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ABSTRACT 
Supply chain inventory forecasting and control is an integral part of supply chain management system, 
and it is a focus that industries must pay attention to in their operation and management. In this paper, 
the supply chain inventory demand forecasting model is constructed from the perspective of supply 
chain end, combined with the Transformer model in AIGC technology. The DL-Informer model is used 
to improve the Transformer model, realize the feature fusion of graph convolutional neural network, 
design and solve the feature graph adjacency matrix and complete the information fusion of each 
feature subgraph to improve the prediction accuracy. Aiming at the problems faced by supply chain 
inventory demand forecasting, the traditional algorithm with strong local optimization ability is 
combined with the genetic algorithm, and the hybrid genetic algorithm (HGA) is proposed to solve the 
nonlinear optimization problem. In the supply chain inventory forecasting practice, when the forecast 
length is 12, the MSE, MAE and RMSE index values of this paper's forecasting model are 0.202, 0.174 
and 0.416, respectively, which have more stable long-term forecasting performance compared with 
other models. And in the nonlinear simulation optimization experiments, the HGA algorithm shows 
good convergence and outstanding optimization effect in the nonlinear problem of supply chain 
inventory. 

Keywords: AIGC, Transformer, nonlinear optimization, inventory demand forecasting, genetic 
algorithm 
 

1. Introduction 

Inventory problem has been a major problem for many enterprises, how to control the inventory of 
each node enterprise in the supply chain from the perspective of supply chain is a major hot spot in 
today's supply chain research. Restricted by the production capacity, each node enterprise in the 
supply chain needs to order and store a large number of materials required for production before 
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obtaining the actual order, and produce some products with long manufacturing cycle and complex 
structure in advance, and establish reserve stock to cope with the peak demand [1-3]. The amount of 
reserve inventory is difficult to control, often far beyond the actual demand, the high cost of 
warehousing, taking up a large amount of money, masking the many management problems of the 
enterprise, and seriously impede the high-quality development of the supply chain [4-6]. 

To control the inventory, we must start from a good demand forecast. Demand forecasting is the 
basis for activities such as production planning, and inaccurate need forecasting is usually the most 
important factor leading to enterprise inventory [7]. However, demand forecasting is based on 
historical data and the decision maker's judgment of the future, and there is always a certain bias in 
the forecast, and roughly the formation of forecasting bias is caused by two types of factors, namely, 
the internal enterprises in the supply chain and the external environment [8-11]. The information 
structure in the supply chain is decentralized, and the local inventory status and dynamic demand 
forecasting information of each member cannot be shared. Under the independent demand forecasting 
of the node firms, each member in the supply chain dynamically maintains its independent forecasting 
process and induces the forecasting results into their respective inventory replenishment strategies 
[12-16]. Due to the dynamic nature of the supply chain, such as time delay and demand amplification, 
the forecasts of each member vary greatly, which ultimately generates the “whiplash effect” [17]. In 
today's supply chain management environment, the enterprise's inventory problem not only affects 
the interests of an enterprise itself, but also affects its associated upstream and downstream 
enterprises [18-20]. When each enterprise in the supply chain can operate healthily and efficiently, the 
supply chain will have strong competitiveness, which makes the member enterprises in the supply 
chain realize the supply chain [21-22]. Therefore, how to forecast demand and inventory control from 
the perspective of supply chain is an important part of supply chain management. 

Many scholars have conducted detailed research specifically on supply chain inventory demand 
forecasting challenges.Seyedan, M. et al. compared the performance of different classes of big data 
analytics algorithms in supply chain demand forecasting and specifically analyzed the situation of 
closed-loop supply chain demand forecasting, which provided theoretical references for supply chain 
management [23]. Zohra Benhamida, F. et al. developed an intelligent inventory management system 
and proposed two methods for product demand forecasting based on the results of analyzing the 
historical sales and demand data of an enterprise, which provides accurate forecasting accuracy for 
making production and supply plans and optimizing supply chain decisions [24]. Kilimci, Z. H. et al. 
proposed an integration strategy for supply chain inventory demand model and introduced boosting 
integration strategy into the forecasting model to construct a forecasting system containing support 
vector regression, deep learning model and integration strategy, which significantly improves the 
accuracy of inventory forecasting [25]. Feizabadi, J. et al. designed a hybrid demand forecasting 
method based on ARIMAX and neural networks, which can effectively solve the problem of amplified 
differences in cuju forecasts due to distorted demand information in a multilevel supply chain, and 
thus improve the forecasting performance of inventory demand [26]. Deng, C. et al. developed a 
mathematical model of logistics and transportation for cost minimization as well as profit 
maximization and solved it using deep learning long and short-term memory theory for deep 
inventory management, which is capable of quickly detecting abnormal inventory behaviors and 
reducing costs over the supply chain lifecycle [27]. 

In this paper, a supply chain inventory demand forecasting model is constructed based on the AIGC 
technology and the Transformer model, which is an important technology in the AIGC technology, is 
selected as the method. Informer is proposed to improve the structure of traditional Transformer 
model, and graph convolutional neural network and residual connection are used to further optimize 
the structure of Informer network, which is named as DL-Informer.A method is designed for solving 
the adjacency matrix of feature graphs, and after obtaining the adjacency matrix, the processing of the 
graph structural data is completed by graph convolutional neural network. Determine the model 



RESEARCH ON AIGC-BASED SUPPLY CHAIN INVENTORY DEMAND 3143 

 

expression of the graph convolutional neural network, and after converting the feature map into graph 
data, integrate the information of each feature sub-map, and then extract the more valuable features 
between the data, and finally improve the prediction accuracy of the Informer. Facing the nonlinear 
optimization problem faced in supply chain inventory demand forecasting, hybrid genetic algorithm 
(HGA) is proposed as a method to solve the nonlinear optimization problem. In the two types of 
problems, unconstrained optimization and constrained optimization, SHGA based on the most rapid 
descent method and PHGA based on the penalty function method are used to solve the problems, 
respectively. Finally, the supply chain inventory data of an FMCG enterprise is used to carry out the 
application practice of supply chain inventory demand forecasting to test the practical utility of the 
supply chain inventory demand forecasting model in this paper, and the advantages of the HGA 
algorithm in solving the nonlinear optimization problems are verified through the simulation cases 
and examples. 

2. AIGC-based supply chain inventory demand forecasting model 

Today is an era of rapid development of economy and information technology, the competition among 
market participants is becoming increasingly fierce, especially the mutual competition among 
enterprises is gradually shifting towards the competition among supply chains, which has led to the 
widespread dissemination of the idea of supply chain management, in which the most important 
inventory forecasting and control has become a focus of attention for various industries in the 
operation and management, and therefore the research on inventory forecasting and control from the 
end of the supply chain has an important significance. Therefore, the research on inventory forecasting 
and control from the end of supply chain has important significance. Along with AIGC technology being 
sought after by various industries, it has become an inevitable trend to be applied to the research of 
supply chain inventory forecasting. In this paper, we will combine the AIGC technology with the 
transformer model, i.e., Transformer model, to construct a supply chain inventory demand forecasting 
model, aiming at providing theoretical support for enterprise inventory forecasting and control, and 
further enriching and developing the theory and method of enterprise inventory control in the supply 
chain environment. 

2.1. AIGC technology 

Artificial Intelligence Generated Content (AIGC) represents a major leap forward in the digital 
economy, addressing the challenges of digital intelligence by automating the generation of a variety of 
content [28]. This technology has made significant progress since the development of the underlying 
models in the 1950s, and AIGC has grown even more dramatically in recent years due to deep learning 
and the adoption of various architectures. 

AIGC has evolved from simple automated content generation to providing creative and personalized 
content solutions. AIGC relies on three key components: data, hardware, and algorithms, which not 
only change the way content is produced, but also reshape the user experience and interaction 
patterns. High-quality data is essential for training accurate models, while powerful computing 
hardware is needed to process large data sets and run complex algorithms. The algorithms themselves, 
especially those based on various architectures, determine the quality of the content generated. The 
interplay between data, hardware, and algorithms is critical to the success of AIGC, enabling it to 
generate high-quality, diverse text, image, audio, and video content. 

The cornerstone of today's robust AIGC world consists of several important techniques, which are 
Generative Adversarial Networks (GANs), Variational Auto-Encoders (VAEs), Regression Models, CLIP 
Models, Transformer Models, Diffusion Models, and so on. This study focuses on the transformer 
model, which is also known as the Transformer model. 
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2.2. Transformer model 

The Transformer model has an encoder-decoder structure, which is a loop-avoiding network 
architecture where word sequences are first input to the encoder and then output from the encoder 
to the decoder. Since the inputs and outputs of the encoder and decoder are sequences of tokens with 
the same dimensions, the encoder and decoder can be stacked together to obtain high-level semantic 
features by deepening the number of network layers [29]. However, as the number of network layers 
deepens, the distribution of data features will always change. Transformer ensures a stable 
distribution of data features by introducing a layer normalization operation, which reduces the loss of 
information and makes the training of the network smoother. In the following, we will introduce the 
important components of the Transformer model structure one by one. 

1) Position encoding. Because the Transformer model does not have the structure of a recurrent layer, 
it does not have the ability to learn word order information like recurrent neural networks, so it 
introduces positional coding to utilize the word order information speciϐic to the input word 
sequences.The original input to the Transformer model is word vectors without word order 
information, and the positional coding combines the absolute or relative positional information with 
the word vectors to form a new representation. Position encoding combines absolute or relative 
positional information with word vectors to form a new representation that is input to the model so 
that the Transformer model can learn word order information. Positional encoding records the 
correlation between sequential word positions, and compared to the sequential input of recurrent 
neural networks, the Transformer model is able to store positional relationships between words while 
inputting the data in parallel, which both largely increases computational speed and reduces storage 
space. 

In the Transformer model, the positional information is represented alternately with sine and cosine 
functions, which are used to generate positional encoding with different frequencies, as shown in 
Equation (1) and Equation (2): 

 ( ,2 ) 2 /
sin

10000pos i i d

pos
PE

   
 

 (1) 

 ( ,2 1) 2 /
cos

10000pos i i d

pos
PE 

   
 

 (2) 

where PE is the position encoding matrix, pos  represents the position of the word in the whole word 
sequence, d  represents the total number of feature embedding dimensions in the hidden layer of the 
Transformer model, i  represents the dimensionality, 2i  represents the even numbered dimensions, 
and 2 1i   represents the odd numbered dimensions, i.e., 2 1i d  , ( , )pos i  represents the pos th 
row and i th column in the position encoding matrix, which is computed by using a sine function for 
the even numbered columns, and by using a cosine function for the odd numbered columns. For any 
deviation n  , pos nPE    can be expressed as a linear representation of posPE  , which helps the 

Transformer model to learn from relative positions. 

2) Encoder-Decoder. Transformer's encoder contains a multi-head self-attention layer and a fully-
connected by-position layer in each layer.Transformer's decoder also consists of a stack of six identical 
decoder sublayers. Each layer of the decoder's structure contains a masking multi-head self-attention 
layer, a multi-head self-attention layer, and a fully-connected layer processed by position.The 
Transformer model is processed using residual joins and layer normalization (LN) operations after 
each encoder and decoder sub-layer.The Transformer is made up of multiple sub-layers stacked on top 
of one another, and the use of layer normalization in each of these sub-layers can ensure a stable 
sequence of features. 
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3) Self-attention mechanism. The self-attention mechanism of Transformer model can capture the 
intrinsic relevance information of features or data without relying on extrinsic information. In natural 
language processing tasks, Transformer relies on the self-attention mechanism to compute the 
attention between each word, so that each word has global semantic information, thus capturing the 
global context of the entire sequence of words with long-range dependencies. Prior to the advent of 
Transformer, the two more prevalent methods of attention computation were dot-product and 
additive attention.Transformer uses scaled dot-product attention, which utilizes dot-products to 
compute similarity. Scaled dot product attention is able to accommodate higher input dimensions, 
leading to faster computation than other attention computation methods. 

After linearly transforming the input data into query Q  , key K   and value V  , the scaled dot 
product attention first obtains the dot product of each query Q and each key K , uses this result to 
divide by the square root of the dimensions of query Q  and key K , and then processes it through 
the softmax operation to obtain the self-attention score matrix, treats the self-attention score matrix 
as a weight for value V , and utilizes the value V  and the self-attention score matrix to compute the 
self-attention score matrix. The final output result matrix of the attention layer is calculated using 
value 9 and the self-attention score matrix. Equation (3) describes how the self-attention is calculated: 

 ( , , )
T

k

QK
Attention Q K V softmax V

d

 
   

 
 (3) 

where kd   represents the square root of the dimension of key K   and ( / )T
ksoftmax QK d  

represents the matrix of self-attention scores, where the scaled factor (scaled factor) can be seen as 
1/ kd . 

4) Multiple self-attention. Multiple heads in multi-head self-attention focus on unlike global and local 
information, which endows the Transformer model with great power as it is able to extract richer and 
more comprehensive features. Compared to single-head self-attention, multi-head self-attention uses 
different linear projections to project query Q  , key K   and value V   to different spaces, and 
computes the self-attention for each eye in different projection spaces, so as to obtain features from 
all aspects of the input and get better experimental results. Speciϐically, the Transformer model 
projects query Q  , key K  , and value V   multiple times, then computes scaled click attention 
independently using different projections, and ϐinally splices the single-head self-attention 
computations of all heads to obtain multi-head self-attention. The multi-head self-attention is formed 
by combining multiple self-attention as shown in Eq. (4) and Eq. (5): 

 0
0( , , ) ( ,..., )hMHSA Q K V concat head head W  (4) 

 ( , , )Q K V
i i i ihead Attention QW KW VW  (5) 

where 00,kd d hd dQ
iW W  ò ò , h  represent the number of heads in the multi-head self-attention, Q

iW  
represents a learnable linear transformation matrix that maps query Q   into the i  th projection 

space, and K
iW   and V

iW   are the same. OW   is also a Transformer model learnable linear 
transformation matrix whose function is to map the self-attention obtained from splicing back to the 
original dimension of the input token after splicing all the heads. 

2.3. Transformer-based supply chain inventory demand forecasting model 

Transformer can efficiently extract features and relationships between data in parallel due to the use 
of positional coding and multi-head self-attention mechanism to process the input data, but for a large 
amount of data, Transformer also increases the parameters of each matrix vector in the computation 
of the attention mechanism in the square level, which greatly reduces the computational efficiency, 
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and also improves the computational complexity and memory This greatly reduces the computational 
efficiency and increases the computational complexity and memory consumption. Therefore, many 
researchers are committed to improving the structure of Transformer to improve efficiency, and 
Informer is one of the improved models [30]. 

2.3.1. DL-Informer Improvement Model Principles. In the Informer model, in order to improve the 
robustness of the model, the encoder is usually designed as a stack structure, which divides the 
encoder into two parts, the main sequence and the replica sequence, with the replica sequence 
accounting for half of the length of the main sequence, and gradually reduces the number of self-
attention layers by deleting one layer at a time, so as to ensure that the output dimensions are 
consistent with those of the main sequence. Assuming that the initial input data length is L, the length 
of the main sequence is L and the length of the replica sequence is L/2. After the multi-head attention 
mechanism and one-dimensional convolutional pooling, the length of the sequences both become 1/2 
of the original. If the number of stack layers of the encoder is 3, the main sequence will undergo two 
pooling operations, and the replica sequences will undergo one pooling operation, and the ϐinal feature 
map consists of the main sequence and replica sequences with both lengths of L/4. The stack structure 
of the Informer encoder allows the model to learn more feature information, but for the merging of 
the main sequence and replica sequences at the end, the original paper has only performed a simple 
splicing, without considering the relationship between the feature subgraphs. And the Informer model 
may cause network degradation phenomenon or gradient disappearance and gradient explosion 
phenomenon with the increase of coding layer depth, resulting in slow convergence of the model and 
inaccurate prediction results. 

To address the above problems, this paper improves the encoder structure of Informer and names 
it DL-Informer.The specific improvements are as follows: for the encoder's stack output, a simple 
splicing is performed first, and then graph convolutional neural network (GCN) is utilized to analyze 
the relationship between the feature subgraphs, and the features are fused into the feature graph 
output; then by introducing residual connections, the network can be transfer across layers to deeper 
levels, thus reducing the degradation problem of the network [31]. The number of encoder stacks in 
DL-Informer is 3 layers. 

The core improvement of DL-Informer lies in feature fusion with graph convolutional neural 
networks. Graph Convolutional Neural Network is a commonly used deep learning network for graph 
data with the ability to automatically extract spatially localized features in the feature graph and 
establish relationships between these features for better processing of features. Graph convolutional 
neural networks mainly process graph structure data, which consists of nodes V  and edges E  in 
the graph, i.e., ( , )G V E . where iv V  denotes a node in the graph and ie E  denotes an edge in 
the graph. In graph structure data, nodes usually denote vectors with d -dimensional features, the 
number of nodes is denoted by n  , and the relationship between vectors is represented by the 
adjacency matrix. The representation of nodes and adjacency matrix is shown in the following 
equation: 

 n dX R   (6) 

 
1,

0,
ij

ij
ij

e E
a

e E


  

 (7) 

In graph data, a graph can be constructed using individual samples as nodes and using the 
connection relationships between the samples. Therefore, for the feature graph output by the Informer 
encoder, the vector at each position in the feature graph will be regarded as a node in the graph, and 
the node-to-node relationship is represented by the adjacency matrix. According to the characteristics 
of the data output from the Informer encoder, this chapter designs a method to solve the adjacency 
matrix of the feature graph, solves the product between the corresponding vectors of two nodes, and 
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compares the result with 0. If the result is greater than 0, it indicates that the two nodes are connected, 
and the value corresponding to the adjacency matrix is 1. Otherwise, it indicates that the two nodes 
are not connected, and the value corresponding to the adjacency matrix is 0, and the adjacency matrix 
is denoted as shown below: 

 
1

n

ij ik kj
k

m x x


  (8) 

 
1, 0

0, 0
ij

ij
ij

m
a

m


  

 (9) 

where ijm  denotes the result of multiplying two node vectors, n  is the feature dimension of each 

node, ikx   denotes the value of the k  th dimension of the i  th node, and ija   is the value of the 

corresponding point of the adjacency matrix. 
The graph convolution neural network will perform convolution operation on each node and 

neighbor matrix of the input feature graph, and then change the feature representation of each node 
to get more diversified features, the model expression of graph convolution neural network is shown 
in the following equation: 

 1/2 1/2( )Z D AD XW      (10) 

where NA A I  , A  denotes the adjacency matrix, NI  is the unit matrix; im
m

D A   denotes the 

degree matrix; X  denotes the feature vector before the graph neural network processing; z  is the 
feature vector after the graph neural network processing; W  denotes the trainable parameter matrix. 

After converting the feature graph into graph data, graph neural network can then be used to analyze 
the relationship between the nodes in the feature graph and complete the information fusion of the 
feature subgraphs, thus extracting the more valuable features between the data, thus improving the 
prediction accuracy of Informer. 

The graph convolutional neural network solves the problem of feature fusion in the output of the 
encoder stack, however, it cannot solve the problem of model gradient degradation. As the depth of 
the network increases, the information obtained by the model becomes less and less, and the model 
may suffer from the phenomenon of gradient disappearance or gradient explosion during training, at 
which time the problem can be solved by introducing residual connections in the network. The 
residual connection is directly jumped from the first multi-attention mechanism to the final encoder 
feature map, which is added with the output of the encoding layer that has gone through multiple 
layers as the output of the feature map. Since the pooling operation in the encoding layer reduces the 
dimension of the output information, the residual-connected multi-head attention mechanism needs 
to be dimensionally transformed with a 1×1 convolutional layer to ensure the same shape. 

2.3.2. DL-Informer inventory demand forecasting methodology. DL-Informer solves the problems of 
Informer when it comes to feature fusion and multilevel gradient degradation, and it will be used in 
this chapter to forecast inventory demand. 

The prediction model consists of five parts, namely the data preprocessing part, the coded 
embedding part, the encoder part, the decoder part and the fully connected output part. The data 
preprocessing part adopts the preprocessing methods in Chapter 3, i.e., error data repair, data 
normalization and string data encoding process, but attention should be paid to the format of the input 
data, which should comply with the input requirements of the DL-Informer encoder and decoder; the 
coded embedding part includes the positional coding, token coding and temporal coding, which are 
used to extract more features from the original data, and to map the feature dimension mapping to the 
high dimensional space, which in turn facilitates the feature processing of the encoder and decoder; 
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the encoder part is designed with three layers, two of which are composed of sparse self-attention and 
distillation layers, and the last layer is a sparse self-attention layer; the encoder stack is designed as 3, 
2, 1, i.e., it means that there are one main sequence and two copy sequences, which need to be 
processed by the graphical convolution neural network for the feature fusion process, in which the 
main sequence is also added with residual connections to avoid network degradation; the decoder 
part is designed with 2 layers, each layer consists of a masked multi-attention layer and a multi-
attention layer; the fully-connected output part will output the final prediction results, and then 
iteratively seek the optimal parameters of the model through back propagation to complete the 
training operation of the model. 

2.4. Experimental analysis 

In order to verify the superiority of the supply chain demand forecasting model proposed in this paper 
on inventory demand forecasting, Google cluster data will be used as the research data in this section, 
and LSTM, BiLSTM, Temporal Convolutional Networks (TCNs), Gated Recurrent Units (GRUs), and 
Informer model will be selected as the comparison models to carry out performance comparison 
experiments by using the data related to load sequences, the amount of CPU resource usage and RAM 
resource usage in executing the tasks in Google cluster data, respectively. The performance 
comparison experiments are conducted using load sequences from Google cluster data, CPU resource 
usage and RAM resource usage, respectively. 

The results of the experiments using load sequences from Google cluster data are shown in Table 1. 
Among the many comparative models, the MSE value of this paper's model is the lowest among all 
models, which is only 91.34, and the R² index value is 42.91% higher than that of the LSTM model with 
the lowest R² index value. The prediction time and training time are 1.10973s and 3.34986s 
respectively, which are only slightly inferior to the GRU model. 
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Table 1. Performance comparison of models in load sequence of Google cluster data 

Model MSE R² Prediction time(s) Training time(s) 

LSTM 16749.92 0.6946 1.91871 4.81229 

BiLSTM 18653.62 0.76659 3.7167 8.13328 

TCN 12409.57 0.70674 6.56471 13.24954 

GRU 10851.91 0.74617 0.97179 3.28062 

Transformer 129.32 0.98543 1.28518 4.48859 

Model of this article 91.34 0.99265 1.10973 3.34986 

 
Performance comparison experiments are conducted on CPU usage data from Google cluster data, 

and the specific results are shown in Table 2. It can be seen that in the three evaluation indexes of MSE, 
R² and prediction time, the performance of this paper's model is optimal, reaching 6.68, 0.98508, and 
1.15908 s. In the training time, it reaches only less than 0.1 s more than the fastest GRU model. 

Table 2. Performance comparison of models in CPU usage of Google cluster data 

Model MSE R² Prediction time(s) Training time(s) 

LSTM 314.06 0.81216 1.82238 4.9474 

BiLSTM 331.08 0.79285 4.69131 9.58315 

TCN 308.46 0.75887 6.9781 14.12311 

GRU 263.8 0.83299 1.17174 3.48312 

Transformer 42.56 0.97545 1.35937 4.59606 

Model of this article 6.68 0.98508 1.15908 3.5405 

 
Finally, the performance of each model is analyzed on the RAM usage data from Google cluster data, 

and the specific results are shown in Table 3. Among the many comparative models, the traditional 
LSTM model is the one with the worst prediction accuracy, and the rest of the models have improved 
their prediction accuracy in comparison with it, among which the model in this paper has the most 
significant improvement. Compared with the LSTM model, the model in this paper has an 
improvement of up to 97.82% in the MSE evaluation index and 19.93% in the R² evaluation index.The 
TCN model is the model with the longest training and prediction time, while the model in this paper 
has the shortest training and prediction time. Compared to the TCN model, the training and prediction 
speed of this paper's model possesses an improvement of 40.71% and 22.86%, respectively. 

Table 3. Performance comparison of models in RAM usage of Google cluster data 

Model MSE R² Prediction time(s) Training time(s) 

LSTM 651.16 0.82555 1.73241 4.68104 

BiLSTM 520.46 0.8765 4.88564 7.47698 

TCN 549.26 0.88419 6.20389 15.36605 

GRU 461.98 0.89625 1.09018 3.77337 

Transformer 54.93 0.97672 1.29649 4.4748 

Model of this article 14.17 0.99005 1.0272 3.61103 

 
Through the comparison and analysis of the above multiple experiments, it can be learned that the 

supply chain inventory demand prediction model proposed in this paper performs well in terms of 
prediction accuracy and training and prediction time, and possesses excellent performance. 
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3. Supply Chain Inventory Demand Forecasting Application Practice 

In this chapter, a practical study of supply chain inventory demand forecasting application will be 
conducted based on the proposed supply chain inventory demand forecasting model. 

3.1. Data sets 

The data of this applied practical research comes from the supply chain inventory data of an FMCG 
enterprise, and the experiments collected the sales of each product from January 2020 to December 
2023, in which the inventory data from 2020 to 2022 is used as the model training set, and the sales 
data in 2023 is used as the model test set. And the data of order year, quarter and month, attributed 
province, belonging to the product specification, belonging to the price category, average monthly 
price, average monthly frequency, etc., which have been filtered by features, are combined to construct 
the dataset used for the inventory prediction in this paper. Meanwhile, in order to ensure the accuracy 
of the experiment, this dataset deletes the product data that has too little data during the period from 
2020 to 2022. After data screening, 590 categories of product data and 407,352 order data were 
obtained as input data. 

3.2. Experimental environment 

The experimental environment CPU is AMD Ryzen 9 5900HX with Radeon Graphics, GPU is NVIDIA 
GTX3070 8G, 32G RAM, development environment is Pytorch 1.13.0+cu116, and Jupyternotebook 
platform is used. 

3.3. Evaluation indicators 

In this experiment, three types of criteria, mean square error (MSE), mean absolute error (MAE), and 
root mean square error (RMSE), are used to measure the performance comparison between this model 
and the benchmark model, respectively, and the smaller the values of MSE, MAE, and RMSE, the better 
the model prediction performance is represented. 

3.4. Experimental results and analysis 

Inventory data from January 2020-December 2022 are selected as training samples, and inventory 
data from January-December 2023 are used as test samples. The experiments all set the input sample 
step size as 36, and the prediction length of each dataset is divided into two groups of 3 and 12, and 
the specific parameters are shown in Table 4. 

Table 4. Parameter setting of model 

Parameters Value 

BatchSize 32 

Learning rate 0.0005 

Training rounds 200 

Number of bulls 6 

Number of hidden layers 16 

Dropout 0.05 

Optimizer Adam 

In this experiment, the VAR autoregressive model, LSTM model, and Transformer model are selected 
for comparison experiments with the supply chain inventory demand forecasting model proposed in 
this paper. The comparison of the prediction performance of this paper's model and other comparison 
models is shown in Table 5. It can be seen that this paper's model achieves the optimal performance 
in the three indicators of MSE, MAE, and RMSE. When the prediction length is 3, the values of MSE, 
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MAE, and RMSE indicators of this paper's model are 0.098, 0.082, and 0.288, respectively. When the 
prediction length is 12, the model in this paper still maintains good performance, with MSE, MAE, and 
RMSE index values of 0.202, 0.174, and 0.416, respectively. Obviously, the model in this paper 
possesses more stable long-term prediction performance. In addition, the prediction errors of this 
paper's model and the standard Transformer model are much smaller than those of the VAR and LSTM 
models, and marginally better than those of the standard Transformer model, which fully 
demonstrates the superiority of this paper's model in supply chain demand forecasting. 

Table 5. Prediction results of each model 

Prediction length Evaluating indicator VAR LSTM Transformer Model of this article 

3 

MAE 0.199 0.204 0.125 0.098 

MSE 0.181 0.168 0.092 0.082 

RMSE 0.432 0.427 0.311 0.288 

12 

MAE 0.412 0.378 0.226 0.202 

MSE 0.406 0.361 0.206 0.174 

RMSE 0.734 0.603 0.446 0.416 

 
The results of the VAR model, LSTM model, Transformer model and this paper's model in the 

comparison between the prediction results and the real values of the inventory of different product 
supply chains are specifically shown in Figure 1. Figures (a) to (d) represent the VAR model, LSTM 
model, Transformer model and this paper's model in turn. It can be seen that the prediction deviation 
of this paper's model is extremely small, and the prediction curve is close to the true value. Among the 
other comparative models, the Transformer model can better predict the trend of the true value with 
smaller prediction deviation, while most of the experimental results of the LSTM model are far away 
from the error-tolerance interval.The experimental results of the VAR model show that the VAR model 
is unable to learn the relevant trend in this kind of problem, and the prediction results deviate greatly 
from the true value. Obviously, the model in this paper has achieved better results in the actual 
enterprise supply chain inventory demand forecasting, which verifies the effectiveness of the model in 
this paper. 

  

(a)VAR (b)LSTM 
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(c)Transformer (d)Model of this article 

Fig. 1. Prediction deviation value 

4. Nonlinear Optimization of Supply Chain Inventory Demand Forecasting 

Supply chain inventory demand forecasting involves nonlinear factors such as seasonal fluctuations 
and market trends. Nonlinearity may lead to local multiple optimal solutions, which increases the 
accuracy of supply chain inventory demand forecasting and affects supply chain efficiency. In this 
chapter, a hybrid genetic algorithm (HGA) for solving nonlinear optimization problems will be 
proposed by combining the most rapid descent method and penalty function method with genetic 
algorithm. 

4.1. Genetic Algorithms 

Genetic algorithms (GAs) are derived from the study of in silico biological systems, which mimic 
chromosomal crossover and mutation processes in biological systems, and use a variety of different 
coding methods to represent feasible solutions to problems [32]. The GA algorithm is as follows: 1) 
Encoding: The solution data is set to be the manifestation of GA, and the process of mapping the 
phenotype to the genotype is called coding, and the gene string structure data is generated in the 
coding process, and the random combination of structural strings can form different points; 2) 
Generate the initial population: GA iterates with N  initial point, sets the evolutionary algebra 0t  , 
and the maximum number of iterations is Maxgen, generating the initial population with M  
individuals; 3) Evaluate ( )P t  Fitness Values: Evaluate the fitness values of each individual: 4) Select: 
select offspring according to the roulette selection method: 5) Cross: Apply the cross operator  cP  to 
the group; 6) Variation: Apply the mutation operator mP   to the population to obtain the next 
generation population ( 1)P t  ;7) Judge the termination condition: when t Maxgen , t   , go to 3) 
step, otherwise, the individual with the maximum fitness value will be used as the optimal solution of 
the output and terminate the operation. 

4.2. SHGA solving nonlinear unconstrained optimization problems 

Specify the mathematical model of the unconstrained optimization problem (which will come with 
simple constraints): 

 min ( )f X  (11) 
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where 1 1 2( , , ) , ,T n
nX x x X X X X R     , the objective function ( )f X   is continuously 

differentiable. 
The HGA (SHGA) of the fastest descent method variant dieron combined with GA dieron, on the one 

hand, speeds up the convergence of the algorithm and prevents trapping in local optimality: on the 
other hand, it improves the accuracy of the optimal solution and produces the average adaptation 
value and the best individual with higher accuracy. 

After initialization, the initial population is randomly generated, and the initial population contains 
M   individual, the intermediate population containing N   individuals (satisfying 2N M  ) is 
generated by using the roulette selection principle, the middle population is divided into sub-band 
population I and progeny population II according to w , the random point variation method and the 
fastest descent method are used to mutate the progeny population I and the progeny population II, 
respectively, and the fitness values of the individuals in the two populations are sorted, and the first 
M  individuals are completely copied into the offspring to form a new population. Repeat the above 
process and stop as soon as the termination conditions are met. 

The algorithm is described as follows. 
1) Initialize each parameter to 0Gen  . 
2) Generate the initial population, which contains M  individuals. 
3) When Gen Maxgen  iterations are terminated, output the result at the same time, or else go to 

the next step. 
4) Generate an intermediate population of N  individuals according to the roulette principle. 
5) Divide the intermediate population into offspring population I and offspring population II, and 

mutate the offspring population I and offspring population II by random point mutation and fastest 
descent method respectively. 

6) Sort the individuals of the population according to the fitness value from high to low; 
7) The first M   individuals are completely copied into the offspring to form a new offspring 

population, and order Gen  , go to step 3). 

4.3. PHGA for nonlinear constrained problems 

Mathematical models that specify nonlinear constraints: 

 

( ) 0, 1,2,3...,

min ( ) . . ( ) 0, 1, 2,...,

, 1,...,

j

i

i k i

g X j q

f X s t h X i q q m

a x b k n

 
    
   

 (12) 

Eq. 1( , , ), n
nX x x X R   . Where the constraints correspond to the inequality constraints, the 

equational constraints, and the constraint domains, respectively, and at least one of the objective 
function and the constraints is nonlinear. The mathematical model of Eq. (12) is simplified to a general 
nonlinear constraint model: 

 
( ) 0, 1,2,3...,

min ( ). . .
( ) 0, 1, 2,...,
j

i

g X j q
f X s t

h X i q q m

 
    

 (13) 

Take the adaptive value function as: 

 ( ) ( ) ( )eval X f X pentlyf X   (14) 

where ( )pentlyf X   denotes the penalty term function. Form (15) is used for the penalty term 
( )pentlyf X  in (14): 
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where ir   denotes the penalty coefficient for constraint ( )ig X  , then the objective function is 
constructed: 
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The introduction of penalty twos can appropriately increase the non-feasible solutions for the next 
iteration, and at the same time, it reduces the infeasible solutions that severely violate the constraints, 
and the search process unfolds in the infeasible solution region. In this paper, we use the idea of outer-
point penalty function, which is to gradually approximate the optimal solution from the infeasible 
solution region to the feasible solution, while the inner-point penalty function method requires the 
starting point to be in the feasible domain, so the outer-point penalty function method is more lenient. 
Incorporating the penalty function in the process of GA operation can improve the accuracy of the 
solution and facilitate the search for the global optimum. 

The steps of HGA based on penalty function method are as follows. 
1) Initialize each parameter to generate the initial population. 
2) Make the number of iterations 0Gen   and calculate the objective function value ( )F X . 
3) Assign fitness value and perform selection, crossover, and mutation genetic operations on the 
current population ( )p t . 
4) Calculate the objective function value of the offspring, reinsert the offspring, Gen  . 
5) Judge Gen Maxgen , if it is not satisfied then output the minimum value as the result and terminate 
the operation, otherwise go to step 3). 

5. Supply Chain Inventory Demand Forecasting Nonlinear Optimization 
Simulation Experiments 

In this chapter, the effectiveness and optimal solution accuracy of the HGA algorithm proposed in this 
paper in the nonlinear optimization problem of supply chain inventory demand forecasting will be 
verified through simulation arithmetic cases and examples, respectively. 

5.1. Nonlinear optimization simulation example analysis 

The experimental functions are as follows: 
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 (17) 
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In this algorithm, the specific parameters in the optimization function are set to 
0.0, 0.007, 0.0007      , the weight coefficient 0.5   , the penalty factor 1000   , and the 

likelihood level of both uncertainty constraints are set to 0.9. 
The HAG algorithm is partially described as follows. 
1) Coding method: the two decision variables 1x   and 2x   are represented separately by 15-bit 

binary codes. From point 10 to 120, in turn, they are made to correspond to a binary coding string 
between 0 and 32767. The two binary coding strings representing 1x  and 2x  are then concatenated 
together and represented by a binary coding string of 30-bit length. 

2) Decoding method: The formula for converting ( 1, 2)iy i    to ix   with 15-bit binary codes 1y  
and 2y  is: 

 
(120 10)

10
32767

i
i

y
x

 
   (18) 

The optimization objective of the genetic algorithm is consistent with the objective function of the 
optimization problem, and the optimization objective is to find the minimum value of the function, so 
the value of individual fitness is taken as the inverse of the objective function. 

3) Genetic operators: proportional selection operator; single-point crossover operator; basic 
positional variation operator. 

4) Genetic algorithm running parameters, termination of evolutionary generations is selected as 
100, population size is selected as 100, mutation probability is selected as 0.1, crossover probability 
is selected as 0.5. 

The single-objective evaluation function is 1.0065 and the optimization result of the objective 
function is 0.9933. The simulation results are shown in Fig. 2. Figures (a) to (c) represent the minimum 
optimization results of 1x , 2x  and the objective function in turn. The minimum optimization results 
of 1x   and 2x   all start to converge around 10, while the minimum optimization results of the 
objective function start to converge around 16. The convergence results are very good and get the 
expected results. Obviously, the HAG algorithm has a more stable convergence performance. 

  

(a) 1x  (b) 2x  
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(c)Objective function 

Fig. 2. Simulation result 

5.2. Nonlinear Optimization Simulation Example Analysis 

An unstable supply chain inventory demand forecasting system is known. Before the nonlinear 
optimization of supply chain inventory, the unit step response of the supply chain prediction result of 
this system is shown in Fig. 3. The unit step response presents an obvious fluctuation situation, and it 
can be seen from the unit step response situation that the supply chain prediction results of the system 
present an obvious unstable oscillating nonlinearity. 

 

Fig. 3. Unit Step Response 

Facing the nonlinear oscillations of the system's supply chain inventory demand forecasting results, 
the PID regulator is firstly used for correction. 

Let the transfer function of the PID regulator be: 

 
2

( )

1 IS D IS
PID s P

IS

T T T
G K

T

 
  (19) 

where: ,,P I DK T T  are the optimization parameters of the PID regulator for proportional, integral and 
differential respectively. When simulated with MATLAB, the PID regulator is designed as an S-function 
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of the proportional, integral, and differential covariates, which facilitates the solution of the HAG 
algorithm. 

The error signal is ( ) ( ) ( )e t r t y t  , and the objective function is taken to be the square integral of 

the error, i.e., 2( ) ( )f x e t dt  , where the upper limit of the integral, t , should be chosen to be large 

enough in terms of the regulation time, which is chosen to be 50s or 100s in this paper.According to 
the definition of the objective function and the magnitude of the error, the transformation from the 
objective function to the adapted value function is: 
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The simulation is implemented by setting the PID regulator to be given optimized initial values of 
0.63, 0.05 s04 , 1.968s 8P I DK T T   . For this set of initial values, a unit step response is obtained, as 

shown in Fig. 4. 

 

Fig. 4. Unit step response when the initial value is adjusted by PID 

The HAG algorithm is used to set the population size N=10, the hybridization probability 0.25cP  , 

the mutation probability 0.001mP  , and the maximum number of generations 10K  . Therefore, 
the optimal parameter value of the PID regulator can be obtained to be 

3.6232, 0.11 s.s75 , 16 9950P I DK T T   , and the unit step response at this time is shown in Fig. 5. 
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Fig. 5. Unit step response based on HAG algorithm 

The traditional particle swarm algorithm (PSO) is chosen as a comparison algorithm and is applied 
for optimization with the optimal parameter of 1.3353, 0.1 s547 , 8. 2 0s 3 8P I DK T T   . At this point, 
the unit step response is shown in Fig. 6. 

 

Fig. 6. Unit step response based on PSO algorithm 

From the above simulation results, it can be seen that when the HAG algorithm is used for the 
nonlinear optimization of supply chain inventory, the overshooting amount of the supply chain 
inventory demand forecasting system is lower, the rise time is faster, the regulation time is shorter, and 
the results of the supply chain inventory demand forecasting are significantly improved. In contrast, 
when PSO algorithm is used for optimization, due to the nonlinear link, it is sometimes easy to fall into 
local optimum when searching for the optimum, and it occupies longer CPU time, more iterations, and 
the operation speed is slower. Therefore, for the supply chain inventory demand forecasting nonlinear 
optimization problem, to obtain the global optimum, it is appropriate to use the HAG algorithm to solve. 
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6. Conclusion 

In this paper, the Transformer model in AIGC technology is chosen to construct a more adaptable 
supply chain inventory forecasting model, and hybrid genetic algorithm (HGA) is further proposed on 
the basis of traditional genetic algorithms as a solution to the nonlinear optimization problem faced 
by supply chain inventory forecasting. 

Performance comparison experiments of supply chain inventory forecasting models are conducted 
using Google cluster count. In the load sequence, this paper's model of 1.10973s, 3.34986s, only 
slightly inferior to the GRU model, in the CPU usage data only the slowest and fastest GRU model in the 
training time is less than 1s, MSE, R² indicators performance are optimal. RAM usage data, this paper's 
model has the shortest training, prediction time, compared to the LSTM model in the MSE, R² 
evaluation indexes are 97.82% and 19.93% respectively. Comprehensively, the model in this paper 
shows excellent prediction performance. 

The supply chain inventory data of an FMCG enterprise is used to carry out the application practice 
of supply chain inventory demand forecasting to test the practical application effect of this paper's 
supply chain inventory forecasting model. Compared with other models, this paper's model achieves 
optimal performance in MSE, MAE and RMSE. When the prediction length is 12, the model in this paper 
still maintains good performance, and the values of MSE, MAE, and RMSE indicators are 0.202, 0.174, 
and 0.416, respectively, which have more stable long-term prediction performance. For the prediction 
of supply chain inventory of different products, the prediction deviation of this paper's model is very 
small, the prediction curve is close to the real value, and the prediction performance is significantly 
better than the other comparative models. 

The effectiveness of the HGA algorithm in the nonlinear optimization problem of supply chain 
inventory demand forecasting is verified through simulation cases and examples, respectively. In the 
simulation example analysis, the HAG algorithm shows more stable convergence performance. In the 
face of unstable nonlinear control system, after using HAG algorithm for supply chain inventory 
demand forecast optimization, the overshooting amount of supply chain inventory demand forecast 
system is lower, the rise time is faster, the regulation time is shorter, and the results of supply chain 
inventory demand forecast are significantly improved. Obviously, facing nonlinear optimization in 
supply chain inventory demand forecasting can be solved by HAG algorithm in this paper. 
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