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Abstract: Attention mechanisms have been widely incorporated into recurrent neural network archi-

tectures for financial time series forecasting, with most prior work reporting improvements in price-

level error metrics. This study revisits that claim through a controlled empirical comparison of four 

deep learning architectures on nearly two decades of Telkom Indonesia (TLKM) closing price data 

from the Indonesia Stock Exchange (IDX). The models evaluated are a three-layer Gated Recurrent 

Unit (GRU) baseline, a comparable Long Short-Term Memory (LSTM) network, a Bahdanau end-

attention GRU (Attn-GRU-V2), and a multi-head self-attention GRU hybrid (Attn-GRU-V3). Each 

architecture is trained over 30 independent runs with distinct random seeds, and performance is re-

ported as 95% confidence intervals derived from the t-distribution. Statistical comparisons employ the 

Wilcoxon signed-rank test, a nonparametric paired test appropriate given the confirmed non-normality 

of residuals. The main finding is a consistent trade-off: the plain GRU achieves the lowest RMSE 

(94.02 ± 1.22 IDR) across all 30 runs, while Attn-GRU-V2 achieves the highest directional accuracy 

(45.91 ± 0.09%), surpassing GRU in every independent run. Bahdanau attention weights are nearly 

uniform across the 30-day lookback window (coefficient of variation: 3.21%), indicating that the mech-

anism cannot identify selectively informative timesteps in this univariate price series. This finding is 

consistent with the weak-form Efficient Market Hypothesis for the Indonesian market. An ablation 

study reveals that a 20-day lookback window maximizes directional accuracy (47.72 ± 0.21%) for the 

Attn-GRU-V2 model. These results suggest that Bahdanau end-attention consistently and significantly 

improves directional accuracy relative to a plain GRU baseline, providing an architecturally attributable 

advantage for direction-based applications, even when absolute price-level error is not reduced. The 

directional accuracy values remaining below 50% across all models are consistent with a weak-form 

efficiency characterization of the Indonesian market. 

Keywords: Attention mechanism; Deep learning; Directional accuracy; Efficient market hypothesis; 

Financial time series; Gated recurrent unit; Stock forecasting; Sustainable economic systems. 

 

1. Introduction 

Stock price forecasting is a canonical problem at the intersection of financial economics 
and machine learning. Accurate price prediction has clear practical value for portfolio con-
struction, risk management, and automated trading. At the same time, the Efficient Market 
Hypothesis (EMH) [1] posits that in weak-form efficient markets, historical price sequences 
do not contain systematically exploitable information, implying a theoretical upper bound on 
the predictability achievable from price data alone. The Indonesia Stock Exchange (IDX) 
represents a particularly relevant context for this investigation. As one of the largest emerging 
market exchanges in Southeast Asia, the IDX operates under conditions of information 
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asymmetry and higher return volatility compared to developed markets [2], characteristics that 
are theoretically associated with weak-form inefficiencies and therefore with a non-trivial, 
albeit bounded, predictive signal in historical price data. At the same time, the large-capitali-
zation segment of the IDX, represented by constituents such as Telkom Indonesia (TLKM), 
may approach weak-form efficiency more closely than small-cap or illiquid issuers. 

The central hypothesis of this study is that incorporating a Bahdanau end-attention 
mechanism into a Gated Recurrent Unit (GRU) network produces a systematic trade-off in 
forecasting behavior: the averaging property of near-uniform attention weights reduces price-
level accuracy while simultaneously smoothing prediction trajectories, thereby improving di-
rectional accuracy relative to the plain GRU baseline. Recurrent neural networks (RNN), par-
ticularly Long Short-Term Memory (LSTM) [3], [4] and GRU architectures, have demon-
strated the capacity to capture nonlinear temporal dependencies in financial sequences and 
consistently outperform classical statistical baselines on price-level error metrics [5]. The sub-
sequent introduction of attention mechanisms into these architectures [6]–[8] has yielded fur-
ther reported improvements, with attention layers theoretically enabling models to selectively 
weight the most informative historical timesteps. 

However, much of this literature shares a methodological limitation: performance is typ-
ically evaluated over a single training run, on a single dataset, using price-level error metrics 
exclusively. This practice conflates model quality with random seed effects and overlooks 
directional prediction accuracy, a metric arguably more relevant for practical trading decisions, 
where the correct identification of price movement direction determines profitability inde-
pendently of prediction magnitude [9]. Furthermore, despite the growth of the IDX as one 
of the largest emerging capital markets in Southeast Asia, research specifically evaluating deep 
learning architectures on IDX-listed stocks remains limited relative to studies on developed 
markets [2], [10], [11]. The question of whether attention mechanisms offer genuine benefits 
in this context has therefore not been rigorously examined.  

This study addresses these gaps through the following research questions: (1) Does the 
incorporation of attention mechanisms into GRU networks improve forecasting performance 
on TLKM stock data as measured by both price-level error and directional accuracy? (2) Do 
attention weights reflect meaningful temporal selectivity, or do they remain near-uniform 
across the lookback horizon? (3) What lookback window length optimizes directional accu-
racy for attention-augmented GRU models? In this study, GRU is selected as the primary 
baseline over LSTM based on its parameter efficiency and comparable sequential modeling 
performance documented in the financial forecasting literature. TLKM is selected as a large-
capitalization, liquid, state-owned telecommunications equity whose stable sector fundamen-
tals reduce confounding from macro-financial shocks, providing a controlled environment 
for evaluating attention mechanism behavior. 

The contributions of this work are as follows:  

• First, a statistically rigorous comparison of four deep learning architectures is conducted 
over 30 independent experimental runs with 95% confidence intervals and Wilcoxon 
signed-rank tests. Single-run evaluations without variance reporting have been docu-
mented as the dominant practice in the financial deep learning literature [5], and the 
present protocol directly addresses this reproducibility gap.  

• Second, an empirical accuracy-direction trade-off is identified, in which attention-aug-
mented GRU achieves consistently higher directional accuracy than plain GRU across 
all independent runs, despite inferior price-level accuracy.  

• Third, Bahdanau attention weights are analyzed quantitatively across the full test set, 
with the coefficient of variation (3.21%) providing a concrete measure of temporal se-
lectivity. This analysis establishes a mechanistic link between near-uniform attention and 
the observed trade-off, constituting an empirical test of weak-form efficiency through 
neural attention analysis rather than conventional statistical tests.  

• Fourth, a lookback ablation study identifies the window length that maximizes direc-
tional accuracy, providing actionable guidance for practitioners. 
 

The remainder of this paper is organized as follows. Section 2 reviews related work on 
deep learning and attention mechanisms for stock forecasting. Section 3 describes the pro-
posed methodology, including data preprocessing, model architectures, and evaluation pro-
tocol. Section 4 presents the experimental setup. Section 5 reports the results and provides a 
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detailed discussion. Finally, Section 6 concludes the paper and outlines its limitations and 
directions for future work. 

2. Related Work 

Research on deep learning for stock price forecasting has expanded substantially since 
the foundational work of Hochreiter and Schmidhuber [4] on LSTM networks for sequential 
data. Systematic reviews consistently show that recurrent architectures outperform shallow 
regressors and ARIMA-class models on standard price-level metrics, particularly RMSE and 
MAE, although the magnitude of improvement varies across datasets, evaluation protocols, 
and market contexts [5]. A bibliometric analysis of Scopus-indexed studies from 2014 to 2023 
further confirms the rapid adoption of deep learning and hybrid architectures, particularly 
after 2020, with GRU and LSTM remaining dominant sequential modeling approaches [3]. 

The GRU architecture, introduced by Cho et al. [12] as a streamlined alternative to 
LSTM [4], achieves comparable performance with fewer parameters by consolidating the cell 
and hidden states into a unified representation governed by reset and update gates. Empirical 
studies confirm that GRU often matches or exceeds LSTM accuracy while converging faster, 
especially on moderately sized datasets. For instance, Lawi et al. [13] reported that a single-
layer GRU achieved the highest accuracy among multiple GRU and LSTM variants, while 
Chen et al. [14] demonstrated improved performance using a reconstructed GRU dataset 
incorporating peer-company information. These findings support the use of GRU as a strong 
baseline for evaluating the incremental contribution of attention mechanisms. 

Attention mechanisms represent a complementary advancement in sequential modeling 
by enabling models to weight temporally informative observations rather than relying solely 
on the final hidden state. The additive attention formulation proposed by Bahdanau et al. [15] 

computes alignment scores as 𝑒𝑡 = 𝑣⊤ tanh(𝑊𝑎ℎ𝑡), from which normalized weights 𝛼𝑡 are 
obtained via softmax. This approach has been widely adopted in financial forecasting. Azman 
et al. [7] combined bidirectional GRU with attention to forecast global stock indices, achiev-
ing improved RMSE and MAE. Louisa et al. [6] applied a CNN-BiGRU-Attention model to 
Indonesian stock data, while Yang [16] demonstrated improved directional prediction using 
attention-augmented GRU with technical indicators. Similarly, Zhang et al. [17] reported im-
proved performance using a CNN-BiLSTM-Attention model on multivariate OHLCV in-
puts, with attention weights showing temporal selectivity. Liu et al. [18] further showed that 
attention weight concentration improves when noise is reduced via CEEMD decomposition, 
highlighting the dependence of attention effectiveness on signal quality. 

Multi-head self-attention, introduced in the Transformer architecture [19], models de-
pendencies across multiple representation subspaces. Its integration with recurrent models 
has also shown promising results. Tiwari et al. [20] incorporated Temporal Fusion Trans-
former components into a CNN-LSTM framework, while B.H.C. and Jeena Jacob [8] re-
ported RMSE improvements using a CNN-LSTM-Attention hybrid. Odion et al. [21] demon-
strated the effectiveness of hybrid statistical–deep learning models, and Vanguri et al. [22] 
highlighted stable convergence behavior using optimized deep recurrent architectures. Thach 
et al. [23] further showed improved forecasting performance using Transformer-based mod-
els with multivariate inputs. These studies indicate that attention mechanisms can enhance 
performance, particularly in multivariate settings. 

Despite these advances, several methodological limitations remain. Many studies rely on 
single-run evaluations, which do not account for variability due to random initialization [5]. 
Confidence intervals and statistical significance testing are rarely reported, limiting reproduc-
ibility. Moreover, most studies focus exclusively on price-level error metrics, while directional 
accuracy—arguably more relevant for trading applications—is often neglected [24]. Attention 
mechanisms are also seldom analyzed quantitatively, leaving unclear whether they truly learn 
temporally selective representations. 

Research on the Indonesian market remains relatively limited. Haryono et al. [2] con-
ducted a large-scale study across 727 IDX-listed companies, while Budiharto [25] and Sartono 
et al. [26] highlighted the challenges posed by structural breaks during the COVID-19 period. 
Other studies [10], [11], [27] show that multivariate inputs and technical indicators can im-
prove prediction accuracy. However, attention-based models on IDX stocks are still under-
explored, and existing work (e.g., Louisa et al. [6]) lacks multi-run evaluation and statistical 
validation. Finally, the relationship between predictability and market efficiency provides an 
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important theoretical perspective. Bustos [24] found that machine learning accuracy is in-
versely related to market efficiency across multiple markets. Butet et al. [1] further noted that 
emerging markets often exhibit weak-form inefficiencies due to higher volatility and infor-
mation asymmetry, creating a complex environment for predictive modeling. 

Despite extensive work on deep learning and attention mechanisms for stock forecast-
ing, three key gaps remain. First, most studies rely on single-run evaluations without reporting 
variability or statistical significance. Second, directional accuracy is rarely treated as a primary 
evaluation metric. Third, attention mechanisms are seldom analyzed quantitatively to verify 
whether they exhibit meaningful temporal selectivity. In addition, evidence from the Indone-
sian market remains limited, particularly for attention-based GRU models evaluated under 
rigorous experimental protocols. This study addresses these gaps through a multi-run statis-
tical evaluation, joint analysis of price-level and directional metrics, and quantitative examina-
tion of attention weights. 

3. Proposed Method 

Figure 1 summarizes the complete experimental pipeline. 

 

Figure 1. Experimental pipeline of the study. 

Raw daily OHLCV data for TLKM are retrieved from Yahoo Finance and subjected to 
chronological partitioning, followed by univariate close price extraction and MinMax normal-
ization fitted exclusively on the training partition. Sliding window sequences of length 𝑇 =
30 are constructed and fed independently to each of the four model architectures. Each ar-
chitecture is trained 30 times with distinct random seeds, and the resulting predictions are 
rescaled to IDR before metric computation. Statistical comparisons are performed using the 
Wilcoxon signed-rank test over the 30-run distributions, and attention weight analysis is con-
ducted on the Attn-GRU-V2 model using the full test set. 

3.1. Exploratory Data Analysis 

The dataset contains 4,768 daily observations of TLKM closing prices spanning Septem-
ber 2004 to December 2023. TLKM is the largest telecommunications company in Indonesia, 
a state-owned enterprise with a dominant position in fixed-line, mobile, and broadband mar-
kets. As a constituent of the IDX Composite and one of the highest-capitalization equities 
on the IDX, TLKM exhibits relatively stable long-run fundamentals compared to sectors with 
direct exposure to monetary policy cycles, such as banking. 

This characteristic makes TLKM a suitable subject for studying the intrinsic temporal 
modeling behavior of attention mechanisms in a univariate price setting, without strong con-
founding effects from sector-specific macroeconomic shocks. The selection is further sup-
ported by its relevance during structural regime changes, including the COVID-19 market 
disruption that falls within the test partition of this study. 

Figure 2 presents the exploratory data analysis of the TLKM series. The close price ex-
hibits a sustained upward trend from 2004 to approximately 2017, followed by a prolonged 
decline and partial recovery through 2023. Daily trading volume shows no systematic trend 
but contains several high-volume episodes coinciding with major market events. Daily log 
returns display volatility clustering, with the largest shocks concentrated around the 2008 
global financial crisis and the 2020 COVID-19 onset. The log return series has a mean of 
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0.052%, a standard deviation of 1.95%, skewness of 0.376, and excess kurtosis of 4.23, con-
firming a heavy-tailed distribution typical of financial return data. 

 

Figure 2. Exploratory data analysis of TLKM (2004–2023): close price trajectory (top), daily trading volume (middle), and daily log 
returns (bottom). 

3.2. Dataset and Preprocessing 

The dataset comprises daily adjusted closing prices of TLKM, a large-cap telecommuni-
cations company and constituent of the IDX Composite index, covering the period from 28 
September 2004 to 29 December 2023. Data were obtained from Yahoo Finance. After re-
moving non-trading days, the final dataset contains 4,768 observations spanning approxi-
mately 19 years. Summary statistics for all available OHLCV fields are reported in Table 1. 
Although all six fields (Open, High, Low, Close, Adjusted Close, and Volume) are available 
and reported for descriptive completeness, only the close price sequence is used as model 
input. This univariate formulation isolates the contribution of temporal modeling from mul-
tivariate feature engineering. 

The daily log return is defined as 𝑟𝑡 = ln(𝑃𝑡/𝑃𝑡−1), computed over the full series, and 
exhibits a mean of 0.052%, a standard deviation of 1.95%, skewness of 0.376, and excess 
kurtosis of 4.23. The positive excess kurtosis confirms a heavy-tailed distribution typical of 
financial returns, motivating the use of nonparametric statistical tests rather than normality-
assuming paired t-tests. Only the close price is used as input, which also facilitates clearer 
interpretation of attention weights, since multivariate inputs would confound temporal and 
feature-level selectivity. 
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Table 1. Descriptive statistics of TLKM OHLCV data (4,768 trading days). 

Statistic Adj. Close Close High Low Open Volume (×10⁶) 

Mean 1984.35 2657.17 2687.14 2627.25 2657.16 100.37 

Std 1080.41 1126.69 1135.89 1117.56 1126.82 65.41 

Min 426.27 825.00 825.00 810.00 820.00 0.00 

25% 1005.58 1600.00 1620.00 1580.00 1600.00 60.84 

Median 1730.86 2465.00 2497.50 2430.00 2465.00 86.23 

75% 2985.83 3780.00 3820.00 3740.00 3780.00 122.35 

Max 4295.70 4800.00 4850.00 4780.00 4850.00 1155.86 

 

The dataset is partitioned chronologically into three non-overlapping splits to prevent 
temporal leakage, as shown in Table 2. A MinMaxScaler is fitted exclusively on the training 
set and applied to validation and test sets. 

Table 2. Chronological train/validation/test data partition. 

Split Period Days Proportion 

Train 28 Sep 2004 – 26 Mar 2018 3,337 70% 

Validation 27 Mar 2018 – 28 Jan 2020 476 10% 

Test 29 Jan 2020 – 29 Dec 2023 955 20% 

 

Sequences are constructed using a sliding window of length 𝑇 = 30. Each sample 
(𝑋, 𝑦) consists of 𝑋 ∈ ℝ30×1 input sequence of 30 normalized prices, 𝑦 is input sequence 

of 30 normalized prices (𝑡 + 1). This corresponds to a one-step-ahead forecasting task for 
next-day price prediction. The intended application is short-term forecasting for daily trading 
signals, where directional movement is the primary decision variable. 

The test period (January 2020–December 2023) includes the COVID-19 market shock 
and subsequent recovery, representing a challenging out-of-sample evaluation with structural 
regime changes. The data split is illustrated in Figure 3. 

 

Figure 3. Chronological partitioning of the TLKM price series into training, validation, and test sets. 

3.3. Model Architectures 

The designations V2 and V3 reflect the internal development versioning of the proposed 
variants: V2 denotes the Bahdanau end-attention formulation and V3 denotes the multi-head 
self-attention hybrid, both developed and evaluated as original architectural variants in this 
study. Four architectures are evaluated. Two serve as baselines, and two incorporate attention 
mechanisms as proposed variants. 
1. GRU Baseline: The first baseline is a three-layer stacked GRU network. Hidden unit 

counts follow a contracting schedule (128, 64, 32) to produce a progressive repre-senta-
tion compression. Each layer is followed by a dropout layer with rate 0.2. The final GRU 
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layer returns only the terminal hidden state, which ispassed directly to a linear output 
unit 

𝑦̂ == 𝑊𝑜 ℎ𝑇
(3)

+ 𝑏𝑜 (1) 

where ℎ𝑇
(3)

∈ ℝ𝟛𝟚 is the terminal hidden state of the third GRU layer and 𝑇 =  30 is 
the sequence length 

2. LSTM Baseline: The LSTM baseline [4] uses an identical topological structure (128-64-
32 units, dropout 0.2 after each layer) with LSTM cells replacing GRU cells. This com-
parison isolates the effect of cell type independently of architectural complexity. 

3. Attn-GRU-V2 (Bahdanau End-Attention): The first proposed variant applies Bahdanau 
additive attention [7], [15] at the end of a two-layer GRU stack (128, 64 units). Both 

GRU layers return the full hidden state sequence (ℎ𝑡
(2)

)𝑡=1
𝑇 , ℎ𝑡

(2)
∈ ℝ𝟞𝟜 . Attention 

scores are computed as: 

𝑒𝑡 = 𝑣⊤ tanh (𝑊𝑎  ℎ𝑡
(2)

) ,  α𝑡 =
exp(𝑒𝑡)

∑ exp(𝑒𝑗)𝑇
𝑗=1

,  𝑐 = ∑ α𝑡

𝑇

𝑡=1

 ℎ𝑡
(2)

 (2) 

where 𝑊𝑎 ∈ ℝ𝟞𝟜×𝟞𝟜 and 𝑣 ∈ ℝ𝟞𝟜 are learned parameters, and 𝑐 ∈ ℝ𝟞𝟜 is the con-
text vector. This context vector is then passed through a dense hidden layer (32 units, 
ReLU) with dropout 0.2 before the linear output unit. The key architectural constraint 
where attention operating at the terminal position with no subsequent recurrent layer 
overwriting the context is strictly observed, in contrast to architectures that insert atten-
tion between intermediate recurrent layers. 

4. Attn-GRU-V3 (Multi-Head Self-Attention Hybrid): The second proposed variant em-
beds a Transformer-style encoder block [19], [28] within a GRU-to-GRU pipeline. A 
single GRU layer (64 units, return sequences) produces the input sequence to a multi-
head self-attention layer with 4 heads and key dimension 16. The attention output is 
combined with the GRU sequence via a residual connection and layer normalization. A 

position-wise feed-forward network (Dense 128 → Dense 64, ReLU) with a second re-
sidual connection follows. The resulting sequence is then processed by a final GRU layer 
(32 units, no return sequences), followed by a linear output unit. Dropout rates of 0.1 
are applied after the initial GRU and after attention, with 0.2 after the final GRU. 

3.4. Training Configuration 

All four models share the same optimizer (Adam with initial learning rate 0.001), loss 
function (mean squared error), and regularization callbacks: early stopping with patience 10 
(monitoring validation loss), and learning rate reduction on plateau with patience 5 and factor 
0.5. The maximum epoch count is 100 and batch size is 32. 

3.5. Evaluation Metrics 

Five metrics are computed on the rescaled (IDR) predictions and targets: 

RMSE = √
1

𝑁
∑(𝑦𝑖 − 𝑦𝑖̂)

2

𝑁

𝑖=1

 (3) 

MAE =
1

𝑁
∑|𝑦𝑖 − 𝑦𝑖̂|

𝑁

𝑖=1

 (4) 

MAPE =
100

𝑁
∑

|𝑦𝑖 − 𝑦𝑖̂|

|𝑦𝑖|

𝑁

𝑖=1

 (5) 



Journal of Computing Theories and Applications 2026 (May), vol. 3, no. 4, Hartanto, et al. 464 
 

 

𝑅2 = 1 −
∑ (𝑦𝑖 − 𝑦𝑖̂)

2𝑁
𝑖=1

∑ (𝑦𝑖 − 𝑦̅)2𝑁
𝑖=1

 (6) 

DA =
100

𝑁
∑ 1

𝑁

𝑖=1

[sgn(Δ𝑦𝑖) = sgn(Δ𝑦𝑖̂)] (7) 

where Δ𝑦𝑖 = 𝑦𝑖 − 𝑦𝑖−1 and Δ𝑦𝑖̂ = 𝑦𝑖̂ − 𝑦𝑖−1̂ . RMSE, MAE, and MAPE are price-level er-

ror metrics (lower is better), 𝑅2 measures variance explained (higher is better), and DA 
measures the proportion of correctly predicted price movement directions (higher is better; 
50% represents random guessing). 

3.6. Statistical Testing Protocol 

Each model is trained and evaluated 30 times using distinct random seeds 𝑠𝑘 = 42 + 𝑘 

for 𝑘 ∈ {0, 1, … , 29}. Each seed controls Python's random module, NumPy, TensorFlow's 
global random state, the PYTHONHASHSEED environment variable, and the TF_DE-
TERMINISTIC_OPS flag to ensure full reproducibility within each run. The 95% confidence 
interval for a metric $M$ across the 30 runs is computed as: 

CI = 𝑀̅ ± 𝑡0.975, 29 ⋅
𝑠𝑀

√30
 (8) 

where 𝑀̅ and 𝑠𝑀 are the sample mean and standard deviation, and 𝑡0.975,29 ≈ 2.045. 
Pairwise comparisons employ the Wilcoxon signed-rank test, which is nonparametric 

and does not assume normally distributed differences. For price-level metrics (RMSE, MAE, 

MAPE), the null hypothesis is H0: the competing model and GRU produce equal metric 

distributions, and the one-tailed alternative is H1: GRU produces lower values. For direc-
tional accuracy, the null hypothesis is H0: the competing model and GRU produce equal DA 

distributions, and the one-tailed alternative is H1: the competing model produces higher DA. 

Each test is conducted at α = 0.05. 

The Shapiro-Wilk test on GRU residuals yields 𝑊 =  0.964, 𝑝 <  0.001, and the 

Kolmogorov-Smirnov test yields 𝐷 =  0.055, 𝑝 =  0.007, both rejecting normality at the 
5% level and confirming the suitability of nonparametric comparison. All significance tests 

use a one-tailed alternative at α =  0.05. 

4. Experimental Setup 

The complete experimental pipeline is implemented in Python 3.10 using TensorFlow 
2.x/Keras for model construction and training, scikit-learn for preprocessing and statistical 
utilities, and SciPy for Wilcoxon signed-rank tests. All computations are performed on a 
Kaggle compute instance equipped with dual NVIDIA T4 GPUs. The sequence construction, 
model training, and evaluation pipelines are encapsulated in a reproducible Jupyter notebook 
that generates all reported figures and tables directly from raw data, with raw per-run results 
preserved in structured CSV files to facilitate independent verification. 

The 30-run protocol produces 120 evaluation records (4 models × 30 seeds). Each seed 
controls Python’s random module, NumPy, TensorFlow global state, PY-
THONHASHSEED, and TF_DETERMINISTIC_OPS to ensure full within-run reproduc-
ibility. Sliding windows are constructed with a step size of one trading day, and no overlap is 
permitted between the final window of the training partition and the first window of the 
validation partition, consistent with the strict temporal isolation described in Section 3.2. For 
each of the 120 records, five scalar metrics are computed on test-set predictions rescaled from 
the normalized space to the original IDR scale. The total computational budget across all 120 
runs is approximately three GPU-hours.  

Key architectural and training hyperparameters are consolidated in Tables 3 and 4 for 
reproducibility. These parameters are held constant across all 30 seeds for each model; only 
the random seed varies between runs. 
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Table 3. Architectural configuration of the four models. 

Parameter GRU LSTM Attn-GRU-V2 Attn-GRU-V3 

GRU/LSTM layers 3 3 2 2 

Hidden units (per layer) 128,64,32 128,64,32 128,64 64,32 

Dropout rate 0.2 0.2 0.2 0.1/0.2 

Attention type None None Bahdanau additive Multi-head self 

Attention heads / key dim - - - 4/16 

Dense hidden layer None None 32 units, ReLU FFN 128-64, ReLU 

Residual + LayerNorm No No No Yes 

Table 4. Training configuration shared across all models. 

Parameter Value 

Optimizer Adam 

Initial learning rate 0.001 

Loss function Mean Squared Error 

Batch size 32 

Maximum epochs 100 

Early stopping patience 10 (monitor: val loss) 

LR reduction patience 5 (factor: 0.5) 

Number of runs 30 

Seeds 42, 43, ..., 71 

5. Results and Discussion 

5.1. Main Performance Comparison 

Table 5 reports the mean and 95% confidence interval for each metric across 30 inde-
pendent runs. The GRU baseline achieves the lowest RMSE (94.02 ± 1.22 IDR), lowest MAE 
(68.73 ± 0.90 IDR), lowest MAPE (1.90 ± 0.03%), and highest R² (0.9658 ± 0.0009). Attn-
GRU-V2 achieves the highest directional accuracy (45.91 ± 0.09%) while also exhibiting the 
highest price-level error among the four models (RMSE: 182.08 ± 0.88 IDR). Attn-GRU-V3 
occupies an intermediate position: its RMSE (131.85 ± 3.96 IDR) and R² (0.9325 ± 0.0041) 
are better than Attn-GRU-V2 but worse than GRU, while its DA (42.84 ± 0.21%) exceeds 
GRU but does not reach the level of V2. 

Table 5. Model performance over 30 independent runs (mean ± 95% CI). 

Model RMSE (IDR) MAE (IDR) MAPE (%) R² DA (%) 

GRU 94.02 ± 1.22 68.73 ± 0.90 1.90 ± 0.03 0.9658 ± 0.0009 41.71 ± 0.23 

LSTM 115.78 ± 2.36 83.86 ± 1.63 2.33 ± 0.05 0.9481 ± 0.0021 43.93 ± 0.15 

Attn-GRU-V2 182.08 ± 0.88 140.82 ± 0.71 3.90 ± 0.02 0.8720 ± 0.0012 45.91 ± 0.09 

Attn-GRU-V3 131.85 ± 3.96 97.99 ± 3.37 2.68 ± 0.09 0.9325 ± 0.0041 42.84 ± 0.21 

 

A key observation is the inverse relationship between price-level accuracy and directional 
accuracy across models. The model with the best RMSE (GRU) exhibits the lowest DA, while 
the model with the worst RMSE (Attn-GRU-V2) achieves the highest DA. This trade-off is 
not attributable to random variation: in 30 out of 30 paired runs, Attn-GRU-V2 achieves 
higher DA than GRU, and in 27 out of 30 runs, Attn-GRU-V3 also exceeds GRU in DA. 
Importantly, different metrics provide complementary perspectives on model performance. 
RMSE and MAE emphasize absolute price deviation, favoring models that closely track price 
levels, while DA captures directional correctness, which is more directly aligned with trading 
decisions. The observed divergence between these metrics indicates that improving direc-
tional signals may come at the cost of reduced price-level precision. 
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Figure 4. Distribution of evaluation metrics across 30 independent runs for each model. Each box represents the interquartile range, 
and whiskers extend to 1.5×IQR. 

The boxplot distributions confirm that variability across runs is smallest for Attn-GRU-
V2 on RMSE (coefficient of variation: 1.30%) and largest for Attn-GRU-V3 (CV: 8.04%), 
indicating that the multi-head self-attention model is more sensitive to random initialization. 

 

Figure 5. Predicted versus actual TLKM close prices over the full test period (955 days) for Attn-GRU-V2 (seed 42). 

Visual inspection shows that all models capture the general trend. At local turning points, 
Attn-GRU-V2 more frequently predicts the correct direction, even when its magnitude devi-
ates from the true price. This behavior is consistent with its higher DA but larger RMSE. This 
pattern suggests that the attention mechanism introduces a smoothing effect on predictions, 
reducing sensitivity to short-term fluctuations while preserving directional movement. As a 
result, the model sacrifices pointwise accuracy but gains robustness in capturing trend direc-
tion, which is critical in decision-oriented forecasting tasks. 

5.2. Statistical Significance Test 

Table 6 reports Wilcoxon signed-rank test results for pairwise comparisons against the 
GRU baseline at significance level 𝛼 = 0.05. For RMSE, MAE, and MAPE, all competing 

models yield 𝑊 = 465 (maximum for 𝑛=30) and 𝑝 < 0.001, confirming that GRU signif-
icantly outperforms other models on price-level metrics. The DA comparison for Attn-GRU-

V2 vs GRU requires clarification. The statistic 𝑊 = 0 indicates that all 30 paired differences 

are strictly positive, yielding an exact one-tailed p-value of 1/230 ≈ 9.3 × 10−10. This con-
firms that the directional advantage of Attn-GRU-V2 is both consistent and statistically sig-
nificant. 
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Table 6. Wilcoxon signed-rank test results (𝑛 = 30, 𝛼 = 0.05, one-tailed) 

Comparison Metric W p-value Significant Interpretation 

LSTM vs GRU RMSE 465.0 < 0.001 Yes GRU significantly better 

LSTM vs GRU MAE 465.0 < 0.001 Yes GRU significantly better 

LSTM vs GRU MAPE 465.0 < 0.001 Yes GRU significantly better 

LSTM vs GRU DA 0.0 1.0 No No significant difference 

Attn-GRU-V2 vs GRU RMSE 465.0 < 0.001 Yes GRU significantly better 

Attn-GRU-V2 vs GRU MAE 465.0 < 0.001 Yes GRU significantly better 

Attn-GRU-V2 vs GRU MAPE 465.0 < 0.001 Yes GRU significantly better 

Attn-GRU-V2 vs GRU DA 0.0 < 0.001 Yes V2 significantly better 

Attn-GRU-V3 vs GRU RMSE 465.0 < 0.001 Yes GRU significantly better 

Attn-GRU-V3 vs GRU MAE 465.0 < 0.001 Yes GRU significantly better 

Attn-GRU-V3 vs GRU MAPE 465.0 < 0.001 Yes GRU significantly better 

Attn-GRU-V3 vs GRU DA 17.5 1.0 No No significant difference 

 

This result reinforces that the observed improvement in directional accuracy is not inci-
dental but is structurally induced by the attention mechanism. In contrast, Attn-GRU-V3 
does not exhibit a statistically significant improvement in DA, indicating that the directional 
benefit is architecture-specific rather than a general property of attention-based models. 

5.3. Attention Weight Analysis 

Figure 6 presents the mean Bahdanau attention weights 𝛼̅𝑡, averaged over the entire test 
set for the Attn-GRU-V2 model, along with a heatmap of attention weight patterns across 50 
randomly selected test samples. 

 

(a) 

 
(b) 

Figure 6. Bahdanau attention weight distributions for Attn-GRU-V2. (a) Mean attention weights 𝛼̅𝑡 

across the 30-day lookback window, with standard deviation bands. Timestep (𝑡 − 1) denotes the 

observation immediately preceding the prediction date (most recent), while (𝑡 − 30) denotes the 
oldest observation in the window. (b) Attention weight heatmap for 50 test samples. 
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The mean weights across the 30-day lookback window are remarkably uniform. The 

most recent timestep (𝑡 − 1) receives a mean weight of 0.03392, while the most distant 

timestep (𝑡 − 30) receives 0.03355, a ratio of approximately 1.11×. The coefficient of vari-
ation across all 30 timestep mean weights is 3.21%, indicating near-complete uniformity. A 

mild gradient is observable: weights are slightly elevated for mid-range timesteps (𝑡 − 9 to 

𝑡 − 13) and slightly reduced for the most distant observations (𝑡 − 25 to 𝑡 − 30), but devi-
ations from uniform weighting (1/30 ≈ 0.0333) remain negligible. Standard deviations per 
timestep range from 0.000315 to 0.000524, with slightly higher variance at the most recent 
timestep, suggesting that while the model is generally uniform, it occasionally concentrates 
attention on recent observations for individual predictions. The heatmap confirms that this 
uniformity is consistent across individual test samples: no clear clusters of samples exhibit 
selective attention toward specific temporal regions. 

The near-uniform weight distribution has a direct mechanistic interpretation under 
weak-form EMH. In such a setting, historical price sequences do not contain temporally lo-
calized windows of systematically higher predictive information. Consequently, the attention 
mechanism finds no basis for assigning higher weights to specific timesteps, and optimization 
converges to a near-uniform weighting. The coefficient of variation (3.21%) provides a quan-
titative measure of this lack of temporal selectivity. This result contrasts with findings by Liu 
et al. [18], who observed concentrated attention weights in GRU-attention models after 
CEEMD-based noise decomposition of intraday series, suggesting that attention selectivity is 
sensitive to the signal-to-noise ratio. In the present univariate daily close price setting, the 
signal-to-noise characteristics are consistent with weak-form efficiency, leading the attention 
mechanism to approximate a simple averaging operation over hidden states. This behavior 
also explains the performance trade-off observed earlier: a near-uniform attention mechanism 
effectively smooths temporal information, which reduces sensitivity to local noise and im-
proves directional consistency, but at the cost of diminished price-level precision. 

 

Figure 7. Residual analysis for the GRU baseline (seed 42): residuals over time (left), histogram with normal overlay (center), and Q–Q 
plot (right). 

Residual analysis for the GRU model is shown in Figure 7. The results confirm a non-

normal error distribution (Shapiro–Wilk 𝑊 =  0.964, 𝑝 <  0.001; Kolmogorov-Smirnov 

𝐷 =  0.055, 𝑝 =  0.007), with heavier tails than a Gaussian distribution. This is consistent 
with the known properties of financial return residuals and supports the use of nonparametric 
statistical testing throughout this study. The heavy-tailed distribution implies that prediction 
errors are not uniformly distributed around zero but occasionally exhibit large deviations cor-
responding to market shocks. This behavior reflects volatility clustering: periods of low vola-
tility produce small residuals, while events such as the COVID-19 onset generate extreme 
residuals that disproportionately affect RMSE relative to MAE. This distinction highlights 
that RMSE is more sensitive to rare extreme errors, whereas MAE better reflects typical 
model performance under normal market conditions, reinforcing the importance of evaluat-
ing multiple complementary metrics. 
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5.4. Ablation Study 

5.4.1. Effect of Lookback Window Length 

Table 7 and Figure 8 report the performance of Attn-GRU-V2 across five lookback 
window lengths: 10, 20, 30, 50, and 60 trading days. Each configuration is evaluated over 30 
independent runs under identical training conditions. 

Table 7. Ablation study: effect of lookback window length on Attn-GRU-V2 performance (mean ± 
95% CI over 30 runs) 

Lookback RMSE (IDR) MAE (IDR) MAPE (%) R² DA (%) 

10 126.82 ± 1.81 92.41 ± 1.56 2.57 ± 0.05 0.9060 ± 0.0019 44.09 ± 0.15 

20 155.25 ± 1.60 115.81 ± 1.05 3.20 ± 0.03 0.9060 ± 0.0019 47.72 ± 0.21 

30 182.83 ± 1.65 141.49 ± 1.33 3.91 ± 0.04 0.8709 ± 0.0023 45.95 ± 0.14 

50 206.80 ± 2.25 171.78 ± 1.82 4.67 ± 0.05 0.8317 ± 0.0037 45.69 ± 0.24 

60 200.95 ± 27.47 166.96 ± 24.75 4.53 ± 0.68 0.8351 ± 0.0347 44.88 ± 0.91 

 

Figure 8. Effect of lookback window length on RMSE (left axis) and DA (right axis) for Attn-GRU-
V2 across 30 runs. Error bars represent 95% confidence intervals. 

RMSE exhibits a monotonically increasing trend from lookback 10 to 50, indicating that 
longer history consistently degrades price-level accuracy for the attention model. Directional 
accuracy follows a non-monotonic pattern, peaking at lookback 20 (47.72 ± 0.21%) before 
declining at longer windows. 

This result suggests that a 20-day lookback provides the most useful temporal context 
for direction prediction, while extending the window introduces additional noise rather than 
signal. Notably, the confidence interval for lookback 60 is substantially wider (RMSE ± 27.47 
IDR, MAPE ± 0.68%) than for all other configurations, indicating that very long lookback 
windows introduce training instability. This divergence further reinforces that optimal tem-
poral context depends on the target objective: shorter windows favor stable price estimation, 
while intermediate windows balance noise reduction and directional signal extraction. 

5.4.2. Architectural Contribution of Attention 

Table 8 isolates the contribution of the attention mechanism by comparing Attn-GRU-
V2 against a GRU model with identical topology but without the attention layer (i.e., the 
context vector is replaced by the terminal hidden state of the second GRU layer). 

Table 8. Ablation study: contribution of attention mechanism (mean ± 95% CI over 30 runs, look-
back = 30) 

Configuration RMSE (IDR) MAE (IDR) MAPE (%) R² DA (%) 

GRU (no attention) 92.68 ± 1.56 67.77 ± 1.05 1.88 ± 0.03 0.9668 ± 0.0011 41.44 ± 0.37 

Attn-GRU-V2 182.83 ± 1.65 141.49 ± 1.33 3.91 ± 0.04 0.8709 ± 0.0023 45.95 ± 0.14 

 
The ablation confirms that the attention component directly increases RMSE while im-

proving directional accuracy. The GRU without attention achieves RMSE = 92.68 ± 1.56 
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IDR and DA = 41.44 ± 0.37%, which are comparable to, but distinct from, the three-layer 
GRU baseline in Table 5 (RMSE = 94.02 ± 1.22 IDR, DA = 41.71 ± 0.23%). The small 
difference reflects architectural variation (two-layer vs. three-layer GRU), confirming that the 
ablation isolates the effect of attention within a controlled setting. Adding the Bahdanau con-
text vector increases RMSE by approximately 97% while improving DA by 4.5 percentage 
points. The confidence intervals of the DA values do not overlap ([41.07, 41.81] vs. [45.81, 
46.09]), providing strong evidence that the directional improvement is a direct consequence 
of the attention mechanism. This result highlights that attention does not universally improve 
predictive accuracy, but instead reshapes the error profile, favoring directional consistency 
over pointwise precision. 

5.5. Discussion 

The central empirical finding is a systematic trade-off between price-level accuracy and 
directional accuracy in attention-augmented recurrent networks applied to univariate stock 
price data. The GRU baseline achieves the lowest RMSE across all 30 runs, while Attn-GRU-
V2 consistently achieves the highest DA. These performance dimensions do not improve 
simultaneously, indicating that different modeling choices prioritize distinct predictive objec-
tives.  

The near-uniform attention weights observed in Section 5.3 provide a mechanistic ex-
planation for this behavior. Because the attention mechanism does not identify selectively 
informative timesteps, the resulting context vector approximates an average of hidden states 
rather than a selective summary. This contrasts with Liu et al. [18], who reported concentrated 
attention weights after CEEMD-based noise reduction, suggesting that attention selectivity 
depends on the signal-to-noise ratio. In the present setting, the averaging effect acts as a low-
pass filter, smoothing prediction trajectories and reducing sensitivity to short-term fluctua-
tions. As a result, directional stability improves, but deviations from actual price levels in-
crease. 

Directional accuracy for all models remains below the 50% random baseline, consistent 
with weak-form EMH. This suggests that historical price sequences do not contain exploita-
ble directional signals. The presence of structural breaks during the 2020–2023 period, as 
reported in prior IDX studies [25], [26], further increases forecasting difficulty. These findings 
should therefore be interpreted as reflecting market characteristics rather than model failure. 

This interpretation aligns with weak-form EMH theory [1], [24]: in the absence of tem-
porally localized predictive structure, attention mechanisms converge to near-uniform 
weighting. The observed behavior is thus consistent with the underlying data-generating pro-
cess. The results also clarify discrepancies in prior studies. Reported improvements of atten-
tion-based models [6], [7], [16], [17] are typically observed in multivariate settings, where at-
tention can exploit cross-feature interactions. In contrast, the present univariate formulation 
isolates temporal selectivity and shows that attention provides no advantage for price-level 
accuracy in this regime.  

From a practical perspective, the trade-off has clear implications. GRU remains prefer-
able for applications requiring precise price estimation, while Attn-GRU-V2 provides a con-
sistent advantage for direction-based decision-making. The ablation study further indicates 
that a 20-day lookback offers the most effective balance for directional prediction. The inter-
mediate performance of Attn-GRU-V3 suggests that the placement of attention within the 
architecture is critical. The additional GRU layer following attention in V3 may attenuate the 
smoothing effect observed in V2. This architectural sensitivity highlights the importance of 
carefully designing attention integration in recurrent models. Finally, the lookback analysis 
supports the smoothing interpretation. At shorter windows, temporal context is limited, while 
longer windows introduce excessive averaging. The observed peak in directional accuracy at 
20 days reflects a balance between noise reduction and signal preservation.. 

6. Conclusions  

This study presents a statistically rigorous evaluation of four deep learning architectures 
for stock price forecasting on TLKM data from the Indonesia Stock Exchange (IDX), cov-
ering 19 years of observations and assessed through 30 independent runs with confidence 
intervals and Wilcoxon signed-rank tests. The results consistently show a statistically signifi-
cant trade-off between price-level accuracy and directional accuracy when attention 
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mechanisms are incorporated into GRU models. The GRU baseline achieves the lowest 
RMSE, while Attn-GRU-V2 consistently achieves higher directional accuracy across all runs. 

These findings directly address the research objective of evaluating whether attention 
mechanisms improve forecasting performance in a univariate price setting. The results sup-
port the hypothesis that attention does not enhance absolute prediction accuracy in this con-
text, but instead alters model behavior toward improved directional consistency. This demon-
strates that different evaluation metrics capture distinct aspects of predictive performance, 
and that gains in directional accuracy may occur alongside degradation in price-level precision. 

The main contribution of this work lies in providing a mechanistic and statistically vali-
dated explanation of this trade-off. By linking near-uniform attention weights to weak-form 
market efficiency [1], [24], the study clarifies why attention mechanisms may fail to provide 
benefits in univariate financial time series. This shifts the focus from model comparison to-
ward understanding model behavior, offering insight into when attention-based architectures 
are appropriate. From a practical perspective, the findings suggest that model selection should 
be aligned with the intended application: GRU is preferable for accurate price estimation, 
while attention-augmented GRU is more suitable for direction-based decision-making tasks. 

Several limitations should be acknowledged. The study is restricted to a single stock 
(TLKM), limiting generalizability across assets with different volatility profiles, sector charac-
teristics, and market conditions. In addition, the univariate input setting excludes commonly 
used features such as technical indicators, trading volume, sentiment signals, and macroeco-
nomic variabless [8], [26]. which may influence attention behavior. The evaluation is limited 
to one-step-ahead prediction (𝑡 + 1) and does not account for transaction costs or execu-
tion constraints in real trading environments. Furthermore, the nonstationarity of the TLKM 
price series introduces a domain shift between training and test periods, which may affect 
predictive performance. 

Future work should extend this analysis to multiple stocks with diverse characteristics 
and incorporate multivariate inputs to evaluate whether attention mechanisms exhibit 
stronger selectivity under richer feature representations. Alternative validation strategies, such 
as rolling or walk-forward evaluation, should be considered to assess robustness across mar-
ket regimes. Additional investigation into attention behavior in different signal-to-noise con-
ditions, as well as architectural variations such as adaptive lookback windows or ensemble 
models, may further clarify the conditions under which attention mechanisms provide prac-
tical advantages in financial forecasting. 
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