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Abstract: Existing research has limitations in co-modeling and quantifying uncertainties in demand sequences across 
multiple nodes in a supply chain, particularly in addressing local temporal patterns and global dynamic correlations. This 
paper proposes a Transformer-Long Short-Term Memory (Transformer-LSTM) hybrid model based on a dual-attention 
gated fusion architecture, denoted as Dual-Attention Gated Fusion Hybrid Model (DGFM). This model extracts local 
dependency features and global correlation features of the sequence through a parallel-running Long Short-Term Memory 
(LSTM) network and a Transformer encoder, respectively. A learnable gating weight matrix is applied to adaptively weight 
and fuse these two types of features, generating a hybrid representation with multi-scale spatiotemporal awareness. Using 
a quantile regression output layer, the representation generates a nonparametric conditional probability distribution that 
effectively captures demand fluctuations. The experimental results indicate that the global feature weight increases to 0.85 
during promotional periods. The correlation coefficients of the DGFM model remain below 0.31 across all node pairs. This 
research provides a useful quantitative analysis tool for understanding demand perception and risk-taking in such complex 
supply chains. 

Keywords: Supply chain demand forecasting, Transformer-LSTM hybrid model, volatility modeling; quantile regression, 
multi-node time series analysis. 
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_________________________________________________________________________________________ 

1. Introduction 

Globalization has prompted supply chains to take on characteristics typical of multiple nodes, long cycles, and high 
dynamism. Understanding demand signals and uncertainty is vital for inventory optimization, production planning, and risk 
management (Niu et al., 2024; Lang et al., 2024; Lorente-Leyva et al., 2024). The emergence of a global fast fashion 
phenomenon and greater volatility in market demand has made it more difficult for traditional forecasting models dependent 
on historical average data to satisfy decision making needs in the textile supply chain (Koren and Shnaiderman, 2023; 
Kačmáry and Lörinc, 2023). Developing an intelligent forecasting framework based on high-order time-series modeling has 
emerged as a promising approach to enhance the resilience of the industrial chain. 

The key issues with existing research are reconstructing and collaboratively modeling multidimensional time-series 
patterns. At the data level, multi-node demand sequences simultaneously contains short-term seasonal fluctuations, medium- 
and long-term trend evolutions, and sudden event disturbances, by combining their own autocorrelation (temporal 
dependencies within a particular node) and the correlation between the dynamics of that node with those of other nodes (both 
synchronous and nonsynchronous relationships among different nodes), as well as the response of all nodes to a common 
external factor (e.g., a market shock, a promotional event) (Hao and Liu, 2024; Shen et al., 2024). At the model level, single 
time series prediction architectures have inherent limitations. Although models based on recurrent neural networks are good 
at capturing local dependencies, their sequence recursion mechanism is prone to long-range gradient decay, making it 
difficult to model macroscopic patterns spanning multiple cycles. Although models based on self-attention mechanisms can 
directly establish global correlations, there are theoretical boundaries to the perception accuracy of local fine-grained time 
series patterns (Zhang et al., 2024; Cao et al., 2024). Existing hybrid models adopt simple cascaded or parallel structures, 
lacking adaptive fusion mechanisms for heterogeneous features, and most studies focus on improving point prediction 
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accuracy, failing to use volatility as an explicit modeling objective for joint optimization (Rezki and Mansouri, 2024; Zhang 
et al., 2025). 

In response to the above academic difficulties, existing research has attempted breakthroughs through various approaches. 
The Long Short-Term Memory (LSTM) network and their variants have mitigated gradient vanishing through gating 
mechanisms, achieving some success in short-term textile demand forecasting. However, their memory unit capacity limits 
the storage and reuse of complex global contexts (Wang et al., 2023; Prater et al., 2024). Transformer models use self-
attention weights to reconstruct the global representation of sequences, thereby providing a new paradigm for modeling long-
range dependencies. However, their inductive bias towards local continuity of sequences is weak, easily leading to lag bias 
at inflection points in demand sequences (Zeng et al., 2022; Oliveira and Ramos, 2024). Probabilistic prediction methods 
such as quantile regression forests and deep ARIMA models extend the output from a scalar to a distribution, providing 
insights into volatility estimation. However, these methods typically rely on strong parameter assumptions or are difficult to 
integrate efficiently with deep representation learning frameworks (Rügamer et al., 2021; Ruiz-Abellón et al., 2024). Overall, 
existing methods have not yet achieved organic synergy between local temporal patterns and global dynamic correlations 
and lack end-to-end volatility quantification capabilities. 

To address the challenges of collaborative modeling of local and global spatiotemporal patterns and joint uncertainty 
quantification in multi-node supply chain demand sequences, this paper designs a dual-attention gated fusion model. This 
method exploits a bidirectional LSTM network to abstract local bidirectional dependency features of the sequence, while 
simultaneously employing a multi-layer Transformer encoder to capture global spatiotemporal correlations across nodes. 
Next, a gated feature fusion module uses a learnable weight matrix to dynamically weight and combine the two 
heterogeneous feature representations. Finally, the fused multi-scale representation is simultaneously fed into both the point 
prediction branch and the quantile regression branch, achieving synchronous outputs of the demand mean and the conditional 
probability distribution. This research constructs a complete framework for textile supply chain demand analysis, establishes 
a technical path for adaptive fusion of multi-scale temporal features, and promotes a paradigm shift in supply chain 
forecasting from deterministic estimation to probabilistic perception. 

2. Construction of DGFM Hybrid Model Based on Transformer-LSTM 

2.1. Preprocessing and Input Representation of Multi-Node Time Series Data 

The quality and representation of the model input data directly affect the efficiency of subsequent feature extraction and 
fusion. This study deals with multivariate time series of a multi-node supply chain, whose original data suffer from 
dimensional differences and local missing values. To address these issues, the min-max normalization method is used to 
scale the feature values to the [0,1] interval (Tawakuli et al., 2024; Singh and Singh, 2022; Park et al., 2023), as shown in 
Eq. (1). For randomly missing values, the forward imputation method corresponding to the node is used to interpolate, 
ensuring the continuity of the time series. 

Xnorm =
X − Xmin

Xmax − Xmin
                                                                              (1) 

As shown in Eq. (1) X represents the original feature value, Xmin and Xmax are the minimum and maximum values of that 
feature on the training set, respectively, and Xnorm  is the normalized result. This process eliminates the interference of 
different physical dimensions on model training. 

To construct a tensor input that the model can recognize, the preprocessed sequence data is integrated into a three-
dimensional tensor X∈RN×T×F. The physical meanings of the three dimensions of this tensor are: the number of samples N 
in the batch, the backtracking time step T, and the feature dimension F. The feature dimension F covers the target variable, 
time series covariates, market external variables, and event variables. The detailed definitions and preprocessing methods of 
these features are shown in Table 1. 

Table 1. Input feature description and preprocessing methods 

Feature category Feature name Data source Preprocessing 
methods Physical meaning 

Target variable Historical 
demand 

Internal ERP 
(Enterprise 
Resource 

Planning) system 

Maximum and 
minimum 

normalization 
Core prediction targets of each node 

Timing 
characteristics Monthly cycle Timestamp 

derivation 
Sine-cosine 
encoding Capturing annual seasonal patterns 

Market 
characteristics 

Raw materials 
price index 

Public market 
data 

Z-score 
normalization Reflecting upstream cost fluctuations 

Event 
characteristics 

Promotional 
activity logo Marketing plan One-hot encoding Mark abnormal demand fluctuation 

points 

 



Journal of Engineering, Project, and Production Management, 2026, 16(5), 2025-366 

3 

Promotional and event variables: The promotional activity variable is coded as a binary (1=promotion active, 
0=promotion not active) to indicate whether a promotion was active during the week being predicted. In addition, a feature 
has been added to capture the effect of promotion duration by counting the number of consecutive weeks the promotion has 
been running, capping at 4. The features for the promotional activity were derived from the company’s forward-looking 
marketing plans and could be determined prior to making the forecast (t−1) to avoid lookahead bias. Event variables were 
created using a one-hot encoding technique based on historical records of the event and can be determined prior to making 
the forecast (t−1), with no lookahead bias. 

The absolute positions and relative intervals of time series are crucial for dependency modeling. The Transformer 
architecture itself does not have time-series awareness, so positional encoding needs to be injected into the input tensor. This 
study uses learnable positional encoding, which assigns an independent trainable vector Pt∈RF to each time step t. The 
output E of the final embedding layer is obtained by element-wise addition of the normalized input tensor and the positional 
encoding, as shown in Eq. (2). 

Ei,t,f = 𝒳𝒳i,t,f + Pt,f                                                                                     (2) 

In Eq. (2) i is the node index, t is the time step index, f is the feature index. This operation enables the model to explicitly 
perceive the order and position of data on the time axis, providing necessary structural information for subsequent attention 
mechanism calculations. After the above preprocessing and embedding, the original business data is transformed into a high-
dimensional tensor representation suitable for deep learning. 

2.2. Parallel Extraction of Local Dependencies and Global Associations 

To collaboratively capture local temporal dependencies and global dynamic correlations in the supply chain demand 
sequence, this module adopts a dual-path parallel architecture, which uses a long short-term memory network and a self-
attention mechanism to extract features from the input embedding tensor E∈RN×T×F. The overall structure is shown in Fig.1. 

 

Fig. 1. DGFM model architecture diagram 

 

In the local feature extraction pathway, a bidirectional LSTM network is used as the core encoder. This network achieves 
refined modeling of short-term temporal patterns through the collaborative mechanism of the input gate it, forget gate ft, 
output gate ot, and candidate memory units c�t (Malashin et al., 2024; Da Silva et al., 2023). For the input sequence En of the 
n-th node, the hidden states of its forward and backward LSTM are updated step by step, and the calculation process is 
defined by Eqs. (3) to (7). 

it = σ�WiiEn,t + bii + Whiht−1 + bhi�                                                                  (3) 

ft = σ�WifEn,t + bif + Whfht−1 + bhf�                                                                  (4) 

ot = σ�WioEn,t + bio + Whoht−1 + bho�                                                               (5) 

c�t = tanh�WigEn,t + big + Whght−1 + bhg�                                                          (6) 
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ct = ft ⊙ ct−1 + it ⊙ c�t                                                                                                                (7) 

σ represents the sigmoid activation function; ⊙ represents the Hadamard product, W and b are trainable parameters 
(Kılıçarslan et al., 2021; Yuen et al., 2021). Finally, the concatenation [hT����⃗ ,hT�⃖���] of the forward and backward hidden states at 
the last time step is taken as the local feature representation Hl

n of that node. The local features of all nodes constitute a set 
Hl∈RN×Dh, where Dh is the hidden layer dimension. 

In the global feature extraction pathway, a multi-layer Transformer encoder is used to reconstruct the global context 
representation of the sequence (Shusen et al., 2023; Deihim et al., 2023). First, the input tensor E is reshaped into a two-
dimensional matrix E'∈R(N⋅T)×F to compute multi-head self-attention. The computation of each attention head is defined in 
Eq. (8). 

Attention(Q, K, V) = Softmax�
QKT

�dk
�V                                                               (8) 

In Eq. (8), the query matrix Q, key matrix K, and value matrix V are obtained by linear projection of the input E', and dk 
is the key vector dimension. The output of the multi-head attention is processed by layer normalization and a feedforward 
neural network and then aggregated into a fixed-dimensional global feature vector Ht∈RDh through a global average pooling 
operation. This vector compresses the long-range spatiotemporal correlation pattern across nodes and time steps (Dogan, 
2023; Zhao and Zhang, 2024). The outputs of the two paths Hl and Ht are used together as the input of the gating fusion 
module. 

2.3. Gated Feature Fusion and Probability Output Layer 

The local feature representation Hl ∈ ℝN×Dh  generated by the module and the global feature representation Ht ∈ ℝDh 
exhibit semantic and scale heterogeneity. To achieve organic synergy between the two, this module applies to a gated fusion 
mechanism. This mechanism first broadcasts the global feature vector Ht to align its dimension with Hl, resulting in Ht

′ ∈
ℝN×Dh . Subsequently, Hl and Ht

′ are concatenated along the feature dimension to form a joint feature representation Hc =
[Hl;  Ht

′] ∈ ℝN×2Dh . This joint feature is mapped through a fully connected layer and a Sigmoid activation function to 
generate a gated weight vector α with the same dimension as the original feature, which is expressed in Eq. (9). 

α = σ�WgHc + bg�                                                                                      (9) 

In Eq. (9), Wg∈RDh×2Dh and bg∈RDh are trainable parameters, and σ is the Sigmoid function. The value range of each 
element of this weight vector α is [0,1], which is used to dynamically adjust the contribution of the two types of features. 
The final fused features Hf∈RN×Dh are obtained by gated weighted sum, calculated as shown in Eq. (10). 

Hf = α⊙ Hl + (1 − α) ⊙ Ht
′                                                                        (10) 

This design enables the model to adaptively select between relying on local time-series patterns or global context 
information based on the inherent characteristics of the input data. To simultaneously accomplish demand point prediction 
and volatility modeling, the fused features Hf are input into a two-branch output layer. The point prediction branch is a linear 
transformation layer that can produce the output demand forecast value y� ∈ ℝN for the desired future time step, expressed 
in Eq. (11). 

y� = WpHf + bp                                                                                     (11) 

Wp ∈ ℝ1×Dh  and bp ∈ ℝ are parameters of the point prediction branch. The fluctuation modeling branch employs a 
quantile regression approach, producing predicted values for several target quantiles via a collection of independent linear 
transformation layers (Wang et al., 2024; Yang et al., 2024). 

During training, all parameters are optimized jointly by minimizing the quantile loss function Lτ, which is defined as the 
weighted absolute deviations between the predicted and true values, as specified in Eq. (12). 

Lτ =
1
N
� 
N

i=1

max �τ�yi − y�τ,i�, (1 − τ)�y�τ,i − yi��                                                            (12) 

By producing predicted values of several key quantiles, the model can represent a nonparametric form of the conditional 
prediction distribution and thus quantify the uncertainty of demand. 

3. Experimental Setup and Verification 

3.1. Data Collection and Experimental Environment 

To evaluate the performance of the proposed model in an industrial context, the analysis utilizes over 36 months of real 
supply chain operation data from a large textile and apparel group. The dataset contains comprehensive information about 
the four primary supply chain components and their normal processes (textile raw materials, yarn, grey fabric and finished 
garments). Furthermore, it provides an accurate portrayal of demand transmission characteristics and demand variation in a 
multilevel production and distribution environment. Demand data for each node is recorded in chronological order over 
weekly intervals, as are the time series, market and operational features. The dataset will be partitioned into three non-
overlapping subsets in chronological order. The first 70% of the data sequence will form the training dataset for learning 
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model parameters. The next 10% of the sequence will serve as the validation dataset for selecting hyperparameters and for 
determining early stopping criteria. The final 20% of the sequence will function as the test dataset for evaluating final 
performance and conducting comparative analyses. This dataset partitioning exercise follows the premise of time-series 
forecasting and guards against any potential data traversal issues. 

To provide a comprehensive understanding of the dataset, we further detail its key features. The dataset contains weekly 
records for each node, with approximately 156 samples per node. However, due to data collection gaps, the actual numbers 
are raw materials 152, yarn 154, greige fabric 150, and finished garments 155. The missing value rate is low, ranging from 
1.3% to 3.8% across nodes. Missing values were imputed using forward imputation. To assess the impact of imputation, we 
conducted a sensitivity analysis, comparing model performance on the complete subset. The mean absolute error difference 
was less than 2%, indicating a negligible impact. Promotional events were defined as periods with at least a 15% discount 
on finished garments, and this agreement was derived from the company’s marketing plan database. Other events included 
supplier disruptions or sudden order changes, tagged using one-hot encoding. All features were available at prediction time, 
namely historical demand up to week t-1, known future promotions, and market indices released one week later, ensuring 
no look-ahead bias in the experimental setup. 

All experiments run on servers with NVIDIA GPUs, which have video memory that can accommodate scaling tensor 
computations during model training. The programming environment is based on Python 3.8 and the PyTorch 1.12.1 deep 
learning framework for flexibility in model deployment and training. This requires the models to be trained with the AdamW 
optimizer and an initial learning rate of 1e-3, adjusted using cosine annealing (Zhang et al., 2024; Arthur et al., 2024). The 
batch size for training is 32, and the model training is completed in 300 epochs. Additionally, an early stopping mechanism 
is used, where training takes place for 10 epochs without improvement of the validation loss on the validation set to avoid 
overfitting (Li et al., 2024; Sabiri et al., 2022). To ensure the reliability of the experimental results, all comparative 
experiments are repeated 5 times under the same hardware and software environment and data partitioning, and their average 
performance metrics are reported. 

3.2. Evaluation Indicators and Comparison Scheme 

To fully quantify the predictive performance of the model, two types of evaluation metrics are used in the experiment. Point 
prediction accuracy is measured by mean absolute error. Mean absolute error is calculated as the average of the absolute 
deviations between the predicted value and the true value. It is insensitive to outliers and provides a robust accuracy estimate. 
Fluctuation prediction reliability is evaluated by mean coverage error and mean interval width (Nikulchev and Chervyakov, 
2023). Mean coverage measures the proportion of the true value falling within the prediction interval of a specified 
confidence level. Its deviation from the theoretical confidence level is calculated by the mean coverage error. The 
construction of the comparison scheme aims to verify the effectiveness of the model in this paper from the perspective of 
methodological evolution. The set of benchmark models covers representative methods from traditional time series models 
to innovative deep learning architectures. The specific model composition and key parameter configuration are shown in 
Table 2. 

All baseline models utilized the same input feature set as that of the DGFM models to permit a fair comparison between 
the two sets of models. The hyperparameters for each model had been tuned on the validation set through a grid search. The 
same optimizer, learning rate schedule, batch size, and early stopping criteria were used when training each of the models in 
order for all models to be trained with comparable computational budgets. Predictive intervals for the probabilistic models 
(e.g., DeepAR) were created using their respective internal likelihood functions, while for the deterministic models, interval 
predictions were made by training a quantile regression output layer to maintain consistent volatility modeling. 

The spectrum of technical models, as illustrated in Table 2, shows both a continuum from traditional to modern as well 
as from simple to integrated. The established baseline models for comparative purposes are classical statistical modeling and 
machine-learning models. The proposed deep sequence models, LSTM and Transformer, represent the two most common 
methods used for capturing local dependencies and global correlations. The difference in performance between DGFM and 
the benchmark models is the result of the success of its gated fusion architecture at concurrently modeling multi-scaled 
temporal characteristics. 

4. Results 

4.1. Comparison of Point Prediction Accuracy 

The accuracy of point predictions is an essential measure of how well a demand forecasting model performs and directly 
impacts how trustworthy the master supply chain planning process is when relied upon for execution. This section will 
demonstrate how the dual attention gate fusion model (DAGFM) outperforms traditional demand mean estimators through 
a comparative analysis of the Mean Absolute Errors (MAE) of five different types of models (ARIMA, XGBoost, LSTM, 
Transformer, and DAGFM producing demand forecasts against a complete dataset for each of the four nodes across the 
supply chain, namely raw material, yarn, greige, and finished garments. Fig. 2 shows the results from this analysis. 

All baseline models used the same input feature set as that of the DGFM models to permit a fair comparison between the 
two sets of models. The hyperparameters for each model were tuned on the validation set using a grid search. The same 
optimizer, learning rate schedule, batch size, and early stopping criteria were used when training each model, ensuring 
comparable computational budgets across all models. Predictive intervals for probabilistic models (e.g., DeepAR) were 
computed using their respective internal likelihood functions, whereas for deterministic models, interval predictions were 
obtained by training a quantile regression output layer to maintain consistent volatility modeling. 
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The spectrum of technical models, as illustrated in Table 2, shows both a continuum from traditional to modern as well 
as from simple to integrated. The established baseline models for comparative purposes are classical statistical modeling and 
machine-learning modeling. The proposed deep sequence models, LSTM and Transformer, represent the two most common 
methods used for capturing local dependencies and global correlations. The difference in performance between DGFM and 
the benchmark models is due to its gated fusion architecture, which concurrently models multi-scale temporal characteristics. 

5. Results 

5.1. Comparison of Point Prediction Accuracy 

The accuracy of point predictions is an essential measure of how well a demand forecasting model performs and directly 
impacts how trustworthy the master supply chain planning process is when relied upon for execution. This section will 
demonstrate how the DAGFM outperforms traditional demand mean estimators through a comparative analysis of the Mean 
Absolute Errors (MAE) of five different types of models (ARIMA, XGBoost, LSTM, Transformer, and DAGFM) producing 
demand forecasts against a complete dataset for each of the four nodes across the supply chain; namely raw material, yarn, 
greige, and finished garments. Fig. 2 shows the results from this analysis. 

Table 2. Comparison of models and parameter settings 

Model category Model name Core parameter 
settings Theoretical basis 

Traditional statistical model ARIMA 

(p, d, q) are 
automatically 

determined by the AIC 
(Akaike’s Information 

Criterion) criterion 

Autoregressive 
integrated moving 

average classic 
benchmark 

Machine learning model XGBoost 
Max depth=6, 

n_estimators=100, 
learning rate=0.1 

Gradient boosting 
decision tree, powerful 

feature interaction 
capabilities 

Deep learning sequence model LSTM 
2-layer stacking, 64 

hidden units, 
Dropout=0.2 

Recurrent neural 
networks are good at 
capturing short-term 

temporal dependencies 

Deep learning sequence model Transformer 

4 attention heads, 2 
encoder layers, 

feedforward dimension 
128 

Based on the self-
attention mechanism, 
it is good at capturing 

global long-term 
dependencies 

This paper’s model DGFM 
Hidden dimension 128, 

gated fusion layer 
dimension 256 

Adaptive fusion of 
local and global 

features 

Deep learning probabilistic models DeepAR 
2-layer LSTM, 64 

hidden cells, Gaussian 
likelihood 

Autoregressive 
probability prediction 

Advanced transformer variants Informer 

Attention head 4, 
encoder layer 2, 
ProbSparse self-

attention 

Long sequence 
efficient prediction 

model 

 

5.2. Reliability Assessment of Fluctuation Modeling 

Accurate demand forecasting still requires effective quantification of uncertainty to support supply chain risk management 
decisions. Volatility modeling aims to depict the probability of distribution of future demand, and its reliability directly 
determines the scientific validity of safety stock settings and service level commitments. The model’s performance in 
quantifying demand uncertainty is assessed by comparing forecast interval coverage with the actual value and by examining 
the characteristics of the forecast interval widths (as shown in Fig 3). 

As illustrated in Fig. 3 above, the x-axis represents a time series of the test data set, and the y-axis represents the level of 
market demand expressed in thousands of garments. The DGFM model’s empirical prediction interval at a 95% confidence 
level is being compared with the actual historical demand sequence. During the promotional/peak phase of the season (time 
series 3-5), actual demand increased sharply to 168.9 thousand garments. The lower limit of the prediction interval (128.5 
thousand garments) and the upper limit (185.9 thousand garments) fully cover this dramatic increase in demand during this 
period, with the difference between the upper and lower limits remaining within an acceptable range of approximately 57 
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thousand garments. The outstanding prediction results during this phase of the season can be attributed to the Transformer 
encoder’s ability to quickly assess sudden demand changes and to the gating mechanism, which dynamically enhances global 
characteristics, enabling the model to predict and respond effectively to systemic demand variability. By comparison, in the 
more stable time series 7, actual demand returned to 88.7 thousand garments, and the prediction interval narrowed to 
approximately 32 thousand garments, indicating the LSTM network’s consistency in estimating a baseline demand level. 
The average interval width throughout the testing period indicates that the model avoids overly conservative intervals while 
maintaining high coverage. This balance is achieved through the joint optimization of interval width and coverage by the 
quantile regression loss. The DGFM model accurately quantifies demand fluctuations via the probability output layer, 
providing a reliable basis for decision-making in supply chain risk management. 

 

Fig. 2. Comparison of MAE across multiple supply chain nodes 

 

 

Fig. 3. Visualization of predicted interval coverage 

 

5.3. Multi-Node Prediction Consistency 

Because multiple nodes in the supply chain have interrelated demand effects, forecasting models need accurate forecasting 
at a minimum in a single-point sense, but also in the sense of systemic collaborative forecasting models. The high correlation 
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in forecasting errors across nodes is evidence of inadequate decoupling of complex supply-and-demand relationships, which 
can lead to the accumulation and escalation of forecasting errors throughout the supply chain. This section evaluates the 
global collaborative forecasting effectiveness by calculating and comparing the correlation coefficients of forecasting errors 
across node pairs for different models, as shown in Fig. 4. 

 

Fig. 4. Correlation coefficient matrix of prediction errors 

 

Fig. 4 shows the three deep learning models on the vertical axis and the six supply chain node pairs on the horizontal 
axis. The color intensity represents the Pearson correlation coefficient of the prediction error. The LSTM model’s error 
correlation is mostly higher than 0.65, reaching 0.81 for the yarn-grey fabric node pair, indicating that its mechanism, based 
on local sequence modeling, struggles to distinguish the mutual influence between nodes. The Transformer model reduces 
the correlation to the range of 0.38 to 0.55 through a self-attention mechanism, demonstrating the effectiveness of global 
modeling in reducing error propagation. The DGFM model in this paper has a correlation coefficient of no more than 0.31 
for all node pairs, with the correlation for the raw material-garment node pair being only 0.19. This performance is attributed 
to the gating fusion mechanism’s enhancement of node-specific features and suppression of global interference factors. The 
low and uniform error correlation shows that the model can provide more stable system-level prediction capabilities, 
obviating risk associated with the bullwhip effect through collaborative learning in the supply chain. 

5.4. Verification of the Effectiveness of the Gating Mechanism 

The gating fusion module is the core component of the model in this paper to enable adaptive interaction between local and 
global features. The effectiveness of the dynamic decision-making process directly determines the model’s capability to 
respond to complex demand patterns. In this regard, this section addresses the evolution of the gating weight α across various 
operational conditions and analyzes the model’s strategy for allocating weights during the testing period for the garment 
node. The evolution of α over time displays a dynamic response process, presented in Fig. 5. 

Fig. 5 shows the test set time series on the horizontal axis and the gating weights α  on the vertical axis, physically 
representing the model’s dependence on the global features of the Transformer. During the stable operation phase (time 
series 1-2), the α value remains stable around 0.32 to 0.35, indicating that the model relies on the LSTM network to capture 
local temporal patterns. When the time series progresses to point three, the promotional activity triggers a sudden demand 
surge, and the α value rapidly jumps to 0.78. The sharp change is due to the Transformer encoder’s global contextual 
understanding of abrupt changes, which allows the model to recognize changing patterns in systemic demand more quickly 
than before. In the peak season period series 4-5, “α” increases further to 0.85 (the peak), indicating that the model continues 
to use global features and builds on them to accommodate high demand fluctuations. After the promotional event has passed 
(time series 6), the “α” returned to 0.65 yet remains above the stable range levels, indicating that the model has retained 
some level of memory with respect to global data to help mitigate the inertial impact of demand decreases. The weight 
allocation model is extremely applicable to real-life business situations; therefore, it further validates the gating function’s 
ability to independently adjust the relative proportions of local and global data contributed to the merger of local and global 
feature locations based on the natural characteristics of the input variables, thus enabling true adaptive integration. 

6. Conclusion 

In this research project, we create a dual-attention gated fusion model to address the challenges of multi-node demand 
forecasting and volatility modeling in textile supply chains. We will present three main contributions. 1) a parallel 
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architecture that simultaneously extracts local temporal features with a Bi-directional Long Short-Term Memory (BiLSTM) 
incremental feature extractor, and global correlation features with a Transformer (multi-head self-attention component). 2) 
an innovative gated fusion mechanism that quantitatively weights and synthesizes the two different feature types based on 
the characteristics of the input data. 3) the use of a quantile regression output layer to optimize both point forecasts and 
prediction intervals in an end-to-end manner, allowing us to quantify uncertainty through our entire system. Evidence from 
experiments suggests the model’s most accurate single selection points are four supply chain nodes, raw materials, yarn, 
greige fabric and finished garments, with the greatest MAE at the grey garment node decreased to 65100 pieces. The gating 
weight analysis indicates that the feature fusion method is flexible enough to alter weights for selected features based on 
contextual changes in operations, and especially during promotional periods, where weights for global features increased to 
0.85. Given the findings of this research, it represents a tool for combining demand forecasting with an understanding of risk 
and uncertainty in textile supply chains, with considerable use value for managers in inventory optimization and risk 
management decisions within supply chain systems. There remain some limitations for applying this research generally and 
its CR for the specification of selected features. Future research will advance the development of multimodality and graph-
based architecture methodologies to enhance multi-node reliability and consistency. 

 

Fig. 5. Temporal evolution of gating weight 
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