-
tal limitation when addressing systemic risk: they treat financial entities as independent
samples or capture inter-entity dependencies solely through feature-level correlations.
This assumption overlooks the complex and dynamically evolving relational networks
among entities—such as supply chain linkages, cross-shareholdings, and risk contagion
channels—which are precisely the driving factors of risk propagation during crises. Conse-
quently, non-graph methods are inherently ill-suited for predicting extreme volatility events
that originate from network-level interactions rather than individual asset fundamentals.
This limitation has motivated the adoption of graph-based methods, which can explicitly
model the relational structures underlying risk transmission in financial networks.

2.4. From Static Networks to Spatial Dependency

To overcome the limitations of pure time-series models, network science has been
introduced to finance. Early work by Mantegna (1999) utilized the Minimum Spanning
Tree (MST) to reveal hierarchical market structures. Building on this idea, researchers
constructed financial networks based on industry linkages and institutional co-holdings to
capture spatial dependencies among assets.

With the rise of Graph Neural Networks (GNNs), models such as FinGAT (2025) utilize
graph attention mechanisms to model interactions between stocks and sectors [9], while
DGA-GNN (2024) applies graph structures for financial fraud detection [10].

The primary limitation of this research stream lies in its reliance on static graph
assumptions. These models typically assume that the adjacency matrix is fixed over time,
failing to account for the time-varying nature of financial relationships. As noted in recent
studies, ignoring graph structural evolution often leads to poor generalization under
market regime shifts, distributional changes, or crisis periods.
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2.5. Dynamic Graph Neural Networks (DGNNs)

Modeling the temporal evolution of graph structures has become a major research
focus between 2023 and 2025. Dynamic Graph Neural Networks (DGNNs) typically treat
data as a sequence of graph snapshots. Snapshot-based methods, such as T-GCN and
MDGNN (2024), combine Graph Neural Networks (GNNs) for spatial feature extraction with
Recurrent Neural Networks (RNNs) or Transformers to capture temporal dynamics [17].

Recent advances in DGNNs have introduced several mathematical innovations that
are particularly relevant to financial modeling. First, multi-scale temporal modeling ap-
proaches, such as MD-GCN [18] and local-global spatial-temporal graph convolution
networks [19], demonstrate the importance of capturing both fine-grained high-frequency
dynamics and coarse-grained long-term trends. This multi-scale perspective is directly ap-
plicable to financial markets, where price movements occur across different time horizons
(from high-frequency trading to macroeconomic cycles).

Second, the concept of temporal-guided graph construction, as explored in knowledge
graph-enhanced GCNs [20], highlights the value of incorporating external temporal signals
to dynamically rewire graph structures. In financial contexts, this translates to using news
events, earnings announcements, or regulatory changes to adaptively modify relationship
networks among assets.

Third, the principle of correlation-constrained graph learning [21] introduces mathe-
matical regularization techniques to ensure that learned graph structures respect known
spatio-temporal dependencies. For financial applications, this suggests imposing sectoral,
geographical, or regulatory constraints on graph topologies to prevent spurious connections.

Finally, multi-omics integration frameworks [22] provide valuable insights into fusing
heterogeneous data sources through attention mechanisms. The mathematical abstraction
of aligning disparate modalities (e.g., genomics, proteomics) mirrors the challenge of
integrating multi-modal financial data (prices, news, fundamentals).

In terms of efficiency optimization, WinGNN introduces stochastic gradient aggrega-
tion windows to reduce memory consumption during training [4]. Furthermore, recent
work has explored multimodal fusion, with models such as DASF-Net incorporating news
sentiment via diffusion-based graph learning, while TS-RAG explores retrieval-augmented
generation for zero-shot financial forecasting [6,7].

However, despite these advances, existing DGNNs still exhibit notable shortcomings
in the context of extreme volatility prediction, constituting a clear research gap. First,
they suffer from structural rigidity, as most models lack dedicated mechanisms to handle
abrupt structural breaks that occur during financial crises. Recent work on uncertainty-
aware disentangled graph attention networks [23] and uncertainty-aware frameworks
for out-of-distribution generalization [24] have begun to address this challenge. Second,
they exhibit weak heterogeneity modeling, where simple fusion strategies (e.g., feature
concatenation) fail to capture the deep, non-linear interactions between market sentiment,
price dynamics, and network topology [25]. These limitations reduce their sensitivity to
rare but high-impact risk events.

Moreover, existing approaches often fail to adequately address the challenges of
extreme class imbalance [26], anomaly detection [27], and fraud detection [28–30] in finan-
cial contexts. Recent advances in spatial-temporal GNN frameworks [31] and temporal
heterogeneous graph neural networks [32] have shown promise for financial time series
prediction. Additionally, frequency-aware transformer frameworks [33] and market-guided
stock transformers [34] have improved multi-scale time series forecasting capabilities.
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2.6. Positioning of the Proposed Method

To bridge the aforementioned gaps, our proposed TAGN (Temporal Attention Graph
Network) introduces a dual-dynamic mechanism that tightly couples graph attention (GAT)
with Gated Recurrent Units (GRU) within a multi-scale heterogeneous financial graph.
TAGN distinguishes itself by simultaneously addressing spatial heterogeneity, temporal
dependency, and topology adaptation, making it particularly suitable for extreme volatility
monitoring and early risk warning.

3. Methodology
This section details the theoretical framework and implementation of the Temporal

Attentive Graph Networks (TAGN). As illustrated in Figure 1, the framework consists of
four integrated components: (1) Multi-Scale Feature Engineering for fusing high-frequency
trading data with macro-sentiment signals; (2) Dynamic Multi-Relational Graph Construc-
tion for modeling heterogeneous market linkages; (3) The TAGN Encoder (GAT-GRU) for
spatiotemporal representation learning; and (4) The Risk Prediction Module utilizing Focal
Loss for extreme event detection.

Dynamic Graph 

Inputs

𝐺t = (𝒱, 𝐄𝑡 , 𝐗𝑡)

GAT

GRU
…

MLP

Softmax

Prediction

Space

Time

Figure 1. The Proposed TAGN model architecture. At each time step t, the GAT encodes the current
graph snapshot, and the GRU updates the node states along the temporal axis.

3.1. Multi-Scale Node Feature Extraction

To capture the multifaceted nature of financial risk, we constructed a comprehensive
feature matrix X(t) ∈ RN×F at each time step t. We define the feature vector x(t)i for stock i
by concatenating data from three distinct scales:

• Micro-Scale (Market Microstructure): Beyond standard OHLCV data, we explicitly
incorporate liquidity and volatility metrics to detect anomalous trading behaviors:

(1) Amihud Illiquidity Ratio: Captures the price impact of order flow.
(2) Realized Volatility (RV): computed over a 5 min high-frequency window.

• Sentiment-Scale (News Analytics): We employ FinBERT, a pre-trained NLP model
for finance, to encode daily news headlines related to stock i. The semantic output is
projected into a scalar sentiment score si,t ∈ [−1, 1].

• Macro-Scale (Systemic Risk): Global indicators, including the VIX index and the Trea-
sury yield curve slope, are processed via a Multilayer Perceptron (MLP) to generate a
macro-embedding vector.

The final input vector is formulated as

x(t)i = Concat
(

Micro(t)i , FinBERT(News(t)i ), MLP(Macro(t))
)

(1)
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3.2. Dynamic Multi-Relational Graph Construction

A core innovation of TAGN is its ability to model time-varying and heterogeneous
dependencies. Unlike static approaches, we construct a dynamic adjacency matrix sequence
G = {A(1), . . . , A(T)}. The comprehensive matrix A(t) at time t is a learnable fusion of three
distinct risk transmission channels:

Price Correlation Graph A(t)
corr: Captures synchronous market movements. We cal-

culate the Pearson correlation coefficient ρij over a rolling window of 20 days. Edges are
created only if ρij > δ (threshold set to 0.6) to filter noise.

Supply Chain Graph Asupply: Represents fundamental dependencies. Based on
FactSet data, a directed edge j→ i exists if firm j is a key supplier of firm i. This graph is
updated quarterly.

Institutional Holding Graph A(t)
hold: Captures liquidity contagion risks. An edge

connects stock i and stock j if they are heavily co-held by the same top-tier institutional
investor (derived from 13F filings).

The fused adjacency matrix is computed as

A(t) = ϕ1 A(t)
corr + ϕ2 Asupply + ϕ3 A(t)

hold (2)

where ϕk are learnable attention weights, allowing the model to adaptively prioritize
different propagation channels (e.g., focusing on liquidity contagion during sell-offs).

3.3. TAGN Spatiotemporal Encoder

The encoder couples Graph Attention Networks (GAT) with Gated Recurrent Units
(GRU) to process the constructed dynamic graphs.

3.3.1. Spatial Aggregation (GAT Layer)

To handle the heterogeneity of neighbors, we employ a multi-head attention mecha-
nism. The attention coefficient e(t)ij between node i and neighbor j is computed as

e(t)ij = LeakyReLU
(

aT [Wsh(t−1)
i , |, Wsh(t−1)

j ]
)

(3)

Normalized via softmax to obtain α
(t)
ij , the aggregated spatial feature u(t)

i is generated by

u(t)
i =

K⊕
k=1

σ

(
∑

j∈Ni

α
(t)
ij,kWkx(t)j

)
(4)

This mechanism enables the model to assign high attention weights to “risk source” nodes
(e.g., a supplier whose price is crashing) while ignoring stable neighbors, thus effectively
modeling the contagion process [22].

3.3.2. Temporal Evolution (Graph GRU)

The temporal dynamics are modeled by updating the node hidden state h(t)
i using the

spatial feature u(t)
i :

z(t)i = σ(Wzu(t)
i + Uzh(t−1)

i + bz) (5)

r(t)i = σ(Wru(t)
i + Urh(t−1)

i + br) (6)

h̃(t)
i = tanh(Whu(t)

i + Uh(r
(t)
i ⊙ h(t−1)

i ) + bh) (7)

h(t)
i = (1− z(t)i )⊙ h(t−1)

i + z(t)i ⊙ h̃(t)
i (8)
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The Reset Gate r(t)i is particularly critical for financial crisis prediction. It allows the model
to “forget” historical patterns when a structural break occurs (e.g., the sudden collapse of
SVB), enabling rapid adaptation to new market regimes [20].

3.4. Optimization Objective: Focal Loss

Standard Cross-Entropy loss is suboptimal for volatility prediction due to the class
imbalance problem, as extreme events (Black Swans) are rare yet carry the highest risk.
To address this, we adopt Focal Loss:

L = − 1
N

N

∑
i=1

[
αyi(1− ŷi)

γ log(ŷi) + (1− α)(1− yi)ŷ
γ
i log(1− ŷi)

]
(9)

We set the focusing parameter γ = 2.0 and balancing parameter α = 0.75. This formulation
down-weights the loss contribution of easy-to-classify samples (normal market days) and
forces the model to focus on hard, sparse examples (extreme volatility events).

3.5. Algorithm Flow

The training procedure of TAGN is summarized in Algorithm 1.

Algorithm 1 TAGN Training Procedure

Require: Dynamic Graphs G, Feature Matrices X , Labels Y
Ensure: Trained Model Parameters Θ

1: Initialize parameters Θ randomly
2: for each epoch e = 1 to E do
3: for each time step t = 1 to T do
4: Step 1: Graph Construction
5: Construct A(t)

corr, A(t)
hold and load Asupply

6: Compute fused adjacency A(t) ← ∑ ϕk Ak
7: Step 2: Spatial Aggregation (GAT)
8: for each node i ∈ V do
9: Compute attention weights α

(t)
ij

10: Aggregate neighbors: u(t)
i ← GAT(A(t), x(t))

11: end for
12: Step 3: Temporal Update (GRU)
13: Update hidden states: h(t)

i ← GRU(u(t)
i , h(t−1)

i )
14: end for
15: Step 4: Risk Prediction
16: Compute logits ŷ = MLP(h(T))
17: Calculate Focal Loss L(ŷ, y)
18: Update Θ← Θ− η∇ΘL
19: end for

3.6. Baseline Selection Justification

To validate the proposed framework, we compare TAGN against a diverse set of base-
lines, including econometric, ensemble learning, and deep sequence models. Among these,
XGBoost is selected as a representative non-graph benchmark for the following reasons.

First, XGBoost is a well-established industry standard for financial tabular data, pro-
viding a high-performance baseline for non-structural modeling. Second, since XGBoost
does not explicitly account for temporal sequences or network dependencies, it serves as a
control to quantify the specific advantages of modeling risk propagation through graph
structures. Finally, all baselines were optimized via grid search on the validation set. This
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ensures that the performance gains of TAGN are due to its architectural design rather than
differences in hyperparameter tuning.

4. Data and Experimental Setup
This section outlines the dataset curation, baseline comparisons, implementation

details, and evaluation metrics used to rigorously validate the TAGN framework.

4.1. Dataset and Labeling

Data Source: We focus on the S&P 500 constituents, representing the core of the US
equity market. The dataset spans from 1 January 2018 to 31 December 2024, ensuring
coverage of diverse market regimes. The datasets utilized in this study are derived entirely
from publicly available sources and contain no confidential or proprietary information.
Market microstructure data, including price and volume for the S&P 500 constituents, are
accessible via open financial platforms. Relational data, such as supply chain linkages and
institutional co-holdings, are synthesized from public corporate disclosures and mandatory
regulatory filings, specifically SEC Form 13F. Furthermore, all macro-scale indicators and
news sentiment proxies are obtained from transparent, third-party market data providers
and public news archives.

Temporal Splitting: To prevent look-ahead bias and simulate real-world trading
scenarios, we adopt a strict chronological split:

• Training Set (2018–2022): Covers high-volatility periods including the COVID-19 crash
(2020) and the “Meme Stock” phenomenon (2021), allowing the model to learn extreme
pattern recognition.

• Validation Set (2023): Used for hyperparameter tuning and model checkpointing.
Crucially, this period includes the Silicon Valley Bank (SVB) crisis, testing the model’s
ability to adapt to structural breaks in the banking sector.

• Test Set (2024): Reserved for final evaluation, representing a period of persistent
inflation and interest rate fluctuations.

Label Definition (Risk Prediction): We define the prediction task as identifying short-
term crash potential. A positive label (yi,t = 1) is assigned if stock i experiences a maximum
drawdown exceeding 10% within the next 5 trading days:

yi,t = I
(

min
k∈[1,5]

(
Pt+k − Pt

Pt

)
< −0.10

)
(10)

where Pt denotes the closing price at day t. This strict threshold targets extreme downside
risks rather than normal market noise.

4.2. Baseline Models

We compare TAGN against a comprehensive set of baselines spanning four categories
to verify the necessity of each module:

• Statistical and Tree-based Models
GARCH-MIDAS: A classic econometric model incorporating macroeconomic vari-
ables for volatility forecasting.
XGBoost: A widely used gradient boosting framework, serving as a strong non-deep
learning baseline using only node features.

• Time-Series Deep Learning (SOTA)
GRU: Standard Recurrent Neural Network without graph structure.
PatchTST (ICLR 2023) [35]: A state-of-the-art Transformer-based model utilizing patch-
ing and channel-independence, proving highly effective for long-term forecasting.
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• Static Graph Neural Networks
GCN-LSTM [36]: Combines Graph Convolutional Networks with LSTM, assuming a
fixed adjacency matrix throughout the timeline.

• Dynamic Graph Neural Networks (SOTA)
WinGNN (KDD 2024) [4]: Focuses on concept drift in dynamic graphs using a win-
dowed gradient aggregation strategy.
Graph-Mamba (ICASSP 2025) [11]: A novel architecture applying State Space Models
(SSMs) to dynamic graphs for linear-time complexity sequence modeling.

4.3. Implementation Details

All models are implemented using PyTorch version 2.9.0 and PyTorch Geometric.
The experiments are conducted on a server equipped with an NVIDIA RTX 4090 GPU
(24 GB). The specific hyperparameters for TAGN, determined via grid search on the valida-
tion set, are listed in Table 1. Note that for the graph construction (described in Section 3),
we set the correlation window to 20 days and the threshold δ = 0.6.

Table 1. Hyperparameter settings.

Hyperparameter Value Description

Optimizer AdamW Weight decay set to 1 × 10−4

Learning Rate 1 × 10−3 Decayed by 0.5 every 20 epochs
Batch Size 64 -
Epochs 200 Early stopping with patience is 20
GAT Heads 4 Multi-head attention count
Hidden Dimension 128 Dimension of node embeddings
GRU Layers 2 Depth of temporal module
Dropout 0.4 Applied to GAT and MLP layers
Focal Loss (γ) 2.0 Focusing parameter
Focal Loss (α) 0.75 Balancing parameter for positive class

4.4. Evaluation Metrics

Since the dataset is highly imbalanced (extreme crashes are rare), standard accuracy is
insufficient. We employ a multi-dimensional evaluation strategy:

• Classification Performance:

– AUC-ROC: Evaluates the global ranking capability of the model.
– Macro F1-Score: The harmonic mean of precision and recall, ensuring the minor-

ity class (crashes) is not ignored.

• Practical Risk Management:

– Precision@50 (P@50): The proportion of true crashes among the top-50 stocks
predicted to have the highest risk probability on each day. This simulates a
resource-constrained risk monitoring scenario.

• Investment Simulation:

– Sharpe Ratio: We construct a Long–Short portfolio (Shorting the top 10% riskiest
and Longing the bottom 10% safest) based on model predictions. The annualized
Sharpe Ratio measures the risk-adjusted return of this strategy:

Sharpe =
E[Rp]− R f

σp
(11)

where Rp is the portfolio return and R f is the risk-free rate.
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5. Results and Analysis
In this section, we present a comprehensive evaluation of TAGN against state-of-the-

art baselines, conduct ablation studies to validate architectural choices, and analyze the
model’s behavior during historical financial crises.

5.1. Overall Performance Comparison

We evaluated the models on the test set (Year 2024), focusing on both classification
accuracy and financial risk management metrics. The results are summarized in Table 2.

Table 2. Performance comparison of different models.

Category Model AUC F1-Score P@50 Sharpe
Ratio

Statistical GARCH-MIDAS [37] 0.612 0.354 0.281 0.45

Time-Series DL
XGBoost 0.765 0.582 0.442 1.12
GRU 0.784 0.610 0.468 1.25
PatchTST (ICLR’23) [35] 0.815 0.658 0.512 1.55

Static GNN GCN-LSTM [36] 0.803 0.634 0.495 1.42

Dynamic GNN WinGNN (KDD’24) [4] 0.842 0.695 0.554 1.76

Proposed TAGN (Ours) 0.890 † 0.742 † 0.615 † 2.18 †

Note: Performance comparison of different models (mean over 5 runs). † indicates statistically significant
improvement over all baselines (p < 0.05). All baseline results are reproduced by the authors using the same data
split and evaluation protocol.

1. Superiority over Time-Series SOTA: While PatchTST (AUC: 0.815) excels in long-
term forecasting via channel independence, TAGN outperforms it by 7.5% in AUC.
This indicates that for crash prediction, explicit modeling of contagion paths via graph
structures is more effective than implicit attention mechanisms.

2. Necessity of Dynamic Evolution: TAGN surpasses the static GCN-LSTM by 8.7% in
AUC. This performance gap confirms that assuming a fixed network structure fails to
capture the rapid rewiring of risk channels during periods of market turmoil.

3. Financial Practicality: Crucially, TAGN achieves a Precision@50 (P@50) of 61.5%,
implying that nearly two-thirds of the stocks identified as “high risk” actually experi-
enced crashes. Furthermore, the annualized Sharpe Ratio of 2.18 for the TAGN-based
Long–Short strategy demonstrates significant potential for real-world alpha generation.

5.2. Ablation Study

To verify the contribution of each module, we conducted an ablation study by system-
atically removing core components. The results are shown in Table 3 and summarized as
follows. All ablation results are averaged over five independent runs, and the observed
performance drops relative to the full TAGN model are statistically significant under a
paired t-test (p < 0.05), confirming the non-trivial contribution of each component.

Spatial Attention (Replace GAT with GCN): AUC drops to 0.852.

• Reasoning: Without the attention mechanism, the model aggregates neighbor
information uniformly. It fails to distinguish between “benign” and “toxic”
neighbors (e.g., a supplier in default), thereby diluting the risk signal.

Temporal Memory (Remove GRU): AUC drops to 0.831 (most significant drop).
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• Reasoning: This confirms that financial risk is a cumulative process. The immedi-
ate graph snapshot alone is insufficient; the model must capture the “momentum”
of deterioration from previous steps via the hidden state h(t−1)

i .

Multi-Relational Graph (Only Price Correlation): AUC drops to 0.865.

• Reasoning: Relying solely on price correlation typically lags the market. Fun-
damental links such as supply chain and institutional holding graphs provide
“early warning” channels before risk impacts become visible in price movements.

Table 3. Results of the ablation study on key components of the TAGN model.

Model Variant Description AUC Performance Drop

TAGN (Full Model) - 0.890 -
Variant 1: Attention GAT is replaced by GCN 0.852 −0.038

Variant 2: Temporal GRU is removed; prediction uses
static GAT output 0.831 −0.059

Variant 3: News News sentiment node features are
removed 0.875 −0.015

Variant 4: Supply The supply chain relational graph
layer is removed 0.868 −0.022

Note: Results are reported by the authors and averaged over five independent runs. Performance drop is measured
relative to the full TAGN model.

5.3. Network Topology Evolution Analysis

To understand how the financial network reacts to shocks, we analyzed topological
metrics, specifically the Average Edge Weight and Jaccard Similarity, to measure structural
stability during key historical events in our dataset. As shown in Table 4, major crises
(COVID-19, SVB) are characterized by a sharp rise in edge weights (contagion) and low Jac-
card similarity (structural breaks). TAGN’s dynamic graph updating mechanism explicitly
captures these regime shifts, whereas static models fail to adapt.

Table 4. Network topological response to crises.

Event (Time) Avg. Edge Weight
Change Jaccard Similarity Structural

Interpretation

COVID-19 Shock
(2020/03) +45% (Surge) 0.31 (Low)

Systemic Collapse:
Panic caused massive
synchronization;
pre-existing commu-
nities disintegrated.

Meme Stock Frenzy
(2021/01)

+150% (Local
Cluster) 0.55 (Med.)

Local Decoupling:
GME/AMC formed a
dense, isolated cluster
detached
from fundamentals.

SVB Failure (2023/03) +38% (Surge) 0.34 (Low)

Sectoral Contagion:
Risk propagated
specifically through
banking sector
holdings, reshaping
the topology.

Note: The reported metrics are computed by the authors based on the dynamically inferred financial networks
constructed from the market data described in Section 4. Jaccard similarity measures the overlap of edge sets
before and after each event.
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5.4. Case Study: Early Warning Capability (TAGN vs. VIX)

To evaluate the predictive utility of our model, we constructed a TAGN-Risk In-
dex—defined as the aggregate risk probability across the S&P 500 components—and com-
pared its trajectory with the CBOE Volatility Index (VIX) during the market correction of
August 2024. The comparative trends are illustrated in Figure 2.

Comparative Trends of TAGN-Risk Index and VIX (August 2024) 
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Figure 2. Comparative trends of TAGN-Risk Index and VIX (August 2024).

• Leading Lead–lag Relationship: The TAGN-Risk Index exhibited a distinct upward
trend seven trading days prior to the significant spike in the VIX.

• Information Advantage Analysis: While the VIX is a reactive metric derived from
option pricing, TAGN detected latent “smart money” outflows within the institutional
holding graph (Ahold) and early signs of stress in supply chain dependencies (Asupply).
These signals emerged before the risk manifested in broad market volatility, thereby
confirming TAGN’s capacity as a leading indicator for systemic risk.

6. Discussion
The empirical performance of TAGN, specifically its AUC of 0.890 and Precision@50

of 61.5%, provides significant evidence for the necessity of network-aware sensing in
financial surveillance. By outperforming state-of-the-art temporal models like PatchTST
(0.815 AUC) [35] and static frameworks like GCN-LSTM (0.803 AUC) [36], this research
demonstrates that explicit modeling of contagion paths is more effective for crash prediction
than implicit attention mechanisms or static adjacency assumptions alone.

6.1. Theoretical and Regulatory Implications

Our results substantiate the critical hypothesis that “structural breaks” in network
topology are the precursors to systemic risk [1], a concept that aligns with the financial net-
work theory proposed by Elliott et al. (2014). Unlike traditional GARCH-family models [2]
and ARCH models [38] that treat volatility as a temporal cluster [2], TAGN conceptualizes
crisis as a rapid reconfiguration of risk transmission channels, as evidenced by the sharp
drop in Jaccard similarity (0.34) during the SVB crisis [39]. The observed 1–2 week lead
time over the VIX index [40] validates that latent stress in supply chains (Asupply) [41]
and institutional holdings (Ahold) [42] and manifests far earlier than broad market price
volatility [40]. The distribution of realized volatility [43] and systemic risk measures in
financial networks [44] further support these findings.
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For regulatory bodies and RegTech applications, TAGN offers a distinct advantage in
explainability [45]. By analyzing the attention weights (αij) generated by the GAT layer [46],
regulators can identify “Hidden Hubs”—institutions that appear statistically insignificant
during normal periods but become central nodes of contagion during stress events [46]. This
capability facilitates a transition from reactive bailouts to precision intervention, allowing
supervisors to monitor and potentially sever specific toxic transmission links identified
through the dynamic graph evolution [47].

6.2. Limitations and Future Challenges

Despite its efficacy, the current iteration of the TAGN framework faces three primary
practical challenges:

1. Computational Complexity: The dynamic attention mechanism scales linearly with
the number of edges, O(|E|) [48]. In a dense, full-market graph, the GPU memory
consumption becomes a significant bottleneck [49]. This limitation, also discussed
in the context of WinGNN’s gradient aggregation [4], suggests that future iterations
must implement sparse matrix operations or graph sampling to maintain scalability
for larger asset universes [50].

2. Data Latency and Reporting Lags: The institutional holding graph (Ahold) depends
on Form 13F filings [51]. Because these are reported quarterly with a 45-day lag [51], it
creates a temporal “blind spot”, where the model may fail to capture high-frequency
position adjustments by hedge funds during rapidly evolving crises [52].

3. Extreme Class Imbalance and Rare Events: Financial crashes are, by definition, “Black
Swan” events [53]—rare, high-impact occurrences that are difficult to predict using
traditional statistical methods. While the use of Focal Loss with γ = 2.0 [54] partially
mitigates the scarcity of positive samples (y = 1) [26], the model remains susceptible
to overfitting stochastic noise in prolonged bull markets. Similarly to considerations in
multimodal frameworks like DASF-Net [6], human expert validation remains essential
for final high-stakes decision-making [55].

7. Conclusions and Future Work
This study presents the Temporal Attentive Graph Networks (TAGN), a novel frame-

work designed to bridge the gap between static network analysis and dynamic financial
risk modeling. By synergistically coupling the spatial heterogeneity captured by GAT
with the temporal memory of GRU, and integrating multi-scale heterogeneous graphs,
TAGN effectively addresses the challenge of adapting to rapid topological evolution in
financial markets.

Empirical evaluations conducted on the S&P 500 dataset (2018–2024) demonstrate
that TAGN significantly outperforms state-of-the-art baselines, including PatchTST and
WinGNN, in predictive accuracy. Notably, the model provides early-warning signals that
lead the VIX index by approximately one to two weeks. This research advocates for a
paradigm shift in systemic risk management: transitioning from traditional history-based
statistical estimation toward a more proactive dynamic network-aware sensing approach.

To further enhance the robustness and applicability of the TAGN framework, future
research will focus on the following three directions:

1. LLM-Driven Causal Knowledge Graphs: We plan to leverage Large Language
Models (LLMs) to extract explicit causal chains from unstructured financial news
(e.g., Chip Shortage to Auto Production Cut) [7]. By replacing statistical correlation
graphs with Causal Knowledge Graphs, we aim to filter out spurious connections and
enhance the model’s interpretability.
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2. Online Graph Learning for Non-Stationary Markets: To address the challenge of
concept drift in volatile financial environments, we intend to develop online learning
algorithms [56]. This will enable TAGN to update its parameters in real-time as data
streams arrive, ensuring the model remains adaptive without requiring frequent and
costly offline retraining.

3. Multiplex Network Modeling for Cross-Asset Spillovers: We aim to expand the
model’s scope by constructing Multiplex Networks [57]. By representing the inter-
dependencies between stock, bond, and foreign exchange markets as distinct yet
interacting layers, the framework can better capture complex cross-asset risk spillover
effects and systemic contagion.
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