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ABSTRACT 

This paper explores the application and advantages of large-scale AI models in logistics and supply chains. Traditional 
enterprises need help with the timely detection of anomalies in the supply chain. At the same time, AI algorithms can quickly 

identify abnormal patterns in the data and issue alerts, helping enterprises adjust real-time strategies to ensure the supply 

chain's stable operation. AI also reduces inventory costs and economic losses by predicting changes in market demand and 

optimizing inventory management. In addition, AI models perform well in intelligent scheduling and route planning, providing 

optimized solutions based on factors such as traffic flow, road conditions, and weather forecasts to improve transportation 

efficiency and accuracy. The article details the system architecture and functional modules designed to help enterprises meet the 

transformation challenges of the digital age. 
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I.     INTRODUCTION 
 

   Traditionally, enterprises have faced challenges promptly detecting anomalies within their supply chains. However, the 

integration of AI algorithms has fundamentally transformed this landscape. These algorithms excel in rapidly identifying 

abnormal patterns in data, such as demand fluctuations, supply disruptions, transport irregularities, and inventory shortages, and 

promptly issuing alerts. [1]This capability enables enterprises to react swiftly, adjust strategies in real-time, and ensure their 

supply chains' continuous and stable operation. Such real-time analytics and alert mechanisms enhance supply chain resilience 
and unlock new business opportunities and growth potentials for enterprises in the digital era. 

   Some enterprises leverage the exceptional predictive capabilities of AI algorithms to foresee future market demand 

fluctuations and supply dynamics accurately. This foresight empowers them to proactively devise adaptive strategies, optimize 

inventory levels effectively, significantly reduce inventory holding costs, and prevent economic losses due to overstocking or 

shortages[2]. 

   AI large models also demonstrate remarkable capabilities in intelligent scheduling and route planning. These models 

utilize deep learning and sophisticated algorithms to provide enterprises with insightful "foresight," enabling real-time analysis of 

various transportation factors such as traffic flow, road conditions, and weather forecasts. [3]Consequently, enterprises benefit 

from automated route optimization, significantly reducing transportation times and costs while enhancing delivery accuracy and 

efficiency. This capability allows enterprises to expedite product deliveries to customers economically, bolstering market 

competitiveness. 

   This paper delves into the achievements, applications, and advantages of large AI models in the logistics and supply chain 
domains, aiming to assist enterprises in navigating the transformative challenges of the digital age. 

 

II.    RELATED WORK 
 

2.1 Large Language Model (LLM) 

   A Large language model (LLM) is a basic model trained on large amounts of text data using deep learning techniques 

such as Transformer neural networks. ELMo, BERT, Turing NLG, GPT-3, GPT-4, PaLM, Palm-E, LLaMA, and Vicuna are 
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some examples of LLMS that are widely used. During the training phase, LLMS learns statistical patterns, word relationships, 

and contextual information from various sources, including books, articles, websites, and code repositories. LLM is used in the 

reasoning phase for various tasks, including chatbots, translation, writing AIDS, coding, planning, poetry writing, and 

storytelling[4-6]. 

   There are several strategies for adapting LLM to specific applications. The most common methods are fine-tuning and 

contextual learning. Fine-tuning is a classic "transfer learning" approach that aims to transfer the knowledge of a pre-trained 

LLM into a model tailored to a specific application. Typically, this process involves adjusting some of the LLM's weights. While 

fine-tuning methods can be efficient, they still require models to be hosted on Gpus, which is prohibitively expensive for many 

applications. Context learning is a cheaper alternative that involves incorporating a small number of training examples into a 

prompt (or query)[7]. The idea is to append domain-specific examples to the end of the prompt and let the LLM learn from these 
"small sample" examples. A vital advantage of this approach is that it does not require model parameters to be updated. 

   In production environments, developers often send prompts (also called queries) to models that can be appended with 

domain-specific examples to get higher-quality answers[8-11]. Several prompt management tools have been designed to help 

engineers integrate LLM into applications and services, such as ChatGPT plug-ins, GPT function API calls, LangChain, 

AutoGPT, and BabyAGI. The size of the prompt is measured in tokens and is proportional to the size of the query. Due to 

resource constraints, LLMS can only handle a limited number of tokens, a strict limitation that developers and tools need to work 

around. 

   Using domain-specific information in tips may involve proprietary data that users may not wish to disclose to LLM hosts. 

Even if LLM providers provide service level agreements (SLAs) to guarantee privacy, passive eavesdropping attackers may still 

intercept data. As a result, many organizations want to use LLM confidentially, that is, to keep proprietary data in-house. 

 

2.2 Demand Forecasting and Inventory Management 

   Demand forecasting is pivotal in logistics operations. AI algorithms excel in detecting patterns that human cognition may 

overlook, integrating external data sources such as seasonal changes, social media trends, historical sales data, transportation 

disruptions, and supplier anomalies. AI facilitates proactive demand forecasting by intelligently analyzing attributes, variables, 

and key metrics. Enterprises can adjust production and procurement strategies in advance, mitigating losses from stockouts or 

inventory surpluses. [12]Moreover, large AI models automatically adjust procurement plans based on inventory status to 

maintain optimal stock levels efficiently. 

   For instance, a leading new energy materials enterprise specializing in lithium compounds faces the challenge of 

accurately predicting market demands and optimizing inventory to meet customer needs while reducing holding costs. 

Traditional forecasting methods rely on historical data and experience struggles with market fluctuations. Thus, adopting large 

AI models enhances forecasting accuracy and optimizes inventory management strategies. 

 

2.3 Intelligent Scheduling and Route Planning 

   AI large models optimize transportation efficiency by providing optimal route recommendations based on real-time 

traffic conditions and weather forecasts. This reduces transportation time and costs and enhances sustainability by minimizing 

carbon emissions. [13]Additionally, AI models dynamically adjust vehicle loading and delivery sequences based on order 

urgency and delivery addresses, further boosting efficiency. 

   Consider a global oil and gas producer striving for technological innovation. Optimizing operations efficiency and cost 

reduction is paramount with intensified global energy market competition. AI models enhance scheduling and route planning for 

oil and gas transportation, leveraging real-time data from global facilities to accurately forecast energy demand and supply. This 

ensures a stable and timely energy supply while optimizing transportation logistics. 

 

2.4 Intelligent Dialogue Engine - Smart Customer Service 
   Integrating vast language knowledge graphs, AI large models revolutionize traditional logistics operations. Users interact 

with AI-driven chatbots, providing precise, rapid, cost-effective services. 

   In various sectors like e-commerce, finance, and education, intelligent customer service operates 24/7, enhancing 

shopping experiences, providing investment advice, loan application services, online tutoring, and answering inquiries. 

[14]AI-driven customer service's advantages include rapid response times, efficiency gains, and cost reductions. Natural 

language processing swiftly understands user queries, improving service efficiency and relieving pressure on human customer 

service personnel. 

   AI large models analyze customers' purchase histories, preferences, and behaviors to offer personalized product 

recommendations and service experiences. Intelligent customer service systems autonomously handle inquiries and complaints, 

enhancing customer satisfaction. 
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   The logistics industry faces unprecedented challenges and opportunities amidst rapid e-commerce growth and 

globalization. [15]Traditional site selection methods relying on intuition and experience need help to navigate complex supply 

chain networks. AI large models revolutionize logistics site selection by making more scientific and efficient decisions. 

AI applications in logistics site selection encompass data collection, analysis, and predictive modeling. These models extract 

valuable insights from extensive data, analyze site selection factors, and predict future demand changes. By harnessing 

comprehensive data insights, large AI models provide decision-makers with accurate references for site selection. 

 

III.   METHODOLOGY 
 

   Suppose the supply chain considers a coffee roasting company that roasts two types of coffee (light and dark). The 

company sources green coffee beans from three different suppliers roasts them at one of its two roasting facilities and then ships 

them to its three retail locations for sale to customers. [16]The goal is to meet the needs of each retail location while minimizing 

total costs. The total cost includes purchasing the coffee from the supplier, roasting at each facility, and shipping the final product 

to the retail location. The optimization problem is as follows: 

 

 
 

Figure 1: Model statement 

 

   The model statement. We can model this problem as a mixed integer programming problem. Let x represent the number 

of units purchased from suppliers for roaster r, and y represent the quantities of light and dark roasters shipped from roaster r to 

retail location l, respectively. [17-19]Each supplier has a capacity C, and each retail location l has demand D for light and dark 

roast, respectively. The cost per unit shipped from supplier s to roasting facility r is c, the freight per unit shipped from roasting 

facility r to retail location l is g, and the roasting cost per unit of light roast coffee and dark roast coffee in facility r is h, 

respectively.1. Automate data collection and cleaning with generative AI 

 

3.1 Optimization Model Framework 

 
 

Figure 2: LLM Model Framework 
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   The OptiGuide framework, shown in Figure 2, consists of three sets of entities: agents, LLMS, and application-specific 

components. When the user asks a problem (1), the encoder takes it and formulates it as a contextual learning problem (2)[20] for 

the LLM. The LLM then generates code (3) to answer the question. The security module checks the validity of the code and 

aborts the operation if there is an obvious error. Otherwise, the security module feeds the code to a specific application 

component [21-24](4), such as a database engine or optimization solver (depending on the query). The component processes the 

code and produces the result, recorded in a file (5). We note that it may take several iterations (2 to 5) to get the final result, where 

the query is automatically tuned until the desired output is obtained. Finally, the output log of the component is fed back into the 

LLM(6). LLM analyzes the log and generates a human-readable answer (7), which is sent back to the user (8). We now provide 

an overview of the individual entities and components. More details can be found in Appendix B. 

 

IV.    SUPPLY CHAIN RISK FORECASTING AND DECISION SUPPORT SYSTEM BASED 

ON LLM 
 

4.1. System Architecture 

   Data Entry Layer: This layer collects data from various internal and external data sources, including internal ERP 

systems, supplier systems, and logistics systems. [25-27]These data sources provide detailed information related to business 

operations. At the same time, the system draws real-time data from external markets, social media, and weather forecasts. These 

external data sources provide additional information about market dynamics, consumer behavior, and environmental conditions, 

helping the system better understand the operating environment of the supply chain. 

   Data Processing Layer: The collected data is often cluttered and may contain missing values, inconsistent data formats, 

and noise. The main task of the data processing layer is to carry out data cleaning, transformation, and feature extraction to ensure 

the quality and consistency of the data. Data cleaning includes filling in missing values, correcting erroneous data, and removing 

noise. Data transformations standardize data in different formats to ensure it can be used correctly in the model. Feature 
extraction extracts features useful for prediction and optimization tasks from the original data to prepare for the subsequent 

modeling process. 

   Model Layer: The model layer is the core of the entire system and is mainly responsible for various supply chain 

forecasting and optimization tasks. [28]This layer uses a large language model (LLM), such as GPT-4 or BERT, for complex 

predictions and decision support. At the same time, the model layer also combines time series analysis and Kalman filter to 

improve the accuracy of prediction. Time series analysis predicts future demand and supply by analyzing trends and seasonal 

changes in historical data. [29]Kalman filter is used to optimally estimate the system state in the case of noise, providing more 

accurate real-time prediction. 

   Application Layer: The application layer contains several specific functional modules, such as a predictive analysis 

module, a decision support module, and an alarm and notification module. These modules transform the output of the model layer 

into valuable information for enterprise users. The predictive analytics module helps companies understand future market 

demand and supply chain conditions. [30]The decision support module provides optimization strategies to help companies make 
informed decisions in production, procurement, and transportation. The alarm and notification module monitors all aspects of the 

supply chain in real-time, issuing timely risk warnings and suggestions to ensure enterprises can respond quickly. 

   User Interface Layer: This layer provides a friendly user interface for enterprise managers and operators to ensure that 

they can easily access and use the system's functions. The user interface layer includes Web and mobile applications, allowing 

users to view supply chain status, obtain predictive analysis results, receive alarm notifications, and make decisions anytime and 

anywhere. Good user interface design can improve the user experience and improve the efficiency and effect of the system 

 

4.2. Function Modules 

   Demand Forecasting Module: The Demand forecasting module uses large language models (LLM) and time series 

analysis techniques to predict future market demand changes. By analyzing historical sales data, market trends, seasonal factors, 

and other relevant variables, the module can provide accurate demand forecasting results[31]. These forecasts help companies 
make more rational production and procurement plans to avoid overproduction or insufficient inventory, thereby improving the 

efficiency and responsiveness of the supply chain. 

   Inventory Optimization Module: The inventory optimization module develops an optimized inventory management 

strategy based on the demand forecast results and current inventory levels. By applying a state-space model and Kalman filtering 

algorithm, the module can adjust inventory levels in real-time in response to fluctuations in market demand. [32-34]This not only 

helps to reduce inventory holding costs but also reduces the risk of out-of-stock, ensuring that businesses can meet customer 

needs promptly and improve customer satisfaction. 

   Transportation Optimization Module: The Transportation optimization module provides the best transportation routes 

and scheduling solutions by analyzing real-time traffic conditions, weather forecasts, and other relevant data. The module can 
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significantly reduce transportation costs and time and improve logistics efficiency. By dynamically adjusting transportation plans, 

the module can also reduce carbon emissions and improve the sustainability of the business while ensuring that products are 

delivered to customers on time and safely. 

   Risk Monitoring Module: [35-36]The Risk monitoring module monitors various potential risk factors in the supply 

chain in real-time, such as supply disruptions, market fluctuations, natural disasters, etc. By collecting and analyzing internal and 

external data, the module can identify and predict risks promptly and issue early warnings. It also provides corresponding coping 

strategies to help enterprises take measures in advance to reduce the negative impact of risks and ensure the stable operation of 

the supply chain. 

   Decision Support Module: The module integrates various forecasting and optimization results to provide valuable 

decision recommendations for enterprise management. The module supports decision-making at the strategic and tactical levels, 
helping companies make informed choices in areas such as production, purchasing, inventory management, and logistics. 

[37-39]With DSS tools and generators, users can create dedicated decision support systems based on specific needs, further 

improving the accuracy and efficiency of decision-making. The core of this module is to transform complex data analysis into 

intuitive, actionable recommendations that support businesses in maintaining an edge in a competitive market environment. 

 

V.    CONCLUSION 
 

   The experimental results of this study validate the effectiveness and practicality of generative AI in forecasting financial 

markets. By integrating GAN and VAE technologies, high-quality financial data samples are successfully generated, 

significantly enhancing forecasting models' generalization ability and robustness across different market environments. 

Constructing a deep learning framework and applying reinforcement learning methods effectively reduce prediction errors in the 

market, providing reliable support for financial decision-making and investment management[40-41]. These findings underscore 

the critical role of generative AI in financial data management and forecasting and offer new applications for future technological 

advancements and data richness. In light of ongoing developments, competition and cooperation within the international 

community on AI regulation are underway. In terms of competition, significant economies such as the United States and Europe 

are vying for influence in shaping global AI standards and regulatory rules; concerning cooperation, at the Hiroshima AI 

Conference in May 2023, G7 members agreed to develop a code of conduct to regulate the development and use of AI systems by 

significant companies. Furthermore, representatives from China, the United States, Europe, India, and other countries attended an 
Artificial Intelligence Summit held in early November, where they signed onto joint action plans to manage potential risks 

associated with artificial intelligence on a global scale while ensuring its safe development and responsible application. Given 

today's complex international landscape marked by volatility, if Western powers dominate relevant standards, it may not be 

conducive to China's AI industry development. 
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