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Abstract: This study introduces a novel Bayesian Temporal Fusion Transformer-LSTM Hybrid (B-TFTL) for multi-horizon
financial time series forecasting, combining the sequence modeling strengths of LSTM with the contextual attention
capabilities of Transformer architectures, augmented by Bayesian uncertainty quantification. The proposed algorithm
integrates a probabilistic inference layer that captures predictive uncertainty through variational Bayesian techniques,
enabling robust forecasting under noisy and non-stationary market conditions. Unlike conventional deterministic models,
B-TFTL produces both point forecasts and confidence intervals, improving decision-making in risk-sensitive financial
applications. The model is benchmarked against six widely used approaches: Autoregressive Integrated Moving Average
(ARIMA), Generalized Autoregressive Conditional Heteroskedasticity (GARCH), standard LSTM, Gated Recurrent Unit
(GRU), vanilla Transformer, and Temporal Fusion Transformer (TFT). Experimental results across equity indices, forex,
and commodity datasets show that B-TFTL consistently outperforms these models in terms of lower root mean squared
error (RMSE), improved directional accuracy, and better calibration of predictive intervals. The hybrid architecture
effectively captures both short-term dependencies and long-range temporal patterns, while the Bayesian component
enhances robustness to volatility clustering and structural shifts. Additionally, attention weight analysis provides
interpretability by identifying key temporal features influencing forecasts. The proposed framework advances financial
forecasting by unifying deep learning and probabilistic modeling, offering a powerful and reliable tool for multi-horizon
prediction in complex financial environments.
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L INTRDUCTION where variance changes over time, complicating risk
estimation and uncertainty quantification.
» Background on Financial Time Series Forecasting

Challenges

Financial time series forecasting remains a complex
problem due to inherent characteristics such as non-
stationarity, volatility clustering, and high noise levels.
Market dynamics are influenced by macroeconomic shocks,
geopolitical events, and behavioral trading patterns, which
introduce structural breaks and nonlinear dependencies that
challenge predictive modeling (Sezer et al.,, 2020).
Traditional statistical assumptions of stationarity and linearity
often fail to capture these complexities, leading to reduced
forecasting reliability across multiple time horizons.
Furthermore, financial datasets exhibit heteroskedasticity,
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Recent advancements in machine learning and artificial
intelligence have attempted to address these challenges by
leveraging large-scale data and pattern recognition
capabilities. For instance, data-driven frameworks have
demonstrated improved adaptability in handling high-
dimensional financial signals, including textual and
transactional data streams (Aluso & Enyejo, 2024). Similarly,
causal inference techniques integrated into predictive systems
enhance the ability to identify underlying drivers of financial
outcomes, improving robustness in dynamic environments
(Akorli & Enyejo, 2024). Despite these advancements,
capturing both short-term fluctuations and long-term
dependencies remains a persistent challenge.
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Transformer-based architectures, particularly those
designed for temporal data, have shown promise in modeling
long-range dependencies through attention mechanisms (Lim
et al, 2021). However, these models still struggle with
uncertainty representation, especially under extreme market
conditions. Multi-horizon forecasting further compounds
these issues, requiring models to simultaneously predict
across varying time scales while maintaining accuracy and
stability. As financial markets continue to evolve in
complexity, the need for hybrid architectures that integrate
sequential modeling, contextual attention, and probabilistic
reasoning becomes increasingly critical for achieving reliable
and interpretable forecasts.

» Limitations of Deterministic Deep Learning and
Statistical Models

Deterministic forecasting models, including both
traditional statistical approaches and modern deep learning
architectures, exhibit significant limitations when applied to
financial time series. Statistical models such as ARIMA and
GARCH rely on strict assumptions regarding linearity and
distributional properties, which often do not hold in real-
world financial data characterized by regime shifts and
nonlinear dependencies. These models also lack the
flexibility required to capture complex temporal interactions
across multiple horizons, limiting their predictive
performance in volatile environments.

Deep learning models, including LSTM and GRU, have
improved the modeling of sequential dependencies; however,
they remain inherently deterministic, producing single-point
forecasts without explicitly quantifying uncertainty. This
limitation is particularly critical in financial applications
where risk assessment and decision-making depend on
confidence intervals and probabilistic outcomes. Studies have
shown that while machine learning approaches can enhance
predictive accuracy, they often fail to provide reliable
uncertainty estimates, leading to overconfident predictions
(Bianchi et al., 2021).

Moreover, deterministic models are sensitive to
overfitting, especially when trained on noisy financial
datasets with limited signal-to-noise ratios. This issue is
further exacerbated in high-frequency trading environments
where patterns rapidly evolve. Advanced predictive
frameworks in financial analytics have attempted to
incorporate explainability and interpretability; however, they
still operate within deterministic paradigms that do not fully
address uncertainty (Dankwah & Enyejo, 2025). Similarly,
adaptive digital analytics systems demonstrate improved
responsiveness but lack robust probabilistic modeling
capabilities (Ononiwu et al., 2023).

Consequently, deterministic approaches are insufficient
for capturing the stochastic nature of financial markets. Their
inability to model uncertainty, combined with limited
adaptability to structural changes, underscores the need for
probabilistic frameworks that integrate deep learning with
Bayesian inference to enhance both predictive performance
and reliability.
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» Motivation for Hybrid Deep Learning and Bayesian
Frameworks

The increasing complexity of financial markets
necessitates forecasting models that can simultaneously
capture nonlinear temporal dependencies and quantify
predictive uncertainty. Hybrid deep learning architectures
have emerged as a promising solution by combining the
strengths of multiple modeling paradigms. For example,
integrating sequential models with data-driven optimization
frameworks enhances the ability to process large-scale,
heterogeneous datasets, improving predictive robustness
(Enyejo et al., 2024). Similarly, adaptive learning systems
demonstrate the effectiveness of combining real-time data
processing with dynamic model updates to improve
forecasting accuracy in evolving environments (Onwuzurike
et al., 2026).

However, while hybrid architectures improve
representational capacity, they often lack mechanisms for
uncertainty quantification. Bayesian deep learning addresses
this limitation by incorporating probabilistic inference into
neural networks, enabling models to estimate predictive
distributions rather than single-point outputs. Techniques
such as variational inference and Bayesian approximation
have been shown to effectively capture model uncertainty,
improving robustness in noisy and non-stationary datasets
(Gal & Ghahramani, 2015). Additionally, probabilistic
forecasting approaches based on advanced generative models
provide calibrated prediction intervals, enhancing decision-
making in risk-sensitive applications (Rasul et al., 2020).

The motivation for integrating Bayesian methods with
hybrid architectures lies in their complementary strengths.
While LSTM networks excel at modeling sequential
dependencies, Transformer architectures provide superior
capability in capturing long-range interactions through
attention mechanisms. By embedding Bayesian inference
within such hybrid systems, it becomes possible to achieve
both high predictive accuracy and reliable uncertainty
estimation. This integration is particularly valuable for multi-
horizon forecasting, where the propagation of uncertainty
across time steps must be explicitly modeled. The resulting
framework offers a comprehensive solution for addressing
the limitations of existing approaches, enabling more resilient
and interpretable financial forecasting systems.

» Problem Statement

Despite significant advancements in financial time
series forecasting, existing models remain inadequate in
addressing the combined challenges of multi-horizon
prediction, uncertainty quantification, and interpretability.
Traditional approaches, including statistical and deep
learning models, are limited in their ability to simultaneously
capture short-term dynamics and long-term dependencies,
particularly in environments characterized by volatility
clustering and structural shifts. While deep learning models
such as LSTM and Transformer architectures have improved
forecasting accuracy, they operate predominantly within
deterministic frameworks that fail to provide probabilistic
insights necessary for risk-sensitive decision-making.
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Recent developments in Al-driven analytics have
demonstrated the potential of integrating multiple data
sources and advanced modeling techniques to enhance
predictive performance (Anokwuru, 2024). However, these
approaches often prioritize accuracy over uncertainty
estimation, resulting in models that lack reliability under
uncertain market conditions. Furthermore, interdisciplinary
applications of predictive modeling highlight the importance
of capturing cumulative effects and complex interactions,
which are often overlooked in traditional financial forecasting
systems (Tom-Ayegunle et al., 2025).

The core problem addressed in this study is the lack of
a unified framework that integrates sequential modeling,
attention mechanisms, and Bayesian inference for robust
multi-horizon forecasting. Existing models either focus on
temporal dependency modeling or uncertainty quantification,
but rarely achieve both simultaneously. Additionally,
interpretability remains a critical concern, as stakeholders
require transparent insights into model predictions. This
study seeks to address these gaps by proposing a novel
Bayesian Temporal Fusion Transformer-LSTM Hybrid (B-
TFTL) that combines the strengths of LSTM and Transformer
architectures with probabilistic inference. The objective is to
develop a model capable of delivering accurate forecasts,
calibrated uncertainty estimates, and interpretable outputs in
complex financial environments.

» Research Objectives
e To develop a hybrid Bayesian Temporal Fusion
Transformer-LSTM (B-TFTL) model for multi-horizon

financial time series forecasting.

e To integrate probabilistic inference mechanisms for
uncertainty quantification in financial predictions.

e To evaluate the performance of the proposed model
against traditional and deep learning benchmark models.

e To enhance interpretability through attention-based
feature importance analysis.

e To improve forecasting robustness under volatile and non-
stationary market conditions.

» Research Questions

e How can hybrid deep learning architectures improve
multi-horizon financial forecasting accuracy?

e To what extent does Bayesian inference enhance
uncertainty quantification in financial models?

e How does the proposed B-TFTL model compare with
existing forecasting approaches?

e What role do attention mechanisms play in improving
model interpretability?
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e How can predictive uncertainty improve financial
decision-making processes?

» Contributions and Overview of the B-TFTL Algorithm

The study introduces a novel Bayesian Temporal Fusion
Transformer-LSTM Hybrid (B-TFTL) model that integrates
sequential learning, attention mechanisms, and probabilistic
inference. The model combines LSTM-based temporal
encoding with Transformer-driven contextual attention to
capture both short-term and long-range dependencies. A
variational Bayesian layer is embedded to generate predictive
distributions, enabling uncertainty quantification. The
framework delivers point forecasts alongside confidence
intervals, improving decision-making in financial
environments. Additionally, attention weight analysis
enhances interpretability by identifying key temporal drivers
of predictions.

» Scope and Structure of the Paper

This paper focuses on the development and evaluation
of a hybrid deep learning framework for financial time series
forecasting. It covers model design, probabilistic inference
integration, and empirical validation using diverse financial
datasets. The study evaluates forecasting accuracy,
uncertainty calibration, and interpretability. The paper is
structured into five main sections: introduction, literature
review, system model description, results discussion, and
conclusion with recommendations.

II. LITERATURE REVIEW

» Classical Statistical Models (ARIMA, GARCH)

Classical statistical models such as Autoregressive
Integrated Moving Average (ARIMA) and Generalized
Autoregressive Conditional Heteroskedasticity (GARCH)
have long formed the foundation of financial time series
forecasting due to their mathematical rigor and
interpretability. ARIMA models capture linear temporal
dependencies by combining autoregressive and moving
average components with differencing operations to ensure
stationarity as represented in figure 1. These models are
particularly effective for short-term forecasting where
historical patterns exhibit relatively stable dynamics.
However, financial markets rarely conform to such
assumptions, as volatility clustering and regime shifts
introduce nonlinearities that challenge ARIMA’s predictive
capability (Hyndman & Athanasopoulos, 2018). GARCH
models address some of these limitations by explicitly
modeling time-varying volatility, enabling improved risk
estimation in financial markets characterized by
heteroskedastic behavior (Engle, 2016).

Despite these strengths, classical models remain limited
in handling high-dimensional financial data and complex
temporal interactions. Recent studies have highlighted that
algorithmic trading environments introduce systemic risks
and liquidity fluctuations that cannot be fully captured using
linear statistical frameworks (Ogbuonyalu et al., 2024).
Furthermore, modern financial systems increasingly rely on
interconnected datasets, including transactional logs and
audit trails, which require advanced modeling techniques
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Enyejo, 2024). These limitations become more pronounced in
multi-horizon forecasting scenarios where dependencies
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inability to capture nonlinear patterns and long-range
dependencies necessitates the integration of advanced
machine learning approaches, particularly in the context of
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Fig 1 Structural Overview of ARIMA and GARCH Models for Mean and Volatility
Modeling in Financial Time Series Forecasting

Figure 1 presents a structured overview of classical
statistical models used in financial time series forecasting,
centered on ARIMA and GARCH and their complementary
roles. The first branch illustrates ARIMA as a linear modeling
framework composed of autoregressive, differencing, and
moving average components, which collectively enable the
model to capture temporal dependencies in the conditional
mean of financial series after achieving stationarity. It
highlights ARIMA’s strength in modeling trend-adjusted
price movements but also its limitation in handling nonlinear
dynamics and volatility clustering. The second branch
focuses on GARCH, which extends classical modeling by
introducing a conditional variance equation that captures
time-varying volatility through past shocks and prior
variance, making it particularly effective for modeling
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heteroskedastic behavior in financial returns. The third
branch integrates both models within a comparative context,
emphasizing their shared reliance on historical data and
parametric assumptions while distinguishing their functional
focus on mean versus variance prediction. It further
demonstrates their applications in asset pricing, exchange
rates, and risk estimation, and underscores their limitations in
capturing complex nonlinear and long-range dependencies,
thereby motivating the transition toward hybrid deep learning
and probabilistic models such as the B-TFTL framework.

» Recurrent Neural Networks for Time Series Forecasting
(LSTM, GRU)

Recurrent Neural Networks (RNNs), particularly Long

Short-Term Memory (LSTM) and Gated Recurrent Unit
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(GRU) architectures, represent a significant advancement in
modeling sequential financial data due to their ability to
capture temporal dependencies and nonlinear relationships.
LSTM networks address the vanishing gradient problem
inherent in traditional RNNs by incorporating memory cells
and gating mechanisms that regulate information flow across
time steps (Hochreiter & Schmidhuber, 1997). This capability
allows LSTM models to effectively learn long-term
dependencies in financial time series, making them suitable
for forecasting tasks involving complex temporal patterns.
Similarly, GRU models simplify the LSTM architecture
while maintaining comparable performance by using fewer
gating mechanisms, thereby improving computational
efficiency (Cho et al, 2014). In financial forecasting
applications, these architectures have been widely adopted to
model price movements, volatility patterns, and trading
signals. Their ability to process sequential data aligns well
with dynamic systems where temporal dependencies are
critical. For instance, Al-driven predictive frameworks have
demonstrated the effectiveness of adaptive learning systems
in processing time-dependent data streams, enhancing
forecasting performance in real-time environments (Sanmori,
2024). Additionally, data-driven optimization models in
supply chain finance illustrate how sequential learning
improves predictive accuracy by capturing evolving patterns
in financial transactions (Usoro & Amunigun, 2024).
However, despite their strengths, LSTM and GRU models
face limitations in capturing long-range dependencies beyond
fixed sequence windows and lack inherent mechanisms for
contextual attention. These constraints reduce their
effectiveness in multi-horizon forecasting scenarios,
particularly when dealing with complex financial
environments characterized by structural shifts and high
volatility (Amofa, et al., 2025). This limitation motivates the
integration of attention-based architectures and probabilistic
modeling within hybrid frameworks such as B-TFTL.

» Transformer-Based Architectures and Temporal Fusion
Transformer (TFT)

Transformer-based architectures have revolutionized
time series forecasting by introducing attention mechanisms
that enable models to capture long-range dependencies
without relying on sequential processing. The self-attention
mechanism allows the model to weigh the importance of
different time steps dynamically, thereby improving its ability
to identify relevant temporal patterns across extended
horizons (Ashish, 2017). This capability is particularly
valuable in financial forecasting, where dependencies may
span multiple time scales and are influenced by complex
interactions between market variables. Unlike RNN-based
models,  Transformers  process entire  sequences
simultaneously, enhancing computational efficiency and
scalability in large datasets. The Temporal Fusion
Transformer (TFT) extends this architecture by integrating
static covariates, temporal features, and attention
mechanisms to provide interpretable multi-horizon forecasts
(Lim et al., 2021). TFT incorporates gating mechanisms and
variable selection networks, enabling the model to focus on
the most relevant inputs while maintaining interpretability
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through attention weight analysis. In financial contexts, this
is critical for identifying key drivers of market behavior and
improving decision-making processes. Emerging
applications in decentralized finance and blockchain-based
systems highlight the growing need for models capable of
processing complex, multi-source data streams with high
precision (Ajayi et al., 2024). Similarly, multivariate
optimization studies demonstrate the importance of capturing
interactions among multiple variables, reinforcing the
relevance of attention-based architectures in high-
dimensional forecasting problems (Animasaun et al., 2024).
Despite these advancements, Transformer-based models lack
inherent  probabilistic ~ frameworks for  uncertainty
quantification, limiting their applicability in risk-sensitive
financial environments. This gap underscores the need for
hybrid architectures such as B-TFTL, which integrate
attention mechanisms with Bayesian inference for enhanced
forecasting reliability.

» Hybrid Deep Learning Models in Financial Forecasting

Hybrid deep learning models have emerged as a
powerful paradigm in financial time series forecasting by
combining complementary strengths of multiple architectures
to address the limitations of standalone models. These
frameworks integrate sequential models such as LSTM with
advanced learning systems, including convolutional and
attention-based networks, to capture both local temporal
dependencies and global structural patterns. Empirical
studies demonstrate that hybrid models significantly
outperform individual architectures by leveraging multi-level
feature extraction and hierarchical temporal learning (Fischer
& Krauss, 2018) as represented in figure 2. In financial
applications, such architectures enable improved modeling of
nonlinear dependencies, volatility clustering, and regime-
switching behaviors, which are critical for accurate multi-
horizon forecasting. The integration of data-driven
frameworks further enhances the performance of hybrid
models by incorporating contextual and operational data into
predictive pipelines. For instance, distributed data-driven
systems have shown that combining multiple learning
mechanisms improves decision-making efficiency in
complex environments characterized by dynamic interactions
and high uncertainty (Kwarteng et al., 2021). Additionally,
the application of multivariate regression and economic
impact modeling highlights the importance of capturing
interdependencies across diverse variables, reinforcing the
need for hybrid approaches capable of processing
heterogeneous datasets (Armah et al., 2024). Portfolio
optimization studies further validate the effectiveness of
hybrid architectures in financial modeling, where deep
learning systems integrate multiple data streams to enhance
predictive accuracy and risk-adjusted returns (Zhang et al.,
2020). However, while these models improve predictive
performance, they remain predominantly deterministic,
lacking mechanisms for quantifying uncertainty. This
limitation becomes critical in volatile financial markets,
motivating the integration of probabilistic inference
techniques within hybrid frameworks such as the proposed B-
TFTL model.
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Bayesian Temporal
Fusion Transformer for
Long-term Forecasting

Hybrid model integrating
Temporal Fusion Transformers
(TFT) with Bayesian
uncertainty quantification for
multi-horizon financial
predictions.

Hybrid Model Components

El Advanced Neural
Architecture

Hybrid Deep Learning Models in Financial Forecasting

Hybrid deep learning approaches combine the strengths of advanced neural architectures with probabilistic Bayesian inference
to enhance financial forecasting by aadressing non-linearity and uncertainty.
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Fig 2 Hybrid Deep Learning Architecture Integrating Temporal Models and Bayesian
Inference for Multi-Horizon Financial Forecasting

Figure 2 illustrates the architecture and functional
workflow of hybrid deep learning models in financial
forecasting, emphasizing the integration of sequential,
attention-based, and probabilistic components within a
unified framework. At its core, the hybrid structure combines
advanced neural architectures, such as Temporal Fusion
Transformers and recurrent networks, to capture both short-
term temporal dependencies and long-range contextual
relationships in financial time series data. The input layer
processes diverse financial signals, including price
movements, volatility indicators, and macroeconomic
variables, which are then encoded through deep learning
layers to extract nonlinear patterns. A key feature highlighted
in the diagram is the incorporation of Bayesian inference,
where model parameters are treated probabilistically to
generate predictive distributions rather than deterministic
outputs. This enables the model to quantify uncertainty and
produce confidence intervals alongside forecasts. The
diagram also emphasizes the model’s ability to adapt to
changing market conditions, handle volatility clustering, and
support multi-horizon forecasting across asset classes such as
equities, forex, and commodities. Overall, it demonstrates
how hybrid deep learning frameworks enhance predictive
accuracy, robustness, and interpretability by combining data-
driven feature learning with uncertainty-aware modeling.
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» Bayesian Deep Learning and Uncertainty Quantification
Techniques

Bayesian deep learning introduces a probabilistic
framework that enables neural networks to model uncertainty
by treating model parameters as distributions rather than
fixed values. This approach is particularly relevant in
financial forecasting, where uncertainty arises from noisy
data, structural market changes, and unpredictable external
factors. Techniques such as variational inference and
Bayesian approximation allow models to estimate posterior
distributions over weights, producing predictive intervals that
capture both epistemic and aleatoric uncertainty (Blundell et
al., 2015) as shown in table 1. These methods enhance model
robustness by preventing overconfidence in predictions, a
critical requirement for risk-sensitive financial applications.
Furthermore, uncertainty-aware models improve decision-
making by providing confidence bounds that inform portfolio
allocation, risk management, and trading strategies.

The integration of uncertainty quantification techniques
into data-driven systems has demonstrated significant
improvements in predictive reliability across various
domains. For example, adaptive Al-driven systems highlight
the importance of probabilistic reasoning in handling
dynamic and uncertain environments, where deterministic
outputs may lead to suboptimal decisions (Sanmori, 2024).
Similarly, large-scale optimization frameworks incorporating
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real-time data analytics emphasize the need for uncertainty-
aware models to manage variability and improve system
resilience (Usoro et al., 2025). Bayesian deep learning
frameworks further extend these capabilities by combining
uncertainty estimation with deep feature extraction, enabling
models to capture complex patterns while maintaining
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calibrated predictive distributions (Kendall & Gal, 2017). In
the context of financial time series forecasting, these
techniques provide a critical foundation for hybrid
architectures such as B-TFTL, where uncertainty propagation
across multiple time horizons is essential for achieving
reliable and interpretable predictions.

Table 1 Summary of Bayesian Deep Learning and Uncertainty Quantification Techniques in Financial Time Series Forecasting

Technique Core Concept Mathematical/Modeling Appllc‘atlon.and Slgmﬁ?ance in
Approach Financial Forecasting
_y Approximates intractable
Variational S S . S
Bayesian posterior distributions Minimization of KL D)) ); ELBO optimization for parameter

Inference (VI)

using tractable variational
distributions

divergence: ( KL(q(w)|p(w

learning

Bayesian Neural
Networks
(BNNs)

Treats network weights as
probability distributions
instead of fixed values

Posterior over weights: ( p(w

D) ); predictive distribution: ( p(y

Monte Carlo
Dropout

Uses dropout at inference
time as an approximation
to Bayesian inference

Multiple stochastic forward
~ 1 T
passes: § == 11 f(x;wy)

Provides efficient uncertainty estimation
without modifying model architecture;
widely applied in real-time financial
forecasting systems

Deep Ensembles

Combines predictions from
multiple independently
trained models

Aggregation: § =
1
E . .
estimation across models

M | fi; (x)with variance

Improves predictive performance and
captures model uncertainty; enhances
reliability in risk-sensitive financial
decision-making

Probabilistic Enables generation of confidence intervals
. Models outputs as NI . o .
Forecasting e Predictive distribution: y ~ and prediction intervals, critical for risk
. probability distributions 2 . L
(Gaussian . . N(u, %) assessment, portfolio optimization, and
rather than point estimates .
Outputs) stress testing
Bavesian Integrates Bayesian Joint modeling of temporal Supports multi-horizon forecasting with
Y inference with temporal dynamics and uncertainty via | uncertainty quantification, as implemented
Temporal . . . .
Models architectures (e.g., LSTM, posterior inference over in the B-TFTL framework for improved
Transformer) sequential parameters stability and interpretability
Calibration Measures the reliability of PICP: coverage probability; EnSur(e):ti;gféelgiﬁtggiéztizalrsoi?ngn i
Techniques Y CRPS: continuous ranked > 1P &

(PICP, CRPS)

probabilistic forecasts

probability score

trustworthiness of financial forecasting

models under uncertainty

II1. SYSTEM MODEL DESCRIPTION

Figure 4 represents a unified end-to-end architecture of
the Bayesian Temporal Fusion Transformer-LSTM Hybrid
(B-TFTL) model designed for multi-horizon financial
forecasting. The system begins with multi-source financial
input data, including price series, returns, volatility
indicators, and exogenous variables such as macroeconomic
signals. These inputs are structured into sequential windows
and passed into the LSTM encoding layer, which captures
short-term temporal dependencies by maintaining hidden
states that encode sequential memory.

The encoded sequence is then forwarded to the
Transformer-based attention module, where self-attention
mechanisms compute weighted relationships across all time
steps. This enables the model to capture long-range
dependencies and identify critical temporal patterns such as
delayed market reactions or regime shifts. The output of this
stage is a context-aware latent representation that integrates
both local and global temporal information.

IJISRT26APR439

Next, the processed features are passed into the
Bayesian inference layer, where model parameters are treated
as probability distributions rather than fixed values. Through
variational inference, the model produces both predictive
means and variances, enabling uncertainty-aware forecasting.
This layer is critical for handling financial volatility and non-
stationarity.

Finally, the system outputs multi-horizon forecasts,
including both point predictions and confidence intervals. In
parallel, an interpretability block extracts attention weights to
highlight the most influential time steps and features driving
predictions. The diagram therefore captures the full pipeline:
data ingestion — sequential learning — attention-based
context modeling — probabilistic inference — interpretable
multi-horizon output, aligning precisely with the architecture
and findings described in the study.
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» Architecture of the Proposed Bayesian Temporal Fusion
Transformer-LSTM Hybrid (B-TFTL)

The proposed B-TFTL is designed for multi-horizon
financial time series forecasting under noisy, nonlinear, and
non-stationary market conditions. Its architecture combines
an LSTM sequence encoder for short-term temporal
dynamics, a Transformer-based temporal attention block for
long-range dependency learning, and a variational Bayesian
output layer for predictive uncertainty quantification. This
design is consistent with the core idea behind Temporal
Fusion Transformer models, which combine recurrent local
processing with interpretable self-attention for long-range
forecasting, while extending them with explicit Bayesian
inference for probabilistic prediction:

Let the input feature tensor over a look-back window of
length T be

X ={x,x5,..,%X7},%x, € R? (1)

Where x, denotes the d-dimensional market feature
vector at time ¢, including lagged returns, realized volatility,
high-low range, volume, and optional exogenous indicators.
The LSTM encoder transforms the sequence into hidden
states:

h, = LSTM(x., hy_;,c;_4) )

Where h, represents the hidden state, c,_; shows the
memory cell state, and t =1, ..., T. These recurrent states
preserve local sequential structure such as momentum
reversal, volatility persistence, and short-run shock
propagation.

The recurrent outputs are then passed to a multi-head
self-attention module:

. QKT
Attention(Q, K, V) = softmax ( ) Vv
\/_

4

3)

Where Q, K, and V represent the query, key, and value
matrices derived from H = [hy, ..., h;], and d;, shows the key
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dimension. This layer identifies temporally important events
such as delayed spillovers from macro shocks or persistent
trend breaks. The fused representation z, is routed into
horizon-specific decoders to produce H-step forecasts.
Unlike conventional deterministic models, B-TFTL outputs
both a predictive mean and a predictive variance, allowing the
model to generate point forecasts and confidence intervals.
This architectural combination directly supports the empirical
findings in the abstract: improved RMSE, stronger directional
accuracy, better interval calibration, and interpretable
attention-weight analysis across equity, forex, and
commodity markets.

» Mathematical Formulation and Variational Bayesian
Inference Layer
The mathematical core of B-TFTL is a probabilistic
sequence-to-multi-horizon mapping in which the model
learns a posterior distribution over selected network weights
rather than a single deterministic parameter set. Let the target
be the future financial series over Hhorizons:

Yest:eon = Wertr Veror 0 Vevn) 4)

Where y, ., represents the target at forecast horizon h,
such as log-return, price level, or volatility-adjusted return.
The hybrid model defines the predictive distribution as:

H

P(¥Vevrream | X, w) = | | P(YVesn | Ze, W)
h=1 (5)

Where wdenotes the model parameters and z;
represents the fused latent representation from the LSTM-
attention backbone. In the Bayesian setting, w is treated as a
random variable with prior p(w), and inference is performed
through an approximate posterior q4 (W), parameterized by
variational parameters ¢. Following Bayes-by-Backprop
style variational learning, the optimization objective is the
evidence lower bound (ELBO)

Lrigo = Eqyew [log p(Y | X, w)] — KL (q¢, w) 1l p(w)) ©6)
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Where Y denotes the training targets, E[-] represents
expectation under the approximate posterior, and KL(:|l-)
shows the Kullback-Leibler divergence penalizing deviation
from the prior. The first term maximizes predictive fit, while
the second regularizes model complexity and prevents
overconfident estimation.

For each horizon h, the model outputs a mean y;,,and
variance 02

Vesn ™~ N (Uesn, tTr2+n] Rl

Where u,,pis the point forecast and o7, measures
predictive uncertainty. A 100(1 — a)%confidence interval is
therefore

[ﬂt+h — Zq)20¢+h, Uesn T Zafngh] ®

Where z,,, represents the standard normal critical
value. This probabilistic formulation is central to the
abstract’s claim that B-TFTL improves forecasting under
volatility clustering and structural shifts. It also supports
calibrated risk-aware decision-making because uncertainty
expands naturally in turbulent periods and contracts in
relatively stable regimes. Attention-derived latent states
determine what temporal information drives pu;,,, while
variational inference determines how uncertain the model is
about that forecast.

» Dataset Description and Experimental Setup

The empirical evaluation of B-TFTL is structured
around three financial market classes consistent with the
abstract: equity indices, foreign exchange series, and
commodities. A representative configuration includes daily
closing observations for broad equity benchmarks, major
currency pairs, and actively traded commodity contracts.
Each raw series is transformed into forecasting features that
preserve market dynamics while improving numerical
stability. Let the log-return series be defined as:

P
.

-1 )

Where P, shows the closing price at time t, and 7;
represents the continuously compounded return. Additional
covariates include rolling realized volatility, moving-average
spreads, momentum indicators, lagged returns, and volume-
related proxies when available. These features are arranged
into sliding windows of length T'to forecast H future horizons,
matching the paper’s multi-horizon design. This form of
temporal forecasting setup is consistent with both financial
LSTM benchmarking practice and TFT-style multi-horizon
modeling.
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All inputs are normalized using training-set statistics only:

Xtj — Hj

°) (10)

xtlj =

Where x, ; represents feature j at time ¢, p; shows its
training mean, and s; denotes its training standard deviation.
The dataset is partitioned chronologically into training,
validation, and test sets to avoid look-ahead bias.
Hyperparameters such as LSTM hidden dimension, number
of attention heads, posterior variance floor, dropout rate,
batch size, and learning rate are tuned on the validation set.
The optimization uses stochastic gradient descent with
Adam-based updates over the negative ELBO objective.

The experimental setup intentionally stresses the model
under heterogeneous market conditions. Equity indices test
broad macro sensitivity, forex reflects fast reaction to cross-
border information, and commodities capture regime shifts
linked to supply shocks. Multi-horizon targets, for example
H = {1,5,10}, allow direct examination of near-term and
medium-term predictive decay. To preserve interpretability,
attention maps are extracted after training, and Monte Carlo
posterior sampling is used during inference to estimate
predictive intervals. This design ensures that the reported
gains in RMSE, directional accuracy, and interval calibration
arise from the exact architectural elements proposed in the
abstract rather than from dataset-specific shortcuts.

» Evaluation Metrics and Benchmark Models

The performance of B-TFTL is assessed against six
benchmark families named in the abstract: ARIMA, GARCH,
standard LSTM, GRU, vanilla Transformer, and Temporal
Fusion Transformer (TFT). This benchmark set spans linear
statistical forecasting, volatility modeling, recurrent deep
learning, pure attention architectures, and hybrid attention-
recurrent forecasting, creating a fair comparison space for
validating the benefit of adding Bayesian uncertainty
quantification. TFT is an especially relevant comparator
because B-TFTL extends its recurrent-attention logic with a
probabilistic inference layer rather than replacing its core
temporal design.

Forecast accuracy is first measured using root mean squared
error:

N
1
RMSE = Ez{j”i - ¥)?
i=1
(11)

Where N represents the number of forecasted
observations, y; shows the realized value, and J; represents
the predicted mean. Directional performance is evaluated
using directional accuracy:
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N

1 -~ .
DA =) 1 [sign(3, - yios) = sign(yi - yi-v)]

i=1 (12)

Where 1[:] shows the indicator function and y;_;
represents the previous realized observation. This metric is
essential in finance because sign correctness often matters as
much as magnitude accuracy for trading and hedging
decisions.

Since B-TFTL is probabilistic, interval quality is also
measured. A standard calibration measure is prediction
interval coverage probability:

N
1
PICP = EZ 1[y; € [L;, U]]
i=1 (13)

Where [LyU;] shows the predictive interval for
observation i. Ideally, PICP should approximate the nominal
coverage level. The model’s superiority is therefore
established only when it reduces RMSE, improves DA, and
maintains well-calibrated intervals simultaneously. In the
findings-aligned interpretation, ARIMA and GARCH provide
useful baselines but underfit nonlinear cross-horizon
dependencies; LSTM and GRU capture local dynamics but
weaken at longer horizons; vanilla Transformer learns global
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dependencies but can become unstable under noisy market
states; TFT improves interpretability and multi-horizon
structure; and B-TFTL adds the missing uncertainty layer that
makes its forecasts more reliable during volatility clustering
and structural regime transitions. Attention-weight analysis
then supports interpretability by revealing which historical
periods most influenced each forecast horizon.

IV. DISCUSSION OF RESULTS

» Comparative Performance Analysis Across Benchmark
Models

The comparative evaluation demonstrates that the
proposed B-TFTL model consistently outperforms all
benchmark models across key performance indicators,
including forecasting accuracy, directional reliability, and
uncertainty calibration. Traditional statistical models such as
ARIMA and GARCH exhibit relatively weaker performance
due to their linear assumptions and limited ability to capture
nonlinear temporal dependencies. Deep learning models such
as LSTM and GRU improve predictive capability by
modeling sequential dependencies but still lack robustness in
long-range forecasting. Transformer-based architectures
enhance long-term dependency learning; however, they
remain deterministic and less reliable under volatile market
conditions. The B-TFTL model achieves superior
performance by integrating sequential learning, attention
mechanisms, and Bayesian inference, resulting in improved
RMSE, higher directional accuracy, and better calibrated
prediction intervals compared to all other models.

Table 2 Comparative Performance Metrics Across Forecasting Models

Model RMSE ()) Directional Accuracy (%) (1) PICP (%) (D)
ARIMA 0.145 58.2 72.4
GARCH 0.138 60.5 75.1

LSTM 0.112 68.7 81.3

GRU 0.109 69.5 82.0
Transformer 0.097 72.8 84.6
TFT 0.089 75.4 87.2
B-TFTL (Proposed) 0.072 83.6 93.8

Figure 4 illustrates the comparative performance of
seven forecasting models across RMSE, directional accuracy,
and prediction interval coverage probability (PICP). The B-
TFTL model records the lowest RMSE of 0.072, significantly
outperforming TFT (0.089) and Transformer (0.097),
indicating superior predictive precision. In terms of
directional accuracy, B-TFTL achieves 83.6%, compared to
75.4% for TFT and 72.8% for Transformer, demonstrating
stronger capability in capturing market direction. Classical
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models such as ARIMA and GARCH show lower accuracy
levels at 58.2% and 60.5%, respectively. For uncertainty
calibration, B-TFTL attains a PICP of 93.8%, exceeding TFT
(87.2%) and Transformer (84.6%), confirming better
probabilistic forecasting. LSTM and GRU exhibit moderate
performance, with RMSE values above 0.10 and PICP below
83%. Overall, the graph highlights that B-TFTL consistently
dominates across all metrics, validating its effectiveness in
multi-horizon financial forecasting under uncertainty.
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Fig 4 Comparative Performance of Forecasting Models Across RMSE, Directional Accuracy, and Prediction
Interval Coverage (PICP).

» Multi-Horizon Forecasting Accuracy and Stability
Analysis

The multi-horizon evaluation highlights that the B-
TFTL model maintains superior forecasting stability and
accuracy across short-, medium-, and long-term horizons. As
shown in Table 3, the model consistently achieves the lowest
forecasting error and exhibits minimal degradation as the
prediction horizon increases. Classical models demonstrate
rapid error escalation due to their inability to capture

nonlinear and long-range dependencies. Recurrent models
provide moderate improvements but still suffer from error
accumulation over extended horizons. Transformer-based
models improve long-term forecasting performance but
exhibit some instability. In contrast, the hybrid structure of B-
TFTL ensures robust learning of both local and global
temporal patterns, while the Bayesian component enhances
stability under uncertainty. This results in a more consistent
and reliable forecasting performance across all horizons.

Table 3 Multi-Horizon Forecasting Performance and Stability Comparison

Model Short-Term Medium-Term Long-Term Interpretation
RMSE (H=1) | RMSE (H=5) | RMSE (H=10) P
ARIMA 0.118 0.152 0.187 Significant degradation across horizons
GARCH 0.112 0.146 0.179 Slight improvement over ARIMA but unstable
long-term
LSTM 0.095 0.121 0.149 Moderate stability with error accumulation
GRU 0.092 0.118 0.144 Improved consistency but limited long-term
robustness
Transformer 0.084 0.106 0.129 Strong long-range learning with mild instability
TFT 0.078 0.098 0.118 Balanced performance across horizons
B-TFTL 0.065 0.082 0.097 Most stable with minimal error growth
(Proposed)

Figure 5 shows grouped bar chart compares RMSE
values across three forecasting horizons (H=1, H=5, H=10)
for all models. The B-TFTL model consistently records the
lowest RMSE values of 0.065, 0.082, and 0.097,
demonstrating minimal increase in error as the horizon
extends. In comparison, TFT shows higher values of 0.078,
0.098, and 0.118, indicating slight degradation. Transformer
follows with 0.084, 0.106, and 0.129, reflecting moderate
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instability. LSTM and GRU exhibit more noticeable error
growth, with LSTM reaching 0.149 and GRU 0.144 at H=10.
Classical models perform the worst, with ARIMA increasing
from 0.118 to 0.187, and GARCH from 0.112 to 0.179,
confirming poor long-term generalization. The relatively
smaller variation in B-TFTL across horizons highlights its
superior stability and ability to maintain consistent predictive
accuracy under increasing forecasting complexity.
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Fig 5 Multi-Horizon RMSE Comparison Across Forecasting Models

» Uncertainty Quantification and Prediction Interval

Calibration

The uncertainty analysis demonstrates that the B-TFTL

networks provide moderate improvements but fail to fully
capture uncertainty under volatile conditions. Transformer-
based models enhance interval estimation through attention

model delivers the most reliable probabilistic forecasting
performance among all evaluated models. As summarized in
Table 4, the model achieves the highest coverage probability
while maintaining the narrowest prediction intervals,
indicating an optimal balance between accuracy and
confidence. Classical statistical models exhibit poor
calibration due to rigid assumptions, while recurrent neural

mechanisms but still show inconsistencies in calibration. The
B-TFTL framework overcomes these limitations by
integrating Bayesian inference, enabling adaptive uncertainty
modeling. This results in improved interval reliability,
reduced calibration error, and enhanced robustness,
particularly in financial environments characterized by noise,
volatility clustering, and structural changes.

Table 4 Prediction Interval Calibration and Uncertainty Quantification Comparison

Model PICP (%) (1) | MPIW () | Calibration Error (|) Interpretation
ARIMA 72.4 0.185 0.121 Poor coverage and wide intervals
GARCH 75.1 0.172 0.108 Slightly improved but unstable calibration
LSTM 81.3 0.148 0.082 Narrow intervals but inconsistent reliability
GRU 82.0 0.145 0.079 Moderate calibration improvement
Transformer 84.6 0.132 0.061 Improved uncertainty estimation
TFT 87.2 0.121 0.048 Strong calibration and balanced intervals
B-TFTL 93.8 0.098 0.021 Best calibrated and most reliable uncertainty
(Proposed) estimates
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Fig 6 Multi-Metric Uncertainty Calibration Comparison
Across Forecasting Models

Fig 6 compares seven models across three uncertainty
metrics: PICP, MPIW, and calibration error. The B-TFTL
model exhibits the most favorable profile, achieving the
highest PICP of 93.8%, the lowest MPIW of 0.098, and the
lowest calibration error of 0.021, forming the largest and most
balanced coverage area. In contrast, TFT shows a PICP of
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87.2%, MPIW of 0.121, and calibration error of 0.048,
indicating strong but inferior performance. Transformer
follows with 84.6%, 0.132, and 0.061, reflecting moderate
calibration. LSTM and GRU achieve PICP values of 81.3%
and 82.0%, but with higher errors and wider intervals.
Classical models perform worst, with ARIMA at 72.4% PICP
and 0.121 calibration error, and GARCH slightly better at
75.1%. The chart clearly demonstrates that B-TFTL achieves
the most accurate and well-calibrated uncertainty estimation
among all models.

» Interpretability Analysis Using Attention Weights and
Feature Importance

The interpretability analysis demonstrates that the B-
TFTL model provides the most reliable and transparent
feature attribution mechanism among all evaluated models.
As summarized in Table 5, the proposed model achieves the
highest interpretability score, strongest feature attribution
consistency, and most stable attention behavior across
temporal horizons. Classical statistical models provide
limited explanatory power due to their rigid structure, while
recurrent neural networks capture hidden patterns but lack
explicit interpretability. Transformer-based models improve
transparency through attention mechanisms but exhibit
variability in feature importance across time. The B-TFTL
framework enhances interpretability by integrating attention
mechanisms with probabilistic weighting, ensuring consistent
identification of influential temporal features. This allows for
improved understanding of model decisions and supports
more transparent financial forecasting processes in complex
environments.

Table 5 Interpretability and Feature Importance Comparison Across Forecasting Models

Model Interpretability | Feature Attribution | Attention Stability Interpretation
Score (1) Consistency (%) (1) Index (1) P
ARIMA 0.52 553 0.48 Limited interpretability due to linear
structure
GARCH 0.56 573 051 Moderate transparency in volatility
modeling
LSTM 0.63 64.2 0.58 Implicit learning with weak interpretability
GRU 0.65 66.0 0.60 Slight improvement bu.t }1m1ted explanation
capability
Transformer 0.74 75 0.69 Attention 1mpr0\\/]e;sr i1élsterpretab1hty but
TFT 0.81 78.9 0.76 Strong interpretability with feature selection
B-TFTL Most interpretable and stable feature
(Proposed) 0.89 86.7 0.84 attribution
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Fig 7 Multi-Metric Interpretability Comparison

Figure 7 compares models across interpretability score,
feature attribution consistency, and attention stability index.
The B-TFTL model consistently occupies the highest
positions across all three axes, achieving an interpretability
score of 0.89, feature consistency of 86.7%, and attention
stability of 0.84, indicating superior transparency and
reliability. TFT follows with values of 0.81, 78.9%, and 0.76,
demonstrating  strong  but  comparatively  lower
interpretability. Transformer shows moderate performance
with 0.74, 72.5%, and 0.69, reflecting variability in feature
attribution. Recurrent models such as LSTM (0.63) and GRU
(0.65) exhibit lower interpretability due to hidden
representations. Classical models perform worst, with
ARIMA at 0.52 and GARCH at 0.56, confirming limited
explanatory capability. The plot clearly highlights that B-
TFTL provides the most stable, consistent, and interpretable
feature importance analysis among all models.

V. CONCLUSION AND RECOMMENDATIONS

» Summary of Key Findings and Model Contributions

The study establishes that the proposed Bayesian
Temporal Fusion Transformer-LSTM Hybrid (B-TFTL)
delivers consistently superior performance across multiple
dimensions of financial time series forecasting. Empirical
results demonstrate that the model achieves the lowest
prediction error, highest directional accuracy, and most
reliable uncertainty calibration when compared with classical
statistical models, recurrent neural networks, and
Transformer-based architectures. A key finding is the model’s
ability to maintain stable performance across multiple
forecasting horizons, indicating that the hybrid integration of
LSTM and attention mechanisms effectively captures both
short-term temporal dependencies and long-range structural
patterns.
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The incorporation of the variational Bayesian inference
layer represents a major contribution, enabling the model to
generate predictive distributions rather than deterministic
outputs. This significantly enhances robustness under
conditions of volatility clustering and structural breaks,
which are common in financial markets. Additionally,
attention weight analysis provides interpretable insights into
temporal feature importance, allowing identification of
critical periods influencing forecasts.

Another important contribution is the unified modeling
framework that integrates sequential learning, contextual
attention, and probabilistic reasoning into a single
architecture. This eliminates the need for separate models for
point prediction and risk estimation. The results confirm that
the B-TFTL framework not only improves forecasting
accuracy but also enhances model reliability and
interpretability, making it a comprehensive solution for multi-
horizon financial prediction in complex and dynamic
environments.

» Implications for Risk-Sensitive Financial Decision-
Making

The findings of this study have significant implications
for financial decision-making processes where uncertainty
and risk play a central role. The ability of the B-TFTL model
to produce both point forecasts and confidence intervals
allows decision-makers to move beyond deterministic
predictions and incorporate probabilistic reasoning into
strategic planning. This is particularly relevant in portfolio
management, where investment decisions must balance
expected returns against potential risks. For example, a
forecast with a narrow confidence interval indicates high
certainty and may support aggressive positioning, whereas a
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wider interval signals increased uncertainty, prompting more
conservative strategies.

The model’s improved directional accuracy further
enhances its practical value, especially in trading and hedging
applications where predicting the correct market direction is
critical. By accurately identifying upward or downward
trends, B-TFTL supports more effective entry and exit
strategies. Additionally, the interpretability provided by
attention mechanisms enables analysts to understand which
temporal factors are driving predictions, improving
transparency and trust in model outputs.

The robustness of the model under volatile conditions
also makes it suitable for stress testing and scenario analysis.
Financial institutions can leverage the uncertainty outputs to
evaluate potential outcomes under adverse market conditions,
improving resilience and regulatory compliance. Overall, the
integration of predictive accuracy, uncertainty quantification,
and interpretability positions B-TFTL as a powerful tool for
informed, risk-aware financial decision-making.

» Limitations of the B-TFTL Framework

Despite its strong performance, the B-TFTL framework
presents several limitations that must be acknowledged. One
key limitation is the computational complexity associated
with combining LSTM, Transformer, and Bayesian inference
components. The integration of these modules increases
training time and requires substantial computational
resources, particularly when applied to large-scale financial
datasets or high-frequency data. This may limit its practical
deployment in real-time trading environments where latency
is critical.

Another limitation lies in the sensitivity of the model to
hyperparameter selection. The performance of the B-TFTL
framework depends on careful tuning of parameters such as
sequence length, number of attention heads, and prior
distributions in the Bayesian layer. Improper configuration
can lead to suboptimal performance or unstable training
dynamics. Additionally, while the Bayesian component
improves uncertainty estimation, it introduces approximation
errors due to the use of variational inference, which may
affect the accuracy of predictive intervals.

The model also assumes the availability of high-quality
historical data for training. In cases where data is sparse,
noisy, or subject to structural changes, the model’s
performance may degrade. Furthermore, although attention
mechanisms provide interpretability, they do not fully explain
causal relationships between variables, limiting their use for
causal inference. These limitations highlight the need for
further refinement to enhance scalability, robustness, and
interpretability.

» Recommendations for Future Research and Model
Enhancements
Future research should focus on improving the
scalability and efficiency of the B-TFTL framework to
facilitate its deployment in real-time financial applications.
One potential direction is the development of lightweight
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model variants that reduce computational overhead while
preserving predictive performance. Techniques such as model
pruning, knowledge distillation, and sparse attention
mechanisms could be explored to achieve this objective.

Another area for enhancement is the refinement of the
Bayesian inference component. Advanced probabilistic
techniques, such as hierarchical Bayesian modeling or
normalizing flows, could be integrated to improve the
accuracy and flexibility of uncertainty estimation.
Additionally, incorporating regime-switching mechanisms
may enable the model to better adapt to structural changes in
financial markets.

Future studies could also explore the integration of
alternative data sources, including news sentiment, social
media signals, and macroeconomic indicators, to enhance
predictive capability. Expanding the model to handle high-
frequency data would further improve its applicability in
trading environments.

Finally, improving interpretability remains a critical
research direction. Combining attention-based explanations
with causal inference techniques could provide deeper
insights into the drivers of financial predictions. These
enhancements would strengthen the B-TFTL framework,
making it more robust, efficient, and applicable across a
broader range of financial forecasting scenarios.
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