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Abstract. Accurate forecasting of financial market volatility remains a central challenge due to nonlinear dy-

namics, volatility clustering, and regime-dependent behavior in financial time series. While econometric volatility

models capture conditional heteroskedasticity, deep learning architectures provide flexible nonlinear modeling ca-

pabilities. However, existing approaches often treat these paradigms independently or combine them post hoc,

limiting their ability to jointly exploit statistical structure and representation learning. This study addresses this

gap by proposing a hybrid architecture that integrates GARCH-family models directly within an attention-based

Transformer through representation-level learning. We develop a Multi-GARCH Transformer architecture that

embeds conditional variance estimates from multiple GARCH-family models into the input representation of a

Transformer encoder. This hybrid architecture functions as a heterogeneous ensemble in which complementary

volatility dynamics are integrated at the feature level and adaptively weighted through self-attention. The analysis

uses daily stock returns of Safaricom from 2015 to 2024.The study combines descriptive statistics, economet-

ric modeling, and transformer-based hybrid forecasting. Model performance is evaluated using quasi-likelihood
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(QLIKE), RMSE, and MAE, alongside statistical comparison using the Diebold-Mariano test. Empirical find-

ings confirm that the Multi-GARCH-Transformer ensemble achieves superior out-of-sample volatility forecasting

performance by embedding complementary econometric signals within an attention-based architecture. This hy-

brid model delivers the strongest performance under QLIKE and exhibits statistically significant improvements

validated through Diebold-Mariano testing. The observed training behavior indicates more stable convergence

and stronger generalization than non-hybrid architectures, reinforcing the effectiveness of representation-level en-

semble learning. The results highlight the advantages of integrating econometric theory with attention-based deep

learning through feature-level hybridization. By jointly modeling structured volatility dynamics and nonlinear tem-

poral dependencies, the approach improves forecasting robustness, interpretability, and predictive accuracy. This

study contributes to the intersection of financial econometrics and deep learning by introducing a hybrid ensemble

modeling strategy for complex and evolving market environments.

Keywords: volatility forecasting; hybrid ensemble learning; GARCH models; transformer architecture; financial

time series.

2020 AMS Subject Classification: 91G70.

1. INTRODUCTION

Accurate modelling and forecasting of financial market volatility remain challenging in quan-

titative finance, with critical implications for risk management, derivative pricing, portfolio op-

timisation and financial stability assessment. Financial return series exhibit well-documented

stylised characteristics, including heavy-tailed distributions, volatility clustering, leverage ef-

fects and nonlinear temporal dependence [1, 12, 15]. These empirical properties complicate

predictive modelling and require methodologies capable of capturing both structured statistical

dynamics and complex nonlinear behaviour. Developing forecasting frameworks that combine

theoretical foundations with flexible representation learning, therefore, represents a key research

frontier.

Traditional econometric volatility models, particularly ARCH and GARCH-family, have pro-

vided foundational tools for modelling conditional heteroskedasticity in financial returns. The

ARCH model introduced by Engle [1] and its generalization by Bollerslev [12] established

statistically grounded approaches for modelling time-varying variance dynamics. Later exten-

sions, including EGARCH [13] and GJR-GARCH [14], incorporated asymmetric responses

to shocks and leverage effects which improved representation of observed market behaviour.
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Therefore, although these models possess strong theoretical foundations and interpretability,

their parametric structure constrains their ability to represent nonlinear dynamics, regime shifts

and long-range dependencies in evolving financial markets.

Recent machine learning advancements have introduced powerful data-driven approaches ca-

pable of modelling complex temporal structures. Deep learning architectures suchas recurrent

neural networks and long short-term memory models, have demonstrated promising perfor-

mance in financial forecasting tasks [16, 17]. Specifically, attention-based architectures such

as Transformers have transformed sequence modelling by enabling efficient learning of long-

range dependencies through self-attention mechanisms [8]. The Transformer variants designed

for long time-series forecasting, including Informer [9], further underscore the potential of

attention-based learning for complex temporal prediction problems. However, these approaches

often lack explicit incorporation of domain-specific statistical knowledge, potentially reducing

interpretability and robustness when applied to noisy and non-stationary financial environments.

Consquently, Hybrid ensemble modelling strategies have emerged as a promising direction

for combining econometric theory with deep learning flexibility [10, 4]. Existing hybrid models

typically integrate models sequentially or combine outputs after independent estimation which

limits the ability of deep architectures to fully exploit structured statistical information during

representation learning. Emerging market financial series often exhibit heightened structural

instability, liquidity constraints and evolving volatility regimes which motivates hybrid ap-

proaches that combine statistical robustness with flexible representation learning. Consequently,

an important research gap remains in developing hybrid architectures that embed econometric

volatility signals directly into deep learning pipelines in a principled and integrated manner.

Therefore, this study proposes a hybrid Multi-GARCH-Informed Transformer architecture

for volatility forecasting that explicitly addresses this gap.This ensemble architecture embeds

conditional variance estimates from multiple GARCH-family models directly into the input

representation of a Transformer encoder. This feature-level integration enables the attention

mechanism to jointly learn persistence, asymmetry and nonlinear temporal dependencies, al-

lowing structured econometric volatility dynamics and flexible deep learning representations to

interact during model training.
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The main objective of this study was to develop and empirically evaluate a principled hybrid

Multi-GARCH-Transformer architecture that integrates econometric volatility modelling with

attention-based deep learning in order to improve the accuracy, robustness and interpretability

of financial volatility prediction, using Safaricom daily stock returns as Data-driven analysis

case study.

The study makes three key contributions. First, it proposes a hybrid Multi-GARCH-

Transformer architecture that embeds econometric volatility signals directly within a Trans-

former, allowing structured statistical information to guide representation learning rather than

combining outputs post hoc. Second, it provides strong out-of-sample evidence of statistically

significant improvements in volatility forecasting within an emerging market context. Third,

it demonstrates how integrating econometric modelling with attention-based learning enhances

robustness, interpretability, and predictive stability in financial time-series forecasting.

2. METHODS

This study developed a hybrid Multi-GARCH-Transformer ensemble volatility forecasting

architecture that integrates econometric volatility modelling with deep learning through an

encoder-only Transformer architecture. This methodology combines the statistical structure of

multiple GARCH-family models with attention-based representation ensemble learning which

enables joint modelling of persistence, asymmetry and nonlinear temporal dependencies. This

model architecture consists of data transformation, econometric volatility estimation, ensemble-

based hybrid feature construction, Transformer-based sequence modelling and systematic eval-

uation with statistical testing.

2.1. Data source and computational environment. Daily closing price data for Safaricom

PLC were retrieved from publicly available financial market databases, specifically Market-

Watch (https://www.marketwatch.com), covering the full empirical study period(2015-2024).

Logarithmic returns were computed from adjusted closing prices to ensure temporal consis-

tency, scale invariance and comparability in volatility modelling. Missing values were imputed

using cubic spline interpolation, where for a series of points (xi,yi) the cubic spline S(x) on

each interval [xi,xi+1] is defined as

https://www.marketwatch.com
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(1) Si(x) = ai +bi(x− xi)+ ci(x− xi)
2 +di(x− xi)

3, i = 1, . . . ,n−1.

All analyses were conducted using Python version 3.10. Econometric volatility models were

estimated using arch and statsmodels, while Transformer-based architectures were imple-

mented in PyTorch. Data preprocessing, feature scaling, and transformations utilised NumPy,

pandas, and scikit-learn. A strict chronological split was applied to preserve tempo-

ral structure and avoid information leakage. Reproducibility was ensured using fixed random

seeds. Hyperparameters (learning rate, window size, attention heads and encoder depth) were

selected through validation-based optimisation. Standardisation (zero mean, unit variance) was

applied to all input features:

(2) xstd =
x−µ

σ
,

where µ and σ are the mean and standard deviation estimated from the training set.

2.2. Problem formulation and data transformation. Let Pt denote the daily closing price at

time t. Logarithmic returns are defined as

(3) rt = log(Pt)− log(Pt−1),

which ensures scale invariance and stabilizes variance. The forecasting objective is the condi-

tional variance

(4) σ
2
t = E[r2

t |Ft−1],

where Ft−1 denotes the information set available at time t−1. Realised volatility (RV) serves

as a proxy for latent volatility and its logarithm is used as the prediction target to improve

numerical stability during neural network training. The explicit one-step-ahead target is

(5) yt = log(RVt+1 + ε), ε = 10−12.

2.3. Econometric volatility modelling. Three GARCH-family models capture complemen-

tary volatility dynamics, differently.

GARCH(1,1). The standard GARCH Model [1, 12] is defined as
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(6) σ
2
t = ω +αε

2
t−1 +βσ

2
t−1,

where εt denotes innovation terms.

EGARCH(1,1). The exponential GARCH model [13] captures asymmetric responses through

(7) logσ
2
t = ω +β logσ

2
t−1 +α

(
|εt−1|
σt−1

−
√

2
π

)
+ γ

εt−1

σt−1
,

where the term E[|εt−1/σt−1|] =
√

2/π under normality.

GJR-GARCH(1,1). The GJR-GARCH process [14] models leverage effects:

(8) σ
2
t = ω +αε

2
t−1 + γI{εt−1<0}ε

2
t−1 +βσ

2
t−1,

where I{·} is an indicator function which captures asymmetric responses to negative shocks.

All parameters are estimated exclusively on the training set to prevent information leakage.

One-step-ahead conditional variance forecasts are generated recursively and used as structured

inputs.

2.4. Hybrid feature construction. The proposed hybrid Multi-GARCH-Transformer archi-

tecture adopts an ensemble-learning perspective by combining multiple heterogeneous econo-

metric volatility estimators into a unified feature representation. Rather than aggregating fore-

casts through traditional model averaging or voting strategies [11], the ensemble is constructed

at the feature level, where conditional variance estimates from complementary GARCH-family

models serve as structured inputs to the Transformer encoder. This representation-level ensem-

ble design allows the neural architecture to learn adaptive weighting and interaction patterns

among ensemble members during training, effectively integrating diverse statistical represen-

tations of volatility dynamics. Embedding structured domain knowledge directly within repre-

sentation learning has been shown to improve generalisation and interpretability by introducing

inductive biases that constrain the hypothesis space [3, 6]. Similar hybrid econometric-deep

learning approaches demonstrate that integrating model based statistical signals with neural

architectures enhances forecasting robustness in financial time series [10]. Let

(9) vt =
[
σ

2
t,GARCH,σ

2
t,EGARCH,σ

2
t,GJR

]>
,

denote econometric volatility signals. Hybrid feature vectors are defined as
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(10) zt = [rt ,vt ],

allowing the Transformer to jointly learn from raw returns and structured econometric volatility

information.

2.5. Transformer encoder architecture. An encoder-only Transformer architecture [8] pro-

cesses hybrid sequences (Figure 1). Inputs are embedded, augmented with positional encoding,

and passed through stacked encoder blocks comprising multi-head self-attention, feed-forward

layers, residual connections and layer normalization. The sinusoidal positional encoding [8] for

position p and dimension i is given by

(11) PE(p,2i) = sin
(

p
100002i/dmodel

)
, PE(p,2i+1) = cos

(
p

100002i/dmodel

)
.

FIGURE 1. Refined encoder-only Transformer architecture for volatility fore-

casting with hybrid inputs.
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Given window length L, the input sequence is

(12) Xt = [zt−L+1, . . . ,zt ].

Self-attention is computed as

(13) Attention(Q,K,V ) = softmax
(

QK>√
dk

)
V.

The encoder output is mapped to a one-step-ahead volatility forecast:

(14) ŷt = fθ (Xt),

where fθ (·) denotes the Transformer parameterized by θ .

2.6. Model taxonomy and experimental configurations. To systematically evaluate the

contribution of ensemble components and hybrid feature integration, twelve model variants

are defined (Table 1).

TABLE 1. Model taxonomy and experimental configurations.

Model ID Model Name Input Features Description

M1 Baseline Transformer (Standard) rt Returns-only Transformer

M2 Baseline Transformer (Residual) rt Returns-only with residual correction

M3 GARCH-Informed (Standard) [rt ,σ
2
GARCH ] Hybrid with GARCH input

M4 GARCH-Informed (Residual) [rt ,σ
2
GARCH ] Residual hybrid

M5 EGARCH-Informed (Standard) [rt ,σ
2
EGARCH ] Asymmetric hybrid

M6 EGARCH-Informed (Residual) [rt ,σ
2
EGARCH ] Residual asymmetric hybrid

M7 GJR-Informed (Standard) [rt ,σ
2
GJR] Leverage-aware hybrid

M8 GJR-Informed (Residual) [rt ,σ
2
GJR] Residual leverage-aware hybrid

M9 Multi-GARCH-Only (Standard) vt Volatility-only Transformer

M10 Multi-GARCH-Only (Residual) vt Residual volatility-only model

M11 Multi-GARCH-Informed (Standard) [rt ,vt ] Full hybrid architecture

M12 Multi-GARCH-Informed (Residual) [rt ,vt ] Residual-enhanced full hybrid

Residual variants incorporate linear econometric correction:

(15) ŷt+1 = fθ (Xt)+w>zt ,
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Prediction-level ensembles are also constructed from the single-hybrid models (GARCH,

EGARCH, GJR). The simple average ensemble is

(16) ŷavg
t =

1
3

(
ŷGARCH

t + ŷEGARCH
t + ŷGJR

t

)
,

and the validation-weighted ensemble solves

(17) w∗ = argmin
w≥0

∑
t∈val

(
yt−

3

∑
k=1

wkŷ(k)t

)2

, s.t.
3

∑
k=1

wk = 1,

with weights applied as ŷweighted
t = ∑k w∗k ŷ(k)t .

2.7. Evaluation metrics and statistical testing. Forecast accuracy is evaluated using RMSE,

MAE and the quasi-likelihood loss (QLIKE):

(18) QLIKE =
1
T

T

∑
t=1

(
RVt

σ̂2
t
− log

RVt

σ̂2
t
−1
)
.

Statistical significance of performance differences is assessed using the Diebold-Mariano test

[18]:

(19) DM =
d̄√

σ̂2
d/T

,

where d̄ denotes the mean loss differential, and σ̂2
d is a heteroskedasticity and autocorrela-

tion consistent (HAC) variance estimator. This predictive architecture integrates econometric

volatility estimation, hybrid ensemble feature construction and Transformer-based sequence

modelling within a unified approach designed to jointly leverage statistical structure and deep

representation learning for volatility forecasting.

3. RESULTS AND DISCUSSION

This section presents Experimental results of modelling and forecasting the volatility of Sa-

faricom daily stock returns using econometric benchmark models and hybrid Transformer ar-

chitectures. Results are organized to evaluate statistical properties of the data, adequacy of

econometric volatility models, comparative out-of-sample forecasting performance and impli-

cations for volatility-driven risk assessment. All model variants are trained using identical data
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splits, preprocessing procedures and optimisation settings to ensure fair and unbiased compar-

ison. Importantly, the proposed ensemble architecture operates as a heterogeneous ensemble

learning system in which multiple econometric volatility estimators provide complementary

and different structured signals that are jointly integrated within the Transformer representation

space through representation-level ensemble learning. Unlike classical ensemble aggregation

methods, weighting of component signals is learned implicitly via the attention mechanism

whcih enables adaptive integration of heterogeneous volatility perspectives across time.

3.1. Descriptive statistics and stylised facts. Table 2 shows summarises of distributional

properties of daily closing prices. The sample contains 2,498 observations with substantial

dispersion, reflecting evolving market conditions and structural variability typical of emerg-

ing equity markets. The Positive skewness indicates asymmetric upward price movements,

while negative kurtosis suggests deviations from Gaussian assumptions and potential regime-

dependent behaviour. These characteristics motivate modelling approaches capable of capturing

nonlinear and time-varying volatility dynamics.

TABLE 2. Descriptive statistics of daily closing prices

Series Count Mean Std Min 25% 50% 75% Max Skewness Kurtosis

Price 2498 24.3564 8.0438 11.65 16.85 24.25 29.25 44.95 0.5187 -0.6181

Table 3 Daily log returns exhibit heavy tails, excess kurtosis and strong rejection of nor-

mality (JB = 1972.43, p < 0.001), confirming canonical stylised facts of financial time series

including volatility clustering and conditional heteroskedasticity [1, 12, 15]. These methods

justify the joint use of econometric volatility models which encode persistence and asymmetry,

together with flexible attention-based architectures capable of modelling nonlinear and regime-

dependent variance dynamics.

TABLE 3. Descriptive statistics of daily log returns

Series Count Mean Std Min 25% 50% 75% Max Skewness Kurtosis JB p-value

Return 2497 0.000075 0.01702 -0.10385 -0.00770 0.00000 0.00777 0.09531 0.0625 4.3634 1972.43 0.0000
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Figure 2 presents the daily closing price series and reveals pronounced non-stationary be-

haviour characterised by trending dynamics and evolving variance over time. The absence of

mean-reverting behaviour in levels suggests violation of weak stationarity assumptions, moti-

vating analysis in log-return space where differencing stabilises statistical properties and re-

moves stochastic trends.

Figure 3 provides an alternative visualisation of the price dynamics through a time-series

representation of daily closing prices, further highlighting structural changes and persistence in

levels. The apparent temporal dependence in price levels reinforces the need for transformation

into returns prior to modelling, as direct modelling in levels may lead to spurious inference.

FIGURE 2. Daily closing price series illustrating non-stationary behaviour.

FIGURE 3. Time-series plot of daily closing prices.
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Autocorrelation analysis of higher-order moments, as illustrated in Figure 4, reveals signifi-

cant and slowly decaying dependence in squared returns. This behaviour provides strong em-

pirical evidence of volatility clustering and persistent conditional heteroskedasticity, supporting

the inclusion of GARCH-family models as structured inductive biases within the hybrid mod-

elling framework. Such models explicitly capture variance persistence, while attention-based

architectures allow flexible modelling of nonlinear and regime-dependent volatility dynamics.

FIGURE 4. Autocorrelation function of squared returns showing volatility clustering.

3.2. Econometric benchmark evaluation. The lag-order selection guided by the Bayesian

Information Criterion consistently favours parsimonious (1,1) specifications across all

GARCH-family models, reflecting the well established empirical finding that low order volatil-

ity dynamics often capture the dominant persistence structure in financial returns [12]. Within

this modelling architecture, the standard GARCH model provides a baseline representation

of conditional variance dynamics through symmetric responses to shocks, capturing volatil-

ity persistence via lagged squared innovations and lagged conditional variance. The EGARCH

specification extends this structure by modelling volatility in logarithmic form and introduc-

ing asymmetric magnitude sensitivity, thereby allowing volatility responses to depend on both

the size and sign of past shocks. In contrast, the GJR-GARCH model explicitly operationalises

leverage effects, enabling negative shocks to exert disproportionately stronger impacts on future

volatility relative to positive shocks of comparable magnitude [14].
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Estimated parameters obtained in this study reveal pronounced persistence across all spec-

ifications, indicating gradual decay of volatility shocks and confirming the presence of long-

memory dynamics in conditional variance processes. These findings are consistent with the

stylised behaviour of equity return volatility and reinforce the role of GARCH-family models

as structurally grounded econometric benchmarks.

From a representation-learning perspective, the econometric models are interpreted not

merely as competing alternatives but as components of a heterogeneous ensemble of structured

volatility representations. Each model contributes a distinct inductive bias reflecting different

aspects of volatility dynamics: persistence and mean-reverting conditional variance captured by

GARCH, asymmetric magnitude responses encoded by EGARCH, and leverage-driven asym-

metry formalised by GJR-GARCH. Treating these models as complementary signal generators

extends hybrid forecasting paradigms that integrate statistical modelling with neural represen-

tation learning rather than relying on single-model assumptions [7].

Embedding these complementary econometric structures directly into the learning pipeline

constrains the hypothesis space toward financially meaningful temporal patterns, thereby im-

proving model generalisation while preserving economic interpretability. Such representation-

level integration aligns with modern advances in deep learning theory, which emphasise the role

of domain-specific inductive biases in guiding representation learning and stabilising optimisa-

tion in complex sequential forecasting tasks [3, 10].

3.3. Out-of-sample forecasting performance. Table 4 shows forecasting accuracy across

model variants. The Multi-GARCH-Informed Transformer (Standard) achieves the lowest

QLIKE value (-0.719), indicating reduced variance mis-specification and superior conditional

variance forecasting performance. Improvements are consistent across multiple metrics, sug-

gesting robust performance rather than optimisation toward a single loss function. The ranking

hierarchy further reveals that multi-source hybrid transformer outperform both single-source

hybrids and deep learning models relying solely on returns which supportes the interpretation

of ensemble diversity contributes meaningful complementary information.
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TABLE 4. Out-of-sample forecasting performance of baseline and hybrid

Transformer-GARCH models

Model RMSERV MAERV RMSElogRV MAElogRV QLIKE Rank

Multi-GARCH-Informed Trans-

former (Standard)

0.000903 0.000346 7.580 4.480 -0.719 1

Baseline Transformer (Returns-

Based, Standard)

0.000906 0.000351 7.254 4.743 14.752 2

Multi-GARCH-Only Transformer

(Standard)

0.000900 0.000344 7.374 4.743 15.641 3

Multi-GARCH-Informed Trans-

former (Residual)

0.000901 0.000348 7.332 4.801 36.457 4

GJR-GARCH-Informed Trans-

former (Residual)

0.000893 0.000345 7.181 5.093 37.412 5

GJR-GARCH-Informed Trans-

former (Standard)

0.000898 0.000352 7.205 5.115 39.089 6

EGARCH-Informed Transformer

(Standard)

0.000883 0.000349 7.215 5.077 39.347 7

Baseline Transformer (Returns-

Based, Residual)

0.002099 0.000483 7.209 5.087 42.470 8

EGARCH-Informed Transformer

(Residual)

0.000899 0.000351 7.242 5.123 42.528 9

GARCH-Informed Transformer

(Standard)

0.000898 0.000347 7.258 5.106 45.321 10

Multi-GARCH-Only Transformer

(Residual)

0.000903 0.000348 7.280 5.204 50.953 11

GARCH-Informed Transformer

(Residual)

0.000899 0.000349 7.232 5.376 72.422 12

The superior performance can be interpreted through complementary inductive biases intro-

duced by representation-level ensemble learning. Attention mechanisms dynamically reconcile

persistence signals, asymmetric responses and leverage effects which enabls adaptive regime-

sensitive forecasting. Transformer architectures have been shown to capture long-range depen-

dencies in time-series forecasting tasks [8, 9], while hybrid econometric-deep learning models
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enhance robustness by incorporating domain-specific structure [4]. Moreover, the effectiveness

of QLIKE evaluation aligns with volatility forecast comparison theory [2].

Figure 5 demonstrates smoother and more stable convergence for ensemble-informed hybrid

models, consistent with reduced optimisation variance when structured econometric signals

guide representation learning.

FIGURE 5. Validation loss trajectories during training.

Figure 6 shows that baseline Transformer models tend to under-react to abrupt volatility

spikes, whereas the ensemble-informed hybrid model tracks realised volatility more closely

and adapts more rapidly during regime transitions.

FIGURE 6. Actual versus predicted volatility for selected models.
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3.4. Risk implications. Figure 7 links predictive volatility to economic interpretation through

volatility-implied risk bands. Improved coverage during turbulent periods demonstrates en-

hanced robustness for risk-sensitive applications such as monitoring and hedging [5].

FIGURE 7. Volatility-implied risk bands.

3.5. Statistical comparison. Diebold-Mariano tests confirm that forecast improvements are

statistically significant rather than arising from sampling variability [18].

3.6. Synthesis and contribution framing. The empirical results of this study demonstrate

that embedding multiple econometric volatility signals directly into Transformer input repre-

sentations enables representation-level ensemble learning that jointly models statistical struc-

ture and nonlinear temporal dynamics. By allowing attention mechanisms to adaptively weight

heterogeneous volatility perspectives across time, the proposed modelling Architecture achieves

improved forecasting stability, enhanced responsiveness to regime changes and statistically sig-

nificant performance gains.

4. CONCLUSION, RECOMMENDATIONS, AND FUTURE DIRECTIONS

This study proposed a hybrid Multi-GARCH-Transformer architecture for volatility fore-

casting that integrates econometric modelling with Transformer-based deep learning through

representation-level ensemble learning. By embedding multiple GARCH-family conditional

variance estimates directly into the input representation, the proposed ensemble architecture

combines structured econometric inductive biases with attention-based temporal representation

learning. Unlike conventional hybrid approaches that aggregate model outputs post hoc, this
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hybrid architecture performs ensemble integration within the representation space which en-

ables the Transformer to adaptively weight heterogeneous volatility signals and jointly capture

persistence, asymmetry and nonlinear temporal dependencies.

Results of this study demonstrate that the Multi-GARCH-Informed Transformer consistently

achieves superior forecasting accuracy across volatility specific metrics, including QLIKE,

RMSE and MAE, with statistically significant improvements confirmed through Diebold-

Mariano testing. These gains arise from complementary inductive biases introduced by the

ensemble of econometric models: persistence captured by GARCH, asymmetric magnitude

sensitivity captured by EGARCH and leverage dynamics captured by GJR-GARCH. Integrating

these heterogeneous signals within the attention mechanism allows the model to reconcile long-

memory statistical structure with flexible nonlinear representation learning which improves sta-

bility and responsiveness to volatility regime shifts. The findings position representation-level

ensemble learning as a principled approach for combining structured garch family models with

modern attention-based architectures.

The findings of this study indicate that researchers and researchers should prioritise

representation-level integration of complementary modelling architechtures rather than relying

on single-model approaches or post hoc ensemble aggregation. Embedding multiple econo-

metric volatility estimators as structured inputs allows deep learning architectures to leverage

domain-specific inductive bias while retaining adaptive flexibility. For practical implemen-

tation, volatility sensitive evaluation architectures that emphasise QLIKE assessment, strict

chronological validation and formal statistical comparison testing provide a more reliable foun-

dation for performance evaluation and model selection.

This study examines only a Safaricom stock price return time series which limits direct in-

ference regarding cross-asset or cross-market generalizability. Future research should eval-

uate hybrid multi-garch transformer architecture across diverse assets, market environments

and volatility regimes to assess robustness under varying structural conditions. Incorporating

exogenous information, including macroeconomic indicators, sentiment measures, or higher-

frequency market features, may also improve predictive performance and economic inter-

pretability. In addition, future research should extend the methodology toward probabilistic
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forecasting and explicit uncertainty quantification to strengthen risk-sensitive decision-making.

Further empirical validation across diverse settings is also needed to assess the broader potential

of representation-level integration of econometric signals within attention-based models.
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