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A B S T R A C T

The deep integration of Transportation Energy Integration (TEI) is a critical pathway for global decarbonization, 
as the transport and building sectors account for over half of global energy consumption and CO2 emissions. 
However, achieving efficient TEI faces severe challenges, including processing vast, heterogeneous, and un
structured data (e.g., policy texts and human behavior); modeling complex nonlinear coupling among traffic, 
grid, and building systems; and navigating high decision uncertainty arising from driver actions and renewable 
energy fluctuations. Traditional models struggle with these issues. Large Language Models (LLMs) offer a 
transformative approach, leveraging powerful natural language understanding, cross-modal fusion, and complex 
reasoning. They show unique potential to parse unstructured text and simulate complex human behaviors, such 
as driving and charging choices. LLM–TEI studies emerged in 2023 following the 2022 ChatGPT breakthrough 
and have grown rapidly since. This review synthesizes 82 studies published up to 2025. It proposes a three-layer 
functional framework—Perception, Reasoning, and Decision—to characterize the roles of LLMs in TEI system
atically. The synthesis demonstrates the expansive capabilities of LLMs across the TEI ecosystem, highlighting 
key applications spanning from foundational transport perception to cross-domain system optimization, 
including policy interpretation, behavioral simulation, and real-time scheduling. This review concludes by 
identifying four priority research directions: developing multimodal perception for understanding the physical 
world, enabling causal reasoning for high-stakes decisions, fostering continuous learning for dynamic adaptation, 
and designing lightweight architectures for edge intelligence. This review provides a comprehensive roadmap for 
advancing smarter, more resilient TEI systems.

List of abbreviations

AI Artificial Intelligence
CoT Chain-of-Thought
EVs Electric Vehicles
ITS Intelligent Transportation Systems
LLMs Large Language Models
NLP Natural Language Processing
RAG Retrieval-Augmented Generation
TEI Transportation Energy Integration
V2G Vehicle-to-Grid
V2X Vehicle-to-Everything

1. Introduction

The United Nations Environment Programme highlighted in its 2024 
Emissions Gap Report that global greenhouse gas emissions reached a 
record high in 2024. Without urgent and substantial action by countries 
to reduce emissions, the 1.5◦C temperature control target set by the Paris 
Agreement is unlikely to be achieved [1]. The transportation and build
ing energy sectors, which together account for approximately 55% of 
global energy consumption and nearly 50% of CO2 emissions, have been 
recognized as among the most critical challenges for sustainable 
development [2]. In the transportation sector, energy demand remains 
heavily dependent on petroleum, making it a primary source of emis
sions, while its integration with other energy supply systems has 
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traditionally been weak [3]. However, recent advancements in electric 
mobility, vehicular connectivity, and the growing share of renewable 
energy generation are accelerating the convergence of transportation 
with building energy systems, power grids, and digital ecosystems [4]. 
This evolution has opened up new pathways for transportation decar
bonization [5].

In this context, Transportation Energy Integration (TEI) is widely 
recognized as a core pathway to address climate challenges and promote 
the transformation of the energy structure [1]. This concept emphasizes 
the deep coupling of transportation infrastructure, such as electric ve
hicles (EVs), charging piles, and traffic networks, with energy systems, 
including buildings, power grids, and energy storage. The goal is to 
achieve coordinated optimal scheduling of multi-source resources, 
thereby enhancing the overall efficiency and sustainability of the 
system—for instance, Liu et al. [6] explored an innovative integration of 
energy storage and solar photovoltaic systems in a Beijing bus depot in 
China. Their findings showed that this integration could reduce the net 
grid load by 23% and the peak charging load by 8.6%, resulting in a net 
profit of 64% of the cost. This integration can be implemented across 
several dimensions: (1) Energy Coordination: Optimizing the charging 
of EVs with renewable energy sources like solar and wind to lower 
operational costs and alleviate grid pressure [7]; (2) Infrastructure 
Coupling: Enabling a two-way coupling of traffic and energy flows 
through Vehicle-to-Grid (V2G) technology and adaptive traffic signal 
control to enhance system resilience [8]; (3) Data-Driven Optimization: 
Utilizing Artificial Intelligence (AI) algorithms to merge transportation, 
energy, and environmental data for intelligent, real-time scheduling [9]. 
Collectively, these strategies herald a more efficient, resilient, and sus
tainable transportation-energy ecosystem.

Despite the promising prospects of TEI, achieving its deep integra
tion faces persistent computational and analytical barriers. Traditional 
models are deficient in several areas: (1) Knowledge extraction barriers: 
They struggle to uniformly process heterogeneous information, such as 
structured grid loads and unstructured policy reports; (2) Dynamic 
modeling dilemmas: They have difficulty capturing the nonlinear in
teractions among physical systems, market forces, and uncertain human 
behavior; (3) Complex decision-making challenges: Optimizing con
flicting objectives like cost, user convenience, and energy system sta
bility under dynamic constraints is computationally formidable. To 
address these barriers, LLMs such as ChatGPT have emerged as trans
formative technologies. As foundational models trained on massive text 
and code corpora, they align closely with the primary challenges of TEI. 
The ability of LLMs to process multimodal information addresses 

knowledge extraction barriers; their sophisticated reasoning and simu
lation capabilities address dynamic modeling challenges; and their ca
pacity to understand human intent and generate executable plans offers 
novel solutions for complex decision-making. For example, LLMs can not 
only interpret, predict, and respond to complex scenarios in trans
portation networks [10], but also provide powerful support for data 
analysis and prediction [11], smart charging management [12], energy 
dispatch optimization [13], and policy scenario simulation [14] in the 
TEI domain by integrating multi-source historical data and domain 
knowledge.

Although several reviews have explored the application of LLMs in 
related fields, as shown in Table 1, they have critical limitations that 
create a significant research gap. Existing works are often: (1) domain- 
specific and narrow in perspective, focusing on the technical details of 
isolated applications such as autonomous driving while lacking a sys
temic viewpoint; (2) overly prospective, concentrating on the future 
potential of LLMs in the power grid or EV sectors rather than system
atically analyzing existing empirical studies; and (3) lacking an inte
grated framework that connects the foundational capabilities of LLMs, 
such as knowledge reasoning and dynamic modeling, with the inter
connected challenges of TEI at the technical, economic, and policy 
levels. Therefore, to the best of our knowledge, this paper is the first to 
systematically review the applications of LLMs from an integrated 
perspective of transportation and energy.

To fill the gap mentioned above, this review aims to provide a 
comprehensive and systematic overview of the technological evolution, 
application scenarios, and core challenges of LLMs in TEI. The core 
contributions of this paper include: (1) Providing a holistic, TEI-centric 
literature review that integrates multiple domains, such as trans
portation, building energy, and power grids, into a unified analytical 
framework through extensive literature screening. (2) Establishing a 
novel three-layer functional framework, including perception and un
derstanding, prediction and reasoning, and decision-making and opti
mization, to systematically elucidate the diverse roles LLMs play in TEI 
as shown in Fig. 1. (3) Identifying the key challenges of LLMs in TEI and 
proposing a clear future research roadmap, aiming to guide researchers 
and practitioners in this emerging area to promote its future 
development.

The structure of this paper is as follows. Section 2 first establishes the 
conceptual foundation by defining TEI, outlining its core challenges, and 
detailing the key characteristics of LLMs that make them an ideal 
enabling technology. Section 3 then presents our review methodology, 
detailing the literature selection process and establishing the functional 

Table 1 
Overview of existing survey on LLMs applied to transportation energy integration.

Survey Year TEI system Contributions No. of Included 
Studies

[15] 2024 EV energy consumption 
prediction

Summarizes traditional energy consumption estimation models and explores the application of machine 
learning, including the potential of neural networks, for energy consumption prediction.

Not defined

[16] 2024 Intelligent transportation 
systems (ITS)

Conducts a quantitative analysis of the need for large models for ITS and AV (Autonomous Vehicles), 
summarizes their applications in this field, and explores the deployment technologies for universities.

210

[10] 2025 ITS Explores the applications of LLMs in ITS, including traffic flow prediction, vehicle detection and 
classification, autonomous driving, traffic sign recognition, and pedestrian detection.

Not defined

[17] 2025 ITS Explores how LLMs address the EV challenges by optimizing routes, speeds, and behaviors to reduce 
energy consumption and emissions.

Not defined

[18] 2024 Electric energy sector Investigate the capabilities and limitations of LLMs for enhancing power industry operations. Not defined
[19] 2025 Smart gird Explores the applications of LLMs in power system operations and the key technical challenges. 30
[20] 2025 Building energy 

applications
Explores the role of LLMs in the field of building energy systems and proposes a roadmap for enhancing the 
practicality of LLMs based on contextual learning, domain-specific fine-tuning, retrieval-augmented 
generation, and multimodal integration.

Not defined

[21] 2025 Building energy efficiency Explores the applications, impacts, and potential of large language models in the building energy sector, 
with a particular focus on energy efficiency and decarbonization studies.

Not defined

[22] 2025 Energy systems Divides into five areas of data generation, prediction, situational awareness, modeling, and optimal 
decision-making to explore the applications of deep generative models in energy systems.

228

This 
review

Transportation Energy Integration Explore the transformative potential of LLMs in advancing intelligent and integrated 
transportation-energy systems through a comprehensive analysis of their roles across key tasks 
and application domains.

82
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classification framework. The main body of the review, Sections 4-6, 
systematically explores the three primary functional roles of LLMs: 
Perception and Understanding (Section 4), Prediction and Reasoning 
(Section 5), and Decision-making and Optimization (Section 6). 
Following this analysis, Sections 7 and 8 delve into the critical chal
lenges and future research directions for the field. Section 9 summarizes 
the key contributions and findings of the review.

2. Foundations for LLM-Driven Transportation Energy 
Integration

2.1. Breaking barriers: Why transportation energy integration demands 
LLMs

TEI is not merely an aggregation of transportation and energy sys
tems, but a deeply coupled, complex socio-technical system. It aims to 
achieve deep decarbonization and sustainable development within the 
transportation sector by integrating transportation infrastructure, ve
hicles, and diversified energy networks [1]. However, the realization of 
an efficient and intelligent TEI faces a series of fundamental challenges, 
such as the barriers to knowledge extraction, the complexities of dy
namic modeling, and the difficulties in robust decision-making, which in 

turn necessitate capabilities from next-generation intelligent technolo
gies across three core dimensions: perception and understanding, pre
diction and reasoning, and decision-making and optimization.

The barriers to knowledge extraction. TEI systems are charac
terized by vast volumes of heterogeneous information, encompassing 
structured time-series data, such as grid load and traffic flow, as well as 
unstructured text, including policy documents, technical reports, and 
social media sentiment. Traditional models lack a unified framework for 
perceiving, parsing, and extracting knowledge from this multimodal 
data, creating information silos that hinder a comprehensive under
standing of the system's overall state.

The complexities of dynamic modeling. The internal dynamics of 
TEI are replete with nonlinear interactions involving physical principles, 
market mechanisms, policy interventions, and highly uncertain human 
behaviors (e.g., charging choices, driving habits). Accurately modeling 
such complex system dynamics and making reliable inferences and 
predictions about future states is a task where traditional mathematical 
and statistical models often fall short.

The difficulties in robust decision-making. The system must 
continually strive for a dynamic balance among multiple conflicting 
objectives, including energy efficiency, operational cost, user conve
nience, and grid stability. Translating high-level, often ambiguous, 

Fig. 1. The framework for the application of LLMs in TEI. This paper explores the key advances of LLMs in TEI across three tasks: perception and understanding, 
prediction and reasoning, and decision-making and optimization.
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human intent (e.g., “achieve the lowest cost while ensuring safety”) into 
executable, optimal scheduling and control strategies under high- 
dimensional, dynamic constraints is a significant challenge for conven
tional optimization methods.

These three challenges—the barriers to knowledge extraction, the 
complexities of dynamic modeling, and the difficulties in robust deci
sion-making—constitute the core bottlenecks hindering the advance
ment of TEI. They directly correspond to the urgent need for intelligent 
systems capable of advanced perception, reasoning, and optimization. 
The advent of LLMs, therefore, offers a promising and systematic 
approach to overcoming these fundamental barriers.

2.2. From text to infrastructure: how LLMs enable intelligent 
transportation-energy systems

LLMs represented by pioneering models such as the GPT series [23] 
and the Llama series [24], are trained on vast amounts of data to acquire 
powerful capabilities in contextual understanding, reasoning, and gen
eration [25]. To adapt these models for the complex demands of specific 
domains, a series of key technical paradigms has emerged. These para
digms form the foundational capabilities that enable LLMs to address the 
three core challenges of TEI, as illustrated in Fig. 2.

Pre-training and Fine-tuning. Pre-training endows LLMs with 
extensive world knowledge, while domain-specific fine-tuning adapts 
them to comprehend the specialized terminology and texts within TEI, 
forming the basis for effective knowledge extraction from multi-source 
information [26].

Prompt Engineering. Structured prompts, particularly advanced 
techniques like Chain-of-Thought (CoT), are designed to guide LLMs in 
performing step-by-step, logically rigorous reasoning on complex TEI 
scenarios, such as predicting policy impacts or analyzing accident causal 
chains [27].

Retrieval-Augmented Generation (RAG). This paradigm couples 
the generative power of LLMs with advanced information retrieval 
systems. By connecting to external knowledge bases, LLMs can dynam
ically retrieve and integrate up-to-date information (e.g., policies, news, 
technical documents) to generate more factually accurate and contex
tually relevant responses, thereby supporting a comprehensive under
standing of the system [28].

Tool Use. This capability enables LLMs to invoke and interact with 

external specialized tools. By interfacing with software such as trans
portation simulators (e.g., SUMO [29]]) and energy analysis platforms 
(e.g., EnergyPlus [30]]), LLMs can bridge high-level language-based 
reasoning with rigorous physical-world modeling [31]].

Reinforcement Learning from Human Feedback (RLHF). RLHF 
integrates human evaluative feedback into the model's optimization 
process. This iterative alignment ensures that LLM-generated content 
better aligns with human preferences and values, a crucial step toward 
developing trustworthy decision-making systems.

LLM Agents. The LLM Agent paradigm elevates LLMs from passive 
language processors to autonomous entities capable of action. These 
agents can interact with a diverse set of tools, autonomously plan and 
execute multi-step workflows, thereby bridging the gap from language 
comprehension to tangible task resolution, and significantly expanding 
their application potential and value creation in TEI [32].

LLMs empowered by these technical capabilities have already 
demonstrated transformative potential in diverse fields such as finance 
[33], medicine [34], psychology [35], law [36,37], and education [38]. 
Analogously, the capabilities they offer for knowledge extraction, state 
modeling, and intelligent scheduling position them as an ideal tech
nology for addressing TEI challenges. Although existing reviews have 
explored LLMs in discrete domains like power systems [18], smart grids 
[39], and building energy efficiency [21], a comprehensive TEI 
perspective remains underexplored. Therefore, the subsequent chapters 
of this paper will follow a logical framework of perception, reasoning, 
and decision-making to systematically review the specific applications 
and state-of-the-art advancements of LLMs in TEI.

3. Methodology

3.1. Search and selection strategy

To systematically delineate the research landscape of LLMs in TEI, a 
comprehensive literature review was conducted. The search scope 
covered the Web of Science, IEEE Xplore, and Google Scholar databases, 
spanning the period from ChatGPT's inception in 2022 to 2025. How
ever, given that the application of LLMs in the TEI domain is still an 
emerging research direction, a preliminary investigation revealed a 
limited number of publications directly addressing LLM applications 
that span both transportation and energy. Therefore, the literature 

Fig. 2. Foundations for LLM-Driven TEI
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selection criteria, while focusing on core integration applications, stra
tegically included single-domain studies based on specific inclusion and 
exclusion criteria regarding system integration. To avoid including 
studies with weak relevance, this paper prioritized single-domain 
research only if it demonstrated functional connectivity to the coupled 
system: (1) Relevance of Coupling Variables, where the study optimizes 
a variable (e.g., travel flow) that serves as a critical boundary condition 
or input for the other domain (e.g., grid load modeling); or (2) Meth
odological Transferability, where the proposed LLM paradigm offers a 
direct technical solution to core TEI barriers—specifically knowledge 
extraction, dynamic behavioral modeling, or complex decision 
optimization—thereby demonstrating clear utility for the coupled sys
tem. Conversely, studies focusing on isolated component physics 
without system-level data interaction—such as internal combustion 
engine thermodynamics or photovoltaic material physics—were strictly 
excluded. Through this rigorous approach, this paper ultimately iden
tified 82 relevant publications to serve as the basis for the in-depth 
analysis in Sections 4–6.

3.2. Proposed functional framework for LLM-driven TEI

To systematically elucidate the diverse roles LLMs play in TEI, this 
paper categorizes the 82 identified publications into a three-layer 
functional framework based on their core contributions. As will be 
detailed in the subsequent sections, the literature is organized into the 
following primary functional tasks: 

● Perception and Understanding (Section 4): Studies focusing on 
extracting knowledge and processing multimodal information from 
diverse, heterogeneous data sources.

● Prediction and Reasoning (Section 5): Research dedicated to 
modeling complex states, forecasting time-series data, and reasoning 
about dynamic human behaviors.

● Decision-making and Optimization (Section 6): Applications 
centered on intelligent scheduling, operational control, and optimi
zation problem formulation.

Furthermore, to capture the interdisciplinary nature of the field, the 
reviewed applications span multiple core domains, primarily including 
Transportation, Building Energy, Power Grids, and broader System-level 
integration. By mapping the literature through the “Perception- 
Reasoning-Decision” framework, the following sections provide an in- 
depth analysis of the current state-of-the-art and technological evolu
tion of LLMs within the TEI ecosystem.

4. Perception and understanding: extracting transportation- 
energy knowledge from multi-source information

The foundational layer of an intelligent TEI system rests upon its 
ability to perceive and understand the operational environment from a 
multitude of complex information sources. This section reviews how 

LLMs are being leveraged to transform raw, heterogeneous 
data—spanning technical documents and social media—into structured, 
actionable knowledge, as illustrated by the framework in Fig. 3.

4.1. Universal data interpreter

LLMs are profoundly reshaping the paradigm of how researchers 
interact with the vast structured data in TEI systems. As a universal data 
interpreter, the core value of LLMs lies in their capacity to translate 
natural-language instructions into structured, executable data opera
tions, thereby substantially lowering the technical barrier to data pro
cessing and analysis workflow.

The most direct application of this capability is the conversion of 
natural language queries into executable database commands, especially 
SQL, enabling “conversational” access to specialized databases. For 
example, the SQLMorpher framework demonstrates how to leverage an 
LLM to generate SQL queries for automatically completing complex 
building energy data transformation tasks, achieving an accuracy of up 
to 96% [40]. In the field of power dispatching, which demands 
extremely high reliability, Intelli-Dispatch-SQL constructs an LLM-based 
agent framework whose generated Text-to-SQL queries far exceed the 
accuracy of previous specialized models, achieving an execution accu
racy of 86.2% [41].

Beyond querying existing databases, LLMs also show strong potential 
in data processing, particularly automated processing and information 
structuring. A key application is the extraction of structured information 
from unstructured text. For example, LLMs have been employed to parse 
building permit records and construct structured information frame
works covering six electrification technologies, including photovoltaics, 
EV charging infrastructure, energy storage systems, and electric water 
heaters [42], or to extract fuel consumption data from various reports to 
establish a localized carbon emission factor database [43]. Furthermore, 
this capability extends to broader data processing tasks, such as frame
works like TransCompressor that efficiently compress multimodal traffic 
sensor data from various transportation modes, including buses and 
taxis [44]. It also includes data integration and missing data recovery to 
assist with building energy consumption and power load forecasting 
[45,46], and the automatic calculation of carbon emission accounting 
based on structured data inputs from a building's entire life cycle [47].

Taking a step further, LLMs enable non-expert users to generate 
scripts using natural language in conjunction with software. For 
instance, LLMs can be used to automatically construct scene ontologies 
that support freight system optimization [48]. The ChatSUMO system 
integrates LLMs with the traffic simulation tool SUMO, allowing users to 
generate simulation scene scripts through natural language commands, 
reducing scenario creation time to 30 s with an accuracy of 96% [31]. 
For building energy consumption, studies have combined LLMs with 
specialized software like EnergyPlus, enabling users to complete the 
entire process from parameter setting to simulation script writing using 
natural language [49–53]. For specialized physical modeling languages 
like Modelica, LLM-based code generation workflows for power system 

Fig. 3. Perception and understanding: Extracting knowledge from multi-source information.
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tasks are also being developed [54].

4.2. Deep semantic understanding of textual information

TEI generates a massive volume of interdisciplinary text, encom
passing diverse information from technical specifications and policy 
reports to public opinion. This presents a significant challenge for effi
ciently extracting key knowledge and understanding public sentiment. 
LLMs, with their superior contextual understanding and knowledge 
integration capabilities, offer a unified paradigm to address this, sur
passing the limitations of traditional Natural Language Processing (NLP) 
methods. However, applying general-purpose LLMs to specific domains 
requires specialized adaptation techniques. The current mainstream 
approaches can be categorized into three types: Prompting, Fine-tuning, 
and RAG.

In the realm of extracting objective knowledge, these methods have 
been widely applied. For instance, prompt-based LLM frameworks have 
been developed to operationalize policy analysis, enabling quantitative 
evaluation of policy impacts on the EV industry [27]. Through 
fine-tuning, a team has trained the first open-source large model 
specialized for renewable energy using professional papers, demon
strating superior performance on zero-shot and few-shot tasks [26]. RAG 
is perhaps the most widely used paradigm currently, employed to 
accurately extract information from the latest energy storage technology 
literature to assist scientific research [28,55], to extract renewable en
ergy siting regulations from legal documents with high precision [56], to 
build energy chatbots that provide comprehensive insights for small and 
medium-sized enterprises [57], and to enhance societal understanding 
and participation in achieving carbon neutrality [58].

At a higher level of social and behavioral cognition, LLMs are dedi
cated to discerning public attitudes and emotional patterns from text 
that influence the planning and development of TEI. A deep under
standing of public attitudes is a core factor shaping policy and market 
development, and LLMs have demonstrated significant advantages over 
conventional methods in these tasks. For example, when analyzing user 
reviews of EV charging stations, the accuracy of GPT-4 has been proven 
to be higher than that of CNN models, and after incorporating human 
feedback, it can surpass previous benchmarks in EV market sentiment 
classification tasks with only a small amount of data [59]. Furthermore, 
when processing unstructured social media traffic complaints, the per
formance of LLMs in summary generation is also significantly superior to 
the traditional LexRank algorithm [60]. Existing work has combined 
LLMs with topic models like BERTopic or Aspect-Based Sentiment 
Analysis (ABSA) to extract features of public perception regarding 
charging infrastructure from social media texts [61,62]. Additionally, 
fine-tuning [63] and Aspect-level Sentiment Triplet Extraction (ASTE) 
approaches [64] have been used to synthesize expert knowledge from 
policy documents and social media discourse, producing structured 
recommendations for EV consumers. These behaviorally grounded in
sights are closely linked to EV adoption rates and charging patterns, 
thereby informing system-level planning and optimization within TEI 
frameworks.

4.3. Cross-modal information fusion

The complexity of TEI systems necessitates analysis that transcends 
single data sources; consequently, cross-modal analysis that fuses het
erogeneous information from multiple sources has become a key fron
tier. LLMs with their powerful semantic understanding and unified 
representation capabilities, are emerging as the central hub for con
necting different data modalities and building a comprehensive system 
cognition.

At the level of physical environment perception, cross-modal fusion 
aims to integrate various sensor data to construct rich, real-time world 
models, thereby directly enhancing the operational efficiency of TEI 
systems. For example, in autonomous driving, multimodal fusion of 

camera and LiDAR data has been employed to enhance 3D object 
detection accuracy. This capability underpins smoother and more 
energy-efficient vehicle control, thereby supporting energy optimization 
at both the individual vehicles and fleet levels [65]. AccidentGPT further 
fuses various perception data from Vehicle-to-Everything (V2X) sources 
to build a comprehensive scene-understanding model for traffic accident 
analysis and prevention [66]. By preventing accidents and optimizing 
post-accident responses, this technology can effectively reduce the sig
nificant energy waste caused by sudden congestion, thereby enhancing 
the energy resilience of the entire transportation network.

Beyond physical perception, cross-modal fusion also holds great 
potential for enhancing predictive and analytical capabilities. Its core 
contribution lies in the innovative information-fusion mechanism, 
which provides key support for “source-load” matching in TEI. To 
improve the accuracy of wind power generation forecasting, the CMLLM 
model innovatively “translates” numerical wind speed data into text. 
This allows it to be combined with the prior knowledge prompts of an 
LLM, providing a more reliable forecasting basis for matching volatile 
renewable energy with transportation charging demand [47]. Similarly, 
in power load forecasting, the MMGPT4LF model designs a multi-modal 
cross-attention mechanism to effectively fuse time-series data like his
torical load with non-sequential text such as news and holidays, which is 
crucial for precisely managing the increasingly complex grid loads 
caused by the large-scale integration of EVs [67].

5. Prediction and reasoning: Fusing Knowledge for State and 
Behavior Modeling

Building upon a foundation of structured knowledge, the next ech
elon of intelligence involves reasoning about system dynamics and 
predicting future states. This section examines how LLMs are surpassing 
traditional forecasting by integrating extracted knowledge with quan
titative data to develop sophisticated models of system states, human 
behaviors, and potential future scenarios, as illustrated by the frame
work in Fig. 4.

5.1. Knowledge-augmented time-series forecasting

Time-series forecasting, a fundamental task in TEI, has long faced 
challenges such as high data dimensionality, strong stochasticity, and 
sample scarcity. The introduction of LLMs offers new solution pathways 
for these difficulties through two key advantages: their few-shot 
learning capability and their ability to deeply integrate external 
knowledge.

The exceptional few-shot and zero-shot learning capabilities of LLMs 
can effectively alleviate the model generalization problem caused by 
data scarcity. This advantage has been validated in both the trans
portation and energy domains. In the transportation sector, 
spatiotemporal-adapted architectures such as ST-LLM [66] and TPLLM 
[67] demonstrate strong few-shot performance by tailoring LLMs to 
capture structured traffic dynamics, highlighting their ability to gener
alize under sparse data conditions. In energy storage applications, 
prompt-based LLM frameworks have achieved robust State of Charge 
(SOC) estimation across multiple battery chemistries by encoding nu
merical battery measurements into text representations [68,69]. This 
paradigm also extends to renewable energy and carbon emission fore
casting, where fine-tuned LLMs have demonstrated superior general
ization compared with conventional models in tasks such as wind energy 
prediction [70] and zero-shot forecasting of provincial industrial carbon 
emissions [71].

Furthermore, LLMs can profoundly understand and quantify the 
impact of unstructured textual information on time-series evolution, 
enabling knowledge-augmented prediction and improving interpret
ability. For example, MMGPT4LF designed a multi-modal cross-atten
tion mechanism to effectively fuse time-series data, such as historical 
load and weather, with textual information like news and holidays, 
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significantly improving the accuracy of load forecasting [67]. Similarly, 
forecasting performance has been enhanced by embedding prior 
knowledge—such as task instructions and statistical descriptors—into 
prompts [70], as well as by incorporating exogenous information, 
including extreme events [11,72], news sentiment [73], and weather 
conditions [74]. These strategies have improved the accuracy of energy 
supply–demand forecasting, carbon price prediction, traffic flow esti
mation, and EV charging demand projection. A parallel development is 
emerging in transportation systems, where efforts are increasingly 
directed toward bridging structured numerical data and unstructured 
textual representations. For example, Time-LLM aligns time-series sig
nals with semantic text space through prototype learning and leverages 
instruction-based prompting to enhance temporal modeling perfor
mance [75]. A more efficient hybrid approach uses LLMs to process 
traffic-related textual context, such as weather forecasts, concerts, and 
accidents, to generate semantic embedding vectors as auxiliary features. 
These are then integrated into traditional spatiotemporal prediction 
models [76]. This method significantly improves prediction accuracy 
while also effectively circumventing the high computational costs 
associated with using LLMs for direct end-to-end numerical forecasting 
[77].

Although the application of LLMs in transportation and energy time- 
series forecasting is still in its early stages, the potential they have 
demonstrated is quite clear. In the future, deep integration of hetero
geneous multi-source information, including traffic flow, grid load, 
macroeconomic data, and social events, is expected to enable precise 
forecasting of key indicators such as microgrid energy consumption and 
carbon emissions. This will provide more intelligent and dynamic de
cision support for urban planning and public policy formulation.

5.2. Dynamic Behavioral Modeling

Accurate reasoning about dynamic human behavior will be a critical 
link in achieving efficient, coordinated optimization of transportation 
and energy systems. The proliferation of new mobility services, such as 
EVs and ride-hailing, is triggering fundamental behavioral changes. The 
inherent sparsity and stochasticity of these behaviors pose significant 
challenges for traditional prediction models, while also exposing their 
interpretability deficiencies. LLMs, with their powerful contextual un
derstanding and reasoning capabilities, provide a new paradigm for 
modeling and understanding this complex human mobility. At the level 
of travel choice, the predictive accuracy of LLMs has surpassed that of 
traditional models by leveraging contextual information, such as his
torical mobility data [78,79]. More importantly, they can provide 
interpretability for “black-box” predictions by clearly articulating their 
reasoning process, for example, inferring a future destination based on 
“historical visit records on weekday nights.” This greatly enhances the 
transparency of the decision-making process [78] and allows for the 
effective integration of information about external, unforeseen events to 
improve prediction robustness [80]. At the level of driving behavior, the 
capability of LLMs extends from “predicting choices” to “generating 

actions”. For instance, frameworks such as SurrealDriver have built 
natural language-driven driver agents whose decisions on steering and 
speed control exhibit features highly similar to those of humans [81]. By 
introducing mechanisms for driving style alignment, the agent's 
behavior can be better aligned with the habits of specific human drivers, 
significantly enhancing the credibility and realism of traffic simulations 
[82]. This also offers new approaches to addressing data privacy issues 
in transportation research [83,84].

The research mentioned above lays the foundation for connecting 
behavioral models with TEI systems. For example, individual mobility 
predictions generated by LLMs can be injected into macroscopic traffic 
flow models to quantify their overall impact on system energy con
sumption and carbon emissions. Integrating the travel and charging 
decisions of EV users can provide high-fidelity inputs for charging fa
cility planning and V2G scheduling. It is even possible to couple changes 
in residential and work patterns with Building Energy Models (BEM) to 
reveal the energy consumption transfer effects between the trans
portation and building sectors. Applications of coupling LLMs with 
transportation and energy systems in this manner will be detailed in 
Section 5.3.

5.3. TEI scenario simulation

Building upon dynamic behavioral reasoning, TEI scenario simula
tion constructs complete virtual testing environments by integrating 
specific physical and social components. Traditional simulation methods 
often require the manual design of extensive rules and are primarily 
based on probability. They generally lack human-like cognitive abilities 
and natural language interaction mechanisms, making it difficult to 
accurately reflect complex social factors such as user preferences, policy 
feedback, and market evolution. In contrast, generative agents driven by 
LLMs demonstrate potential that surpasses traditional rule-based or 
learning models in such simulations, owing to their ability to dynami
cally capture heterogeneous agent behavior and market changes [85].

As research progresses, LLM-based agents have achieved deep inte
gration with dynamic traffic simulators, providing decision support for 
system planning by accurately predicting commuting demands [86]. In 
the critical context of EV charging, generative modeling frameworks 
have been developed that integrate individual psychological attributes 
and environmental factors, enabling fine-grained representation and 
prediction of charging behavior [87]. Furthermore, to capture more 
complex system interactions, multi-agent game-theoretic structures 
have been introduced. For instance, the dual-agent model proposed by 
Niu et al. simulates the competition and cooperation between EV users 
and charging stations, achieving personalized recommendations and 
adaptive price adjustments [88].

To address the adaptive and nonlinear dynamics of trans
portation–energy systems, LLM-based surrogate modeling approaches 
have been introduced to analyze game-theoretic mechanisms linking 
regulatory policies and market behavior. Related studies demonstrate 
that such models can not only evaluate the impact of different policy 

Fig. 4. Prediction and reasoning: Fusing knowledge for state and behavior modeling.
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orientations on EV market entry [14] but also accurately simulate the 
participation patterns of V2G services under real-time incentive mech
anisms [32]. The advantage of this simulation strategy lies in its flexi
bility; by jointly inferring micro-level agent behaviors and macro-level 
economic variables (e.g., policy, pricing), it holds the potential to 
construct system co-evolution models that more closely align with 
real-world demands in the future [89].

6. Decision-making and optimization: language-based 
Intelligent Scheduling and Control

The ultimate purpose of an intelligent TEI system is to translate its 
understanding and predictions into optimal, real-world actions. This 
chapter examines the highest level of LLM application, focusing on how 
these models are employed to execute complex decision-making and 
optimization tasks, often by leveraging natural language as a powerful 
interface for defining objectives and controlling dynamic systems, as 
illustrated by the framework in Fig. 5.

6.1. Decision support and optimization formulation

In the field of TEI, LLMs are becoming a key bridge connecting 
human decision-makers with complex optimization tools. Their appli
cation is mainly reflected at two levels: first, as intuitive decision- 
support assistants, and second, as tools for formulating optimization 
problems.

A primary application direction is the development of domain- 
specific intelligent assistants that transform complex system opera
tions into simple natural language dialogues. For system operators, 
systems like TP-GPT [90] for traffic monitoring, GAIA [91] for power 
dispatching, and intelligent assistants [92] for power simulation man
agement, allow managers to query real-time data and execute complex 
commands via dialogue, significantly improving operational intuitive
ness and efficiency. For high-level planning and end-users, LLMs can 
provide strategic advice and personalized recommendations. For 
example, they can generate in-depth strategic recommendations for 
transportation planning [93], explain and adjust building carbon emis
sion strategies [94,95], and recommend the most suitable EV charging 
stations to users based on real-time data [96].

The ability of an LLM to understand human intent naturally extends 
to the highly structured task of formulating mathematical optimization 
problems. The core challenge in this area is to translate users’ vague and 
personalized needs, such as “charge my car tonight when the electricity 
price is lowest”, into precise constraints and objectives that an optimi
zation solver can understand. The research path has likely evolved from 
early direct code generation to more reliable structured methods. For 
example, LLM4EV [12] utilizes function-calling templates to ensure the 
validity and accuracy of the output. The role of LLMs is not limited to 
“translating” user intent; research shows that in the field of carbon 
reduction, techniques like Retrieval-Augmented Generation (RAG) can 
be used to leverage external knowledge to construct more precise 

optimization objectives [97]. Furthermore, combining an LLM with 
traditional optimization algorithms, such as the whale optimization al
gorithm, has been proven to effectively enhance global solving perfor
mance in complex electricity-transportation networks, with 
performance improvements ranging from 1% to 20% compared to 
traditional methods [13]. These studies indicate that an emerging 
collaborative paradigm is taking shape: LLMs handle problem modeling, 
preference modeling, or heuristic guidance, while traditional optimi
zation algorithms continue to undertake numerical solutions and 
constraint satisfaction tasks. While these hybrid approaches enhance 
numerical efficiency, collaborative optimization still faces fundamental 
challenges in semantic modeling, particularly within broader V2X sce
narios such as vehicle-to-building coordination. Existing methods pri
marily rely on structured numerical inputs (e.g., battery state of charge, 
real-time electricity prices), often struggling to integrate qualitative 
contextual information like temporary facility scheduling or urgent user 
demands. This limitation reveals a key development direction for 
next-generation collaborative frameworks: large language models will 
serve as advanced semantic coordinators, extracting contextual knowl
edge from unstructured data and converting it into constraints or pref
erence signals for processing by traditional optimization or learning 
algorithms. This layered architecture promises to significantly enhance 
coordination efficiency among heterogeneous subsystems while main
taining the reliability of existing numerical solvers.

From an economic perspective, the use of LLMs in TEI cost optimi
zation is also emerging. Early studies mainly position LLMs as modeling 
assistants to help formulate cost-oriented optimization problems, where 
metrics such as total cost of ownership [98] or operational cost de
viations from benchmark solvers [99] are used for evaluation. In par
allel, research on V2G operation has established economic assessment 
models that account for battery degradation and bidirectional energy 
revenues [100]. These cost formulations provide useful references for 
future LLM-enabled approaches, highlighting the need to integrate 
long-term asset impacts into optimization objectives rather than 
focusing solely on short-term energy prices.

6.2. Real-time operational control and scheduling

In the real-time operation and scheduling of TEI systems, LLMs are 
transitioning from decision support tools to direct intelligent control 
agents. This capability is demonstrated through traffic flow optimization 
in macroscopic transportation networks. High-level applications like the 
TrafficGPT system enable managers to formulate traffic control strate
gies through natural language to alleviate congestion and optimize flow 
[101]. At the microscopic level, LLMs provide precise advice to drivers 
based on vehicle dynamics, excelling in conflict identification and 
decision-making [102]. Particularly in the field of Traffic Signal Control 
(TSC), LLMs have evolved from assisting in environmental under
standing to directly acting as control agents. Research indicates that in 
multi-intersection scenarios, they can significantly reduce vehicle 
waiting times and the number of stops, thereby substantially improving 

Fig. 5. Decision-making and optimization: Language-feedback-based intelligent scheduling and control.
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network efficiency [103,104].
The strategic guidance capabilities of LLMs at the micro-operational 

level show potential for reducing energy consumption and carbon 
emissions. In the context of eco-driving assistance, for instance, LLM- 
based systems have provided real-time adaptive speed recommenda
tions, achieving up to an 82% reduction in congestion and a 75% 
decrease in carbon emissions under experimental conditions [105]. In 
addition, LLMs have been explored as intelligent co-drivers that analyze 
environmental parameters to support dynamic control decisions, 
resulting in reported energy savings of up to 54% [106]. Achieving 
deeper efficiency improvements in heterogeneous powertrain systems, 
such as plug-in hybrid electric vehicles (PHEVs) and fuel cell electric 
vehicles (FCEVs), requires coordination under complex physical con
straints [107–110]. Related research integrates vehicle operational 
states (e.g., state of charge and hydrogen reserves) into LLM-generated 
high-level strategies that guide the training of reinforcement learning 
agents, thereby improving overall system efficiency [111].Collectively, 
these studies indicate that LLMs can help translate system-level emission 
reduction objectives into context-aware operational strategies, offering 
a promising technical pathway to support deep decarbonization in the 
transportation sector.

However, it is necessary to acknowledge the inherent latency 
bottleneck of current LLMs in high-frequency control. Unlike traditional 
optimization algorithms that typically operate on millisecond time
scales, the inference latency of LLMs generally ranges from hundreds of 
milliseconds to seconds [112]. This gap currently restricts their direct 
deployment in millisecond-level safety-critical closed loops (such as 
emergency braking or grid frequency regulation). Therefore, future 
research requires a further focus on model lightweighting and edge ac
celeration technologies.

6.3. Intelligent diagnosis and emergency response

LLMs are also poised to become a key tool for enhancing the emer
gency response capabilities and resilience of TEI systems. By virtue of 
their ability to deeply integrate and understand massive, unstructured 
fault information, LLMs can achieve in-depth diagnosis and precise 
identification of failures and anomalies. For example, LEMAD, a system 
based on multi-agent systems, utilizes an LLM to parse system logs for 
root cause analysis of power system anomalies, achieving an accuracy of 
92.16% [113]. Meanwhile, DeCEN ensures the reliability of decentral
ized clean energy networks by analyzing sensor data to verify the 
authenticity of energy declarations and prevent fraud [114]. Building on 
this, the application of LLMs is evolving to “proactive warning”. By 
integrating and analyzing global news or driver multi-modal informa
tion, systems like SHIELD and PDA can respectively predict supply chain 
disruption risks and driving safety risks, thereby prospectively 
enhancing the system's ability to cope with disturbances [115,116]. A 
higher level of intelligence is demonstrated in the active generation and 
autonomous correction of safety strategies. The LLM within the 
Grid-Agent framework can autonomously generate action sequences to 
correct grid violations [117], while the LLM in the Rl2 framework, 
applied to active distribution networks, can even generate and itera
tively optimize rules for safety-oriented reinforcement learning [118]. 
This progression of capabilities, from precise diagnosis and proactive 
warning to autonomous correction, could significantly enhance the 
resilience of TEI systems when facing failures, attacks, and uncertainties.

7. Challenges and limitations

Translating LLMs from theory into reliable TEI systems requires 
confronting four interconnected core challenges. This endeavor begins 
with the foundational problem of interoperability in integrating het
erogeneous data and demands that user trust be earned when sensitive 
information is leveraged. Building on this, the models must resolve their 
inherent reliability dilemma for high-stakes decision-making while 

overcoming the sustainability paradox, in which their computational 
cost conflicts with TEI's low-carbon goals.

7.1. The interoperability challenge: integrating heterogeneous data across 
TEI silos

As a quintessential “System of Systems”, TEI is characterized by 
cross-domain and cross-scale properties that render the challenge of 
data interoperability significantly more acute than in any single domain. 
In the transportation and energy domains, achieving multidimensional 
data integration faces several thorny challenges. The data generated by 
transportation systems is highly complex, dynamic, and incomplete, and 
is influenced by factors such as weather, road infrastructure, driver 
behavior, and external events. Additionally, the data from energy sys
tems also suffers from quality issues due to equipment failures and 
environmental changes. The data sources required for training LLM- 
based models are diverse, encompassing not only traffic sensors, cam
eras, and other monitoring devices within the energy system, but also 
social media data, academic papers, and research reports. These data 
from different domains exhibit significant differences in format, struc
ture, and semantics, making it complex and resource-intensive for LLMs 
to integrate and preprocess them into a coherent and representative 
training corpus. Meanwhile, transportation and energy patterns change 
over time, requiring continuous data updates to maintain model accu
racy and relevance. For example, in the context of smart transportation 
and smart grid collaboration, real-time changes in traffic flow affect EV 
charging demand, which, in turn, affects the grid load. However, there 
are differences between traffic flow data and grid load data in terms of 
collection frequency, accuracy, and data format. Traffic flow may be 
updated in minutes or even seconds, while grid load data is typically 
counted hourly, making data integration extremely challenging. If these 
data challenges are not properly addressed, LLMs are difficult to 
generalize effectively, potentially leading to bias in the formulation of 
TEI strategies. These challenges, however, can be mitigated through 
advanced alignment strategies [119]. For instance, Feature-based 
Alignment maps heterogeneous time series into a shared latent space 
to achieve synchronization [120], while Attention-based Alignment le
verages cross-modal attention mechanisms to capture correlations 
across differing temporal granularities [121,122]. Furthermore, the 
advent of LLMs has introduced the ‘Text-Guided Analysis’ paradigm, 
offering a novel pathway to bridge the semantic gap between numerical 
data domains via textual modalities [123]. At the physical level, it is also 
imperative to advance the integration of multiple collection channels 
across the transportation and energy domains, building an integrated 
data collection network, and deploying intelligent collection devices in 
transportation and energy facilities. In addition, generative artificial 
intelligence techniques, such as LLMs and generative adversarial net
works, are utilized to generate realistic data to compensate for missing 
values in real data [124].

In addition, the multifaceted and interdisciplinary nature of the 
transportation and energy domains significantly inflates the cost and 
complexity of constructing high-quality datasets. Currently, existing 
ontological resources remain siloed [125,126], leading to a lack of a 
comprehensive corpus capable of capturing the dynamic coupling 
inherent to TEI. This absence hinders the fine-tuning of LLMs for tasks 
such as energy consumption prediction and carbon emission assessment 
[21]. Therefore, there is an urgent imperative to recommend a stan
dardized and reusable semantic annotation framework specifically for 
TEI. This paper proposes that such a system should be structured into 
three core layers: (1) a “Spatio-Temporal Alignment Layer” that employs 
unified anchors (e.g., GeoHash [127] and synchronized timestamps) to 
resolve granularity mismatches between traffic flows and grid loads; (2) 
an “Event-Driven Interaction Layer” that encapsulates heterogeneous 
data into semantic “coupling events” (e.g., ‘congestion-induced charging 
delays’) to explicate cross-domain causal logic; and (3) a “Goal-Oriented 
Reasoning Layer” that integrates policy constraints and 
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multidimensional performance metrics (such as carbon intensity and 
grid stability metrics). Establishing this hierarchically structured corpus 
is essential for creating reproducible benchmarks and fostering 
open-source research [128].

7.2. The trust imperative: navigating privacy risks and security threats in 
TEI

The personalized services in TEI, such as intelligent charging, are 
deeply dependent on users’ spatio-temporal trajectories and energy 
consumption data; the highly sensitive nature of this information creates 
an exceptionally sharp conflict between privacy and utility. Both the 
transportation and energy domains involve frequent user interactions, 
and data collection in these domains encompasses highly sensitive 
personal information, including travel and commuting patterns, energy 
usage data, and driving and charging behaviors. Inadequate system se
curity poses a significant risk of data leakage. It has been demonstrated 
that attackers can gain access to system model code, raw data, and 
personal information through cyberattacks [129–131]. Such risks may 
result in financial loss or harm to users, which in turn may erode their 
trust in the system. Developers need to ensure strict fairness and secure 
operation in application development [132,133] and implement 
advanced data protection strategies such as differential privacy, syn
thetic data generation, and encrypted LLM systems [134].

7.3. The reliability dilemma: mitigating hallucinations and ensuring 
interpretability in critical TEI systems

Unlike in general applications, TEI is directly concerned with the 
safety and stability of critical infrastructure; consequently, the “black 
box” nature and “hallucination” issues of LLMs escalate from mere 
technical flaws to unacceptable security risks. As a critical infrastructure 
domain, transportation and energy systems require AI models to have 
decision transparency, operational reliability, and result credibility 
[135]. Interpretability refers to the ability of a model to present its 
behavioral logic in a human-understandable way [136], which is 
particularly important for understanding the functional boundaries and 
operational mechanisms of multimodal AI systems in transportation 
energy management [137]. For example, LLMs suffer from causal 
inference bias and over-rely on the assumption of temporal smoothness 
in driving behavior data, making it difficult to predict unexpected sit
uations in dynamic traffic environments accurately [16,138]. Mean
while, the implicit bias in the training data may be amplified by LLMs, 
which in turn affects the fairness of traffic scheduling decisions [10,139,
140]. Methods for assessing interpretability include having LLMs 
perform problem-specific evaluations, evaluating automatic metrics 
such as their ability to simulate functions, and improving the accuracy of 
downstream tasks. This involves comparing arguments and post-hoc 
explanations of LLMs and utilizing sample explanations in the 
reasoning process [141]. Two main approaches are used to enhance 
model interpretability: one involves establishing a complete traceability 
mechanism for model architecture, training data, and version iteration, 
while the other consists of enhancing internal decision transparency 
through techniques such as thought chain simulation and knowledge 
graph visualization [142]. Xie et al. constructed a multimodal agent 
analysis framework that systematically elaborates on interpretability 
methods in visual-verbal interaction scenarios and provides a multi
modal system with a new decision tracing scheme [143]. In the field of 
autonomous driving, the Cog-GA framework enhances the end-to-end 
interpretability of the navigation decision-making process through 
cognitive map construction and two-channel scene parsing [144].

The problem of model illusion seriously threatens the reliability of 
transportation energy systems, which is manifested in two types: 
intrinsic illusion, referring to the direct contradiction between the 
output content and the input context, and extrinsic illusion, which lacks 
a verifiable external basis [145]. In real-time traffic control scenarios, 

such deficiencies can lead to major decision-making errors; in energy 
extrapolation systems, they can result in significant deviations between 
simulation results and reality. Mitigation strategies for the illusion 
problem have been developed as multidimensional solutions: at the data 
level, knowledge gaps are filled by selecting training data sources and 
strict quality auditing combined with RAG techniques [24,146]; at the 
training stage, attention-sharpening regularization methods are used to 
enhance architectural sparsity and suppress the generation of illusions 
[147]; and at the inference stage, the model is strengthened through 
context-aware decoding techniques, response weights to immediate in
formation [148]. These methods provide crucial technical support for 
constructing a reliable, large-model application system.

7.4. The sustainability paradox: balancing computational demands with 
the decarbonization goals of TEI

The core mission of TEI is to improve energy efficiency and support 
decarbonization. However, the growing adoption of LLMs introduces a 
sustainability paradox: the substantial computational resources required 
by LLMs may partially offset the energy savings achieved in physical 
systems.

First, LLMs consume significant computational resources during both 
training and inference. As illustrated in Fig. 6, which compares training 
resource requirements across models of different parameter scales, the 
computational power and memory demands of pre-training large models 
are several orders of magnitude higher than those of traditional deep 
learning models [149]. Moreover, in time-sensitive TEI applications 
such as traffic control and energy dispatch, the inference stage can also 
become resource-intensive [150,151]. Second, most existing studies 
evaluate the effectiveness of LLMs primarily in terms of operational 
energy savings achieved by TEI systems, such as congestion mitigation 
[105] or reductions in energy consumption [106], while rarely ac
counting for the computational energy cost of the AI models themselves. 
Consequently, the overall system-level energy balance has not yet been 
comprehensively quantified.

A key practical barrier lies in the widespread reliance on commercial, 
closed-source LLM services and the absence of standardized evaluation 
metrics. Limited transparency regarding model size, activation mecha
nisms, and data center efficiency makes it difficult to accurately estimate 
the energy consumption of each inference. Future evaluations of TEI 
systems should therefore consider not only control or optimization 
performance, but also the energy overhead associated with artificial 
intelligence components [155]. Establishing unified metrics for LLM 
energy consumption and carbon emissions is crucial for enabling such 
holistic assessments [152].

Several emerging technical trends may help alleviate this paradox 
and promote more sustainable LLM deployment. Model compression 
[156], parameter-efficient fine-tuning [157,158], and improved archi
tectures are reducing computational demands [159,160]. At the system 
level, deploying models on specialized low-power hardware, tran
sitioning toward smaller or edge-deployable language models, and 
increasing the use of renewable-powered data centers can further lower 
the carbon intensity of AI inference [161,162].

8. Future research directions

Based on the review presented in this study, this chapter outlines 
several future research directions for LLMs in TEI. These approaches can 
be beneficial in facilitating and enhancing the application of artificial 
intelligence in sympathetic energy fusion, as shown in Fig. 7.

8.1. From text to physical reality: multimodal fusion for TEI situational 
awareness

Current LLMs are predominantly text-centric, whereas TEI systems 
are inherently multimodal physical environments. In real-world 
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Fig. 6. Comparison of training resource requirements for LLMs, data sourced from Ref. [152]. (a) Comparison of Training Power Consumption and Model Pa
rameters. A logarithmic scale plots the relationship between power consumption (megawatt-hours) and model scale (billions of parameters). The red dashed lines 
provide reference benchmarks: one indicates the average annual power consumption of a U.S. household (10.5 MWh/year [153]), and the other represents the 
cumulative power consumption of that household over ten years. (b) Training CO2 emissions versus model parameters. Plot model size against total CO2 emissions 
(metric tons) on a logarithmic axis. The red dashed lines represent the equivalent annual emissions of 1, 10, and 100 typical passenger vehicles (each emitting 
approximately 4.6 tons of CO2 annually [154]).
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operation, dispatch and control decisions rely on heterogeneous data 
streams such as video surveillance, sensor measurements, equipment 
alarms, and spoken commands, rather than textual reports alone. 
Therefore, the further evolution of LLMs in TEI depends on their ability 
to integrate deeply with vision, time-series sensing, and speech models 
to form a unified understanding of physical operating conditions. The 
goal of multimodal fusion is not merely to aggregate diverse inputs, but 
to establish cross-modal semantic alignment and causal reasoning [163]. 
For example, in a transportation–energy coordination scenario, a system 
may need to jointly interpret a detected road incident from video feeds, a 
measurable drop in traffic throughput, and contextual information such 
as an upcoming large public event, then translate this combined un
derstanding into actionable control strategies. Such capabilities would 
allow LLMs to move beyond the role of “text interpreters” and toward 
becoming central hubs for multimodal situational awareness, providing 
a more complete environmental context for complex TEI 
decision-making. In summary, the development of multimodal LLMs 
will be crucial in determining whether these models can meaningfully 
participate in high-level TEI operations. Only when language models can 
reliably interface with real-world data streams can they support fast, 
context-aware perception and coordinated control in practical TEI 
environments.

8.2. Beyond correlation: causal LLMs for reliable TEI policy and risk 
management

While current LLMs excel at identifying statistical regularities—for 
instance, that high temperatures are typically concomitant with peak 
EV charging demand—they often struggle to distinguish whether these 
patterns stem from genuine causal links or merely spurious associations 
within the data. In complex TEI systems, distinct variables such as traffic 
flow and grid load, though lacking direct physical connection, may 

exhibit highly synchronous fluctuations driven by shared environmental 
confounders like weather or holidays. Mistaking these correlations for 
direct causation leads to prediction failure once environmental condi
tions shift. Moreover, relying solely on observational data prone to 
contextual mismatch: the model may capture only superficial features 
like “localized load spikes” or “traffic stoppages” while missing the 
critical causal context triggering these phenomena (e.g., “temporary 
price subsidies” or “defensive control due to accidents”). Neglecting 
such causal incentives behind behaviors leads to fundamental biases in 
risk assessment [164]. To address these limitations, future research 
should introduce Causal Intervention Encoders [165] into LLMs to 
disentangle the interference of environmental noise. Furthermore, uti
lizing prompting techniques such as Chain-of-Actions can decompose 
complex policy interventions—where a single instruction triggers 
cascading effects—into verifiable causal steps [165]. This causal 
modeling capability enables operators to accurately evaluate: “Did the 
new time-of-use pricing policy genuinely alter user charging habits, or 
does it merely coincide with weather-driven fluctuations?”

8.3. Adapting to a dynamic world: continuous learning for resilient TEI 
systems

TEI systems operate in environments that evolve. Changes in urban 
structures reshape mobility demand, the expansion of charging infra
structure alters load distribution, and emerging storage and propulsion 
technologies introduce new operational characteristics. Extreme 
weather and unexpected disruptions can further invalidate established 
scheduling patterns. Under such conditions, LLMs trained once in an 
offline setting may gradually lose relevance, showing reduced capability 
in interpreting new operational contexts, such as traffic redistribution 
caused by newly opened highways, shifts in regional charging peaks, or 
altered EV energy consumption patterns under abnormal weather. 

Fig. 7. Future directions for LLM-Driven transportation energy integration.
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Research attention is therefore moving toward model frameworks with 
continuous learning capabilities, enabling LLMs to update their knowl
edge structures and decision bases after deployment using newly 
observed data. Technical directions include self-supervised learning, 
incremental learning, and human-in-the-loop feedback, which allow 
progressive adaptation without full retraining [166]. These mechanisms 
support the incorporation of new traffic patterns, load dynamics, and 
equipment behaviors into existing representations, followed by corre
sponding adjustments in scheduling logic and resource allocation stra
tegies. Continuous learning capability is closely related to the long-term 
effectiveness of TEI intelligence. Models equipped with ongoing adap
tation mechanisms are more likely to maintain stable decision perfor
mance in complex and uncertain environments, supporting sustained 
coordination between transportation and energy systems.

8.4. Intelligence on the move: lightweight LLMs for edge-based real-time 
TEI control

Real-time TEI control tasks, such as autonomous trajectory planning 
and microgrid frequency regulation, require low-latency, locally 
executable intelligence [167]. Cloud-only deployment introduces 
communication delays and bandwidth dependence, whereas standalone 
edge devices constrain model scale. Consequently, research is shifting 
toward hierarchical device–edge–cloud architectures to balance latency 
and computational capacity [168]. Lightweight LLMs enabled by 
quantization and knowledge distillation reduce storage and computa
tion overhead, allowing deployment on resource-constrained hardware. 
Quantized 7 B models can operate within approximately 4 GB 
automotive-grade memory [169], and mobile multimodal inference can 
reached basic real-time performance [170]. These advances support 
onboard perception and preliminary decision-making, reducing reliance 
on continuous cloud connectivity [171]. To further overcome 
device-level constraints, collaborative inference distributes workloads 
across nearby edge nodes, such as charging stations or building-side 
servers [114], expanding computational capacity while minimizing 
cross-domain data transmission. The integration of lightweight edge 
models and distributed collaboration provides a scalable pathway for 
low-latency LLM-driven TEI control systems.

9. Conclusion

Leveraging their remarkable emergent abilities, superior general
ization performance, and multi-task learning advantages, LLMs offer an 
unprecedented opportunity to build resilient and efficient TEI systems. 
Although applications of LLMs have proliferated across subdomains of 
TEI, a holistic review assessing how they address the core in
terconnections between these systems has been absent. To fill this gap, 
this study systematically analyzes 82 seminal papers published since the 
field's inflection point in 2023. The core significance of this work lies in 
providing the first structured cognitive map and development roadmap 
for this nascent and disparate field, achieved through a holistic TEI 
framework and a novel three-tiered functional hierarchy of Perception, 
Reasoning, and Decision-making.

The three-layer analytical framework proposed in this review re
defines how LLMs perceive, model, and manage complex dynamics 
within TEI systems. (1) At the perception layer, LLMs dismantle the 
information barriers of multi-source heterogeneous data; their capa
bility to automatically parse data and extract key information promises 
to significantly reduce manual costs and technical barriers. (2) At the 
reasoning layer, LLMs make it possible to simulate complex system dy
namics and human behavior. Existing research generally indicates their 
superiority over traditional machine learning methods in time-series 
forecasting and behavioral reasoning tasks, particularly regarding few- 
shot learning and interpretability. They have also demonstrated the 
potential to move beyond conventional modeling frameworks to simu
late the evolution of TEI scenarios and achieve realistic results. (3) At the 

decision layer, LLMs act as a bridge, translating high-level human intent 
into optimal control strategies. They can leverage their knowledge- 
driven and tool-calling capabilities to provide feasible solutions and 
language feedback mechanisms for complex scheduling problems.

The systematic classification in this review also reveals the expansive 
scope of LLM applications in TEI: the research landscape comprehen
sively spans from foundational, transportation-centric perception tasks 
to complex, system-level decision-making and optimization problems 
tightly integrated with domains such as power grids and building en
ergy. Meanwhile, the path to fully unleashing the LLM potential still 
faces challenges, including the complexity of data integration, the reli
ability and safety of the models, and high computational costs.

To address these challenges and guide future development, this study 
crystallizes four key strategic directions. These are not merely incre
mental technical improvements but are core capabilities essential for 
building the next generation of intelligent TEI systems: (1) Building 
models for multimodal perception to achieve a panoramic understand
ing of complex physical transportation-energy systems; (2) Establishing 
causal inference models to ensure the reliability of decision-making in 
high-risk infrastructure control; (3) Developing continual learning 
frameworks to guarantee the long-term effectiveness of models in 
dynamically evolving markets and environments; and (4) Researching 
and developing lightweight intelligence to empower distributed, low- 
latency edge devices with autonomous control capabilities. As technol
ogy continues to evolve and methodologies mature, LLMs are poised to 
become a major driving force in the intelligent, green transformation of 
transportation-energy systems, providing solid support for achieving 
strategic carbon reduction targets and developing future smart cities.
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