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Abstract: Causal discovery in financial time series presents significant challenges due to the complex temporal dependencies
and multi-sector interactions that characterize modern financial markets. Traditional statistical methods and conventional deep
learning approaches often fail to capture the hierarchical nature of causal relationships across different market sectors and
temporal scales. This paper proposes a novel Hierarchical Transformer Framework for Causal Discovery (HT-CD) that leverages
multi-level attention mechanisms to identify causal relationships across multi-sector financial time series. Our framework
introduces a sector-aware hierarchical encoder that processes financial data at multiple granularities, from individual asset-level
patterns to sector-wide dynamics, while maintaining temporal consistency through specialized positional encoding schemes. The
architecture incorporates a novel multi-head causal attention mechanism that explicitly models both contemporaneous and lagged
causal effects across different sectors. Experimental evaluation on comprehensive financial datasets spanning multiple sectors
demonstrates that HT-CD significantly outperforms existing causal discovery methods, achieving 23% improvement in causal
structure accuracy while maintaining computational efficiency. The framework successfully identifies cross-sector causal
relationships that align with established economic theories and provides interpretable insights into market contagion effects
during financial stress periods.
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1. Introduction

The identification of causal relationships in financial
markets has long been a fundamental challenge in quantitative
finance and econometrics[1]. Understanding how different
market sectors influence each other through complex
temporal dynamics is crucial for portfolio management, risk
assessment, and systemic risk monitoring[2]. Traditional
approaches to causal discovery in financial time series have
primarily relied on Granger causality tests and vector
autoregressive (VAR) models, which assume linear
relationships and stationary data conditions that rarely hold in
real financial markets[3].

The proliferation of high-frequency trading and the
increasing interconnectedness of global financial markets
have created a need for more sophisticated methods capable
of capturing non-linear, time-varying causal relationships
across multiple sectors simultaneously. Recent advances in
deep learning, particularly the development of transformer
architectures, have opened new possibilities for modeling
complex temporal dependencies in sequential data[4].
However, existing applications of transformers to financial
time series have primarily focused on forecasting tasks rather
than causal discovery, and they typically do not address the
hierarchical nature of financial market structures[5].

Financial —markets exhibit inherent hierarchical
characteristics where individual assets are grouped into
sectors, sectors interact within broader market segments, and
these segments collectively influence market-wide dynamics.
This hierarchical structure creates multiple levels of causal
relationships that traditional methods struggle to capture
simultaneously. Moreover, causal effects in financial markets
often manifest at different temporal scales, from intraday
momentum effects to longer-term fundamental drivers,

requiring analytical frameworks capable of multi-scale
temporal modeling [6].

The challenge of causal discovery in multi-sector financial
time series is further complicated by several factors including
non-stationarity of financial data, presence of common factors
affecting multiple sectors, and the need to distinguish
between genuine causal relationships and spurious
correlations arising from external economic shocks. Existing
causal discovery methods either fail to handle the temporal
dynamics inherent in financial data or do not scale effectively
to the high-dimensional setting typical of multi-sector
analysis[7].

This research addresses these challenges by proposing a
Hierarchical Transformer Framework for Causal Discovery
that explicitly models the multi-level structure of financial
markets while leveraging the representational power of
transformer architectures[8]. Our approach introduces several
key innovations including sector-aware attention mechanisms
that can adaptively focus on relevant cross-sector interactions,
temporal causal attention that captures both immediate and
lagged causal effects, and a hierarchical encoding scheme that
processes information at multiple granularities from
individual assets to sector aggregates.

The primary contributions of this work include the
development of a theoretically grounded hierarchical
transformer architecture for causal discovery, the introduction
of novel attention mechanisms specifically designed for
temporal causal modeling in financial data, and
comprehensive empirical validation demonstrating superior
performance in identifying causal relationships across
multiple financial sectors. The framework provides
interpretable outputs that align with established economic
theories while revealing new insights into cross-sector
dependencies and systemic risk propagation mechanisms.



2. Literature Review

The intersection of causal discovery and financial time
series analysis has evolved significantly over the past decades,
with researchers developing increasingly sophisticated
methods to understand the complex dependencies governing
financial markets[9-15]. Early approaches to causal analysis
in finance were dominated by Granger causality tests, which
assess whether past values of one time series help predict
another time series beyond what can be predicted from the
latter's own past values alone. While foundational, these
methods assume linear relationships and require stationary
data, conditions that are frequently violated in financial
markets.

Vector Autoregressive (VAR) models emerged as a natural
extension, allowing for the simultaneous modeling of
multiple time series while maintaining the linear framework.
Structural VAR (SVAR) models further enhanced this
approach by incorporating economic theory to identify
structural shocks and their propagation mechanisms[116-20].
However, these traditional methods face significant
limitations when applied to high-dimensional financial data
and fail to capture the non-linear dynamics that characterize
modern financial markets[21].

The development of constraint-based causal discovery
algorithms, such as the PC algorithm and its variants,
introduced new possibilities for identifying causal structures
from observational data[22]. These methods test conditional
independence relationships to infer the underlying causal
graph structure[23]. Recent extensions to temporal settings,
including temporal PC (tPC) and PCMCI algorithms, have
shown promise in handling time series data. However, these
approaches still struggle with the high-dimensional and non-
linear nature of financial data, often producing unstable
results when applied to real financial time series[24].

Score-based causal discovery methods, which optimize a
global score function to find the best-fitting causal structure,
have also been adapted to temporal settings. Methods like
DYNOTEARS extend the continuous optimization approach
to temporal causal discovery by formulating the problem as a
constrained optimization with acyclicity constraints. While
these approaches can handle non-linear relationships through
neural network parameterizations, they typically do not
account for the hierarchical structure inherent in financial
markets.

The emergence of deep learning in causal discovery has
opened new avenues for handling complex, high-dimensional
data[25]. Temporal Causal Discovery Framework (TCDF)
represents one of the first attempts to leverage deep learning
for temporal causal discovery, using convolutional neural
networks with attention mechanisms to identify causal
relationships in time series data. Similarly, recent work on
causal discovery using neural networks has demonstrated the
potential for capturing non-linear causal relationships that
traditional methods miss[26].

The application of transformer architectures to time series
analysis has gained significant momentum following the
success of transformers in natural language processing[27].
The attention mechanism, which allows models to focus on

relevant parts of the input sequence, has proven particularly
valuable for capturing long-range dependencies in temporal
data. Recent developments include the adaptation of
transformers for time series forecasting, with models like
Temporal Fusion Transformer achieving state-of-the-art
performance on various benchmarking datasets[28].

However, most existing applications of transformers to
financial time series focus on prediction tasks rather than
causal discovery[29]. The few attempts to apply attention
mechanisms to causal discovery in financial contexts have
been limited in scope, typically addressing pair-wise causal
relationships  rather than the complex multi-sector
dependencies that characterize real financial markets.
Moreover, these approaches do not leverage the hierarchical
structure of financial markets, treating all variables at the
same level of analysis [30].

Recent research in hierarchical attention mechanisms has
shown promise for modeling multi-level structures in various
domains[31]. Hierarchical attention networks have been
successfully applied to document classification and other
tasks where data naturally exhibits hierarchical organization.
The extension of these concepts to temporal causal discovery
represents a natural progression that can address the specific
challenges posed by multi-sector financial analysis[32].

Contemporary work in financial econometrics has
increasingly recognized the importance of modeling cross-
sector dependencies and systemic risk propagation [33].
Network-based approaches to understanding financial
contagion have provided valuable insights into how shocks
propagate across different market segments. However, these
methods typically rely on correlation-based measures of
connectivity rather than formal causal analysis, limiting their
ability to distinguish between genuine causal relationships
and spurious correlations arising from common factors.

3. Methodology

3.1. Problem Formulation and Transformer-
Based Architecture

The problem of causal discovery in multi-sector financial
time series can be formally defined as learning a causal graph
G = (V, E) where vertices V represent financial variables
across different sectors and edges E represent causal
relationships between these variables. Given a multivariate
time series dataset X = {Xi, Xz, ..., Xn} spanning T time
periods across S sectors, our objective is to identify both
contemporaneous and temporal causal relationships that
respect the hierarchical structure of financial markets.

Our framework builds upon the fundamental Transformer
encoder-decoder architecture, which provides a robust
foundation for processing sequential financial data while
maintaining the ability to capture complex dependencies
across different time scales and market sectors. The encoder-
decoder structure naturally accommodates the causal
discovery task where the encoder processes historical
financial time series data from multiple sectors and the
decoder generates predictions about causal relationships
while respecting temporal constraints.
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Figure 1. Encoder Stack Process
The encoder stack processes in Figure 1 input sequences of different levels of the hierarchy. The Transformer

financial time series data, with each layer capturing
increasingly abstract representations of cross-sector
relationships through multi-head attention mechanisms and
feed-forward networks. The Add & Norm components ensure
stable training and gradient flow, while positional encoding
enables the model to understand temporal relationships within
the financial data. The decoder stack generates causal
predictions while maintaining temporal consistency through
masked multi-head attention mechanisms that prevent future
information from influencing causal inferences about past
relationships.

The hierarchical structure of financial data can be
represented as a three-level hierarchy: individual assets at the
base level, sector aggregates at the intermediate level, and
market-wide factors at the top level. This multi-level
organization necessitates specialized modeling approaches
that can capture causal relationships both within and across
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architecture's attention mechanisms are particularly well-
suited for this task, as they can dynamically focus on relevant
relationships across different temporal and hierarchical scales.

3.2. Hierarchical Attention-Based Processing
Framework

Building upon the insights from hierarchical attention
networks for time series processing, our framework
incorporates a sophisticated multi-level attention mechanism
that can adaptively select relevant information from different
semantic levels of the financial data hierarchy. The
hierarchical processing approach combines convolutional
feature extraction for spatial relationships within sectors with
recurrent processing for temporal dynamics, all coordinated
through a hierarchical attention mechanism.

The framework processes exogenousin figure 2 inputs
representing different financial sectors through convolutional



layers that learn spatial correlations among different
components within each sector. These spatial features are then
processed through Recurrent Highway Networks (RHN) that
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information flow across multiple layers. The hierarchical
attention mechanism operates across different depths of the
network, selecting relevant features from various semantic
levels to inform the causal discovery process.
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Figure 2. Framework Process

The encoder processes input sequences xi through xt
representing financial time series from different sectors, with
each time step processed through convolutional layers that
extract spatial relationships within and between sectors. The
RHN components capture temporal dynamics at multiple
levels, creating a hierarchical representation where different
layers capture patterns at different time scales. The
hierarchical attention mechanism then selects relevant
information from these multi-level representations to inform
the decoder's generation of causal relationship predictions.

The decoder processes target sequences y: through ytw
representing the temporal evolution of causal relationships,
with attention mechanisms ensuring that predictions about
causal structures are consistent with the temporal ordering of
events and the hierarchical organization of financial markets.
This architecture enables the framework to simultaneously
consider short-term momentum effects, medium-term sector
rotations, and long-term structural changes in market
relationships.

ATTENTION HEAD #0

3.3. Multi-Head Causal Attention for Cross-
Sector Analysis

The core innovation of our causal discovery framework lies
in the adaptation of multi-head attention mechanisms
specifically for identifying causal relationships across
financial sectors. The multi-head architecture enables parallel
processing of different types of causal hypotheses, with each
attention head specializing in specific aspects of cross-sector
causal relationships.

The multi-head attention mechanism operates through
independent attention heads that process the same input
financial time series data X through separate Query (Q), Key
(K), and Value (V) transformation matrices. Each attention
head maintains its own set of learnable parameters, enabling
specialized processing of different types of causal
relationships within the financial network.

ATTENTION HEAD M1

Figure 3. Causal Discovery Framework
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As in Figure 3, in our causal discovery framework,
Attention Head #0 specializes in identifying short-term causal
relationships and momentum effects between sectors, with its
Qo, Ko, and Vo matrices optimized to capture rapid
information transmission and immediate market reactions.
The weight matrices Wo"Q, Wo"K, and Wo"V transform the
input data into representations that emphasize high-frequency
causal patterns and intraday spillover effects.

Attention Head #1 focuses on medium to long-term causal
relationships, capturing structural dependencies and
fundamental linkages between sectors that persist over longer
time horizons. Its transformation matrices W1*Q, WK, and
WiV are optimized to identify causal patterns that reflect
economic  fundamentals, regulatory changes, and
technological innovations that create lasting impacts across
sector boundaries.

Additional attention heads can be configured to capture
specific types of causal relationships such as crisis contagion
effects, seasonal patterns, or regime-dependent causality. The
parallel processing of multiple causal hypotheses through
different attention heads enables the framework to
simultaneously explore various aspects of the complex causal
network structure inherent in multi-sector financial markets.

The attention weights computed by each head serve as
interpretable measures of causal strength between different
sector pairs at various temporal lags. The aggregation of
attention weights across heads provides a comprehensive
view of the causal network structure, with statistical
significance testing applied to distinguish genuine causal
relationships from spurious correlations. This multi-head
approach ensures robust identification of causal relationships
while maintaining computational efficiency through parallel
processing.

4. Results and Discussion

4.1. Experimental Setup and Dataset
Description

The experimental evaluation of our Hierarchical
Transformer Framework for Causal Discovery is conducted
using comprehensive financial datasets spanning multiple
market sectors and time periods. The primary dataset consists
of daily returns and volume data for assets across ten major
market sectors including Technology, Financial Services,
Healthcare, Consumer Discretionary, Consumer Staples,
Energy, Utilities, Materials, Industrials, and Real Estate. The
data covers a fifteen-year period from 2008 to 2023,
encompassing multiple market cycles including the Global
Financial Crisis, the European Debt Crisis, and the COVID-
19 pandemic.

Additional datasets include macroeconomic indicators
such as interest rates, inflation measures, and currency
exchange rates to provide broader economic context. High-
frequency intraday data at five-minute intervals is used to
validate the framework's ability to capture short-term causal
relationships, while monthly aggregated data tests the model's
performance on longer-term causal patterns. All data is
carefully preprocessed to handle missing values, outliers, and
structural breaks while maintaining the integrity of temporal
relationships.

The experimental design employs a rolling window
approach that respects the temporal nature of financial data,
using historical periods for training and out-of-sample periods
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for validation. Cross-validation is performed across different
market regimes to ensure the robustness of identified causal
relationships across varying market conditions. The
framework's performance is evaluated using multiple metrics
including causal structure accuracy, temporal lag estimation
precision, and computational efficiency measures.

Ground truth causal relationships are established through a
combination of established economic theories, regulatory
filings indicating corporate relationships, and consensus from
financial economics literature. This multi-source validation
approach ensures that evaluation metrics reflect both
statistical accuracy and economic meaningfulness of
identified causal relationships.

4.2. Multi-Head Attention Analysis and Causal
Pattern Discovery

The experimental analysis reveals that different attention
heads successfully specialize in identifying distinct types of
causal relationships across financial sectors. Attention Head
#0, optimized for short-term relationships, consistently
identifies rapid information transmission pathways between
sectors during high-volatility periods. The Qo, Ko, Vo matrices
learned by this head demonstrate strong sensitivity to
momentum effects and immediate market reactions,
particularly capturing how technology sector innovations
quickly propagate to financial services through high-
frequency trading mechanisms.

Attention Head #1, designed for long-term relationships,
successfully identifies structural causal dependencies that
persist across different market regimes. The learned
transformation matrices W1*Q, WK, WiV effectively
capture fundamental linkages such as how energy sector price
movements influence manufacturing costs with a lag of
several weeks, and how regulatory changes in financial
services impact real estate financing availability over monthly
time horizons.

The hierarchical attention mechanism demonstrates
remarkable capability in adaptively selecting relevant
features from different semantic levels of the financial data
hierarchy. During normal market conditions, the attention
mechanism primarily focuses on sector-specific patterns and
gradual cross-sector influences. However, during crisis
periods such as the March 2020 COVID-19 market disruption,
the attention mechanism dynamically shifts to emphasize
broader market-wide factors and systemic risk channels.

Analysis of attention weight patterns reveals interesting
temporal dynamics in causal relationship strength. The
framework successfully identifies that certain causal
relationships are regime-dependent, becoming stronger
during periods of market stress and weaker during stable
market conditions. For example, the causal influence of
financial sector distress on real estate markets strengthens
significantly during credit crises but remains minimal during
normal economic conditions.

4.3. Comparative Performance and Cross-
Sector Causality Results

The experimental results demonstrate significant
improvements in causal discovery accuracy compared to
existing state-of-the-art methods. Our Hierarchical
Transformer Framework achieves a causal structure recovery
accuracy of 78.3%, representing a 23% improvement over the
best-performing baseline method (PCMCI+) which achieved



63.7% accuracy. The framework correctly identifies 89% of
known cross-sector causal relationships while maintaining a
false discovery rate of only 12%.

The multi-head attention architecture proves particularly
effective at identifying complex multi-hop causal pathways
that traditional methods miss. For example, the framework
successfully captures the causal chain from technology sector
innovations affecting financial sector valuations through
algorithmic trading adoption, which subsequently influences
real estate sector performance through credit availability
mechanisms. This type of indirect causal relationship,
spanning multiple sectors and temporal scales, represents a
significant advancement in causal discovery capabilities for
financial applications.

The temporal lag estimation component demonstrates
remarkable precision, correctly identifying optimal lag
structures with an average error of 0.8 trading days compared
to 2.3 days for competing methods. The hierarchical attention
mechanism contributes significantly to this improved
precision by enabling the model to consider causal
relationships at multiple time scales simultaneously, from
intraday momentum effects captured by short-term attention
heads to quarterly earnings influences captured by long-term
attention heads.

Cross-sector analysis reveals that the transformer-based
encoder-decoder architecture excels at maintaining temporal
consistency in causal predictions while the hierarchical
processing framework successfully captures the multi-level
nature of financial market structures. The framework's ability
to process both spatial relationships within sectors and
temporal dependencies across sectors through the
combination of convolutional and recurrent components
proves essential for accurate causal discovery in complex
financial networks.

Computational efficiency analysis shows that despite the
increased architectural complexity, the parallel processing
capabilities of the multi-head attention mechanism result in
training times that are competitive with simpler baseline
methods while providing significantly richer analytical
capabilities. The framework scales approximately linearly
with the number of sectors, demonstrating good scalability
properties for large-scale financial analysis applications.

5. Conclusion

This research presents a significant advancement in causal
discovery for financial time series through the development
of a Hierarchical Transformer Framework that explicitly
models the multi-level structure of financial markets while
leveraging the representational power of transformer
architectures. The proposed approach successfully addresses
the limitations of existing methods by introducing a
sophisticated encoder-decoder architecture adapted for causal
discovery, hierarchical attention mechanisms that process
financial data at multiple semantic levels, and specialized
multi-head attention components that identify different types
of causal relationships.

The key innovations of our framework include the
adaptation of the Transformer encoder-decoder architecture
for causal discovery tasks, enabling parallel processing of
complex temporal dependencies while maintaining causal
consistency through masked attention mechanisms. The
integration of hierarchical attention-based processing,
borrowed from advanced time series prediction methods,
allows the framework to simultaneously consider spatial
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relationships within sectors and temporal dynamics across
sectors. The novel multi-head causal attention mechanism
enables specialized identification of different types of causal
relationships, from short-term momentum effects to long-
term structural dependencies.

Experimental results demonstrate substantial
improvements over existing state-of-the-art methods, with 23%
improvement in causal structure accuracy and significantly
enhanced temporal lag estimation precision. The framework
successfully identifies complex multi-sector causal pathways
that traditional methods miss, providing valuable insights into
market contagion mechanisms and systemic risk propagation
patterns. The multi-head attention analysis reveals that
different attention heads successfully specialize in identifying
distinct types of causal relationships, enabling comprehensive
analysis of the complex causal network structure inherent in
financial markets.

The practical implications of this work extend across
multiple domains of financial analysis. Portfolio managers
can leverage the identified causal relationships to improve
asset allocation strategies and risk management decisions,
particularly benefiting from the framework's ability to
identify regime-dependent causal relationships and multi-hop
causal pathways. Regulators can use the framework to
monitor systemic risk and assess the potential for crisis
propagation across market sectors, with the hierarchical
processing capability providing insights into how sector-
specific shocks can escalate into market-wide disruptions.

Future research directions include the extension of the
framework to incorporate alternative data sources such as
news sentiment and social media signals, which could be
processed through additional attention heads specialized for
textual information. The development of adaptive
mechanisms that can adjust the attention head configurations
in real-time based on changing market conditions represents
another promising avenue for enhancing the framework's
responsiveness to evolving market structures.

The successful integration of hierarchical modeling with
transformer architectures for causal discovery opens new
possibilities for understanding complex systems beyond
financial markets. The principles developed in this work can
potentially be applied to other domains characterized by
hierarchical organization and temporal dependencies, such as
supply chain analysis, epidemiological modeling, and climate
system analysis, where multi-level causal relationships play
crucial roles in system dynamics.

As financial markets continue to evolve with increasing
complexity and interconnectedness, the need for sophisticated
causal analysis tools becomes ever more critical. Our
Hierarchical Transformer Framework provides a robust
foundation for addressing these challenges while maintaining
the computational efficiency and interpretability required for
practical deployment in real-world financial applications. The
framework's ability to combine the representational power of
transformer architectures with domain-specific innovations
for financial causal discovery represents a significant step
forward in developing trustworthy and effective tools for
understanding complex financial market dynamics.
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