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1. Introductio n

Power system dispatch plays a key role in the operation of 
power systems. With the high penetration of renewable energy,
frequent extreme weather, and widespread adoption of electric
vehicles [1], the mutual influence and risks [2] caused by the exter-
nal environment have increased significantly, and the coupling 
between the tasks within dispatching, such as renewable energy
curtailment and economic operation [3], has become increasingly 
close. Meanwhile, the carbon–neutral target, carbon market, and
fluctuations in electricity prices [4] have also put forward more 
diverse and dynamic needs for dispatching goals.

The existing power system dispatch tasks are compose d of dif-
ferent specific sub-tasks [5], including unit commitment, economic 
dispatch, voltage regulation, spinning reserve allocation, emer-
gency control, safety verification, and so on. Through the collabora-
tion of these subtasks, power system dispatch needs to ensure the 
real-time energy balance, safety, and economic operation of the
system. At present, the power system has realized the automation
of the power dispatch system, especially the automatic acquisition
of the system state, such as Supervisory Control and Data Acquisi-
tion (SCADA) [6], and execution of the dispatch command, such as
energy management system (EMS) [7]. But the dispatch system 
still needs dispatchers to select, coordinate, and execute the sub-
tasks to achieve the dispatch goals. The traditional domain opti-
mization and passive response mechanisms are in urgent need of
breakthroughs.

In recent years, the rapid development of large language
model (LLM) technology [8] has promoted the development of 
various industries such as education, medical, finance, and law, 
especially in content generation, natural language processing, 
data mining, and decision support. The difference between LLM 
and traditional deep models lies in their larger-scale model 
parameters and pre-training process based on massive Internet
text data, which has gained a high degree of generalization
and reasoning capabilities. To better utilize the reasoning ability
of LLM, concepts such as LLM agent [9] and embodied intelli-
gence [10] have been proposed and are expected to achieve a 
higher level of intelligent decision-making capabilities. By 
supplementing human-like ability modules such as memory, 
planning, and tools, LLM agent gradually shows the ‘‘agentic”
characteristics from passive task execution to active task
scheduling, providing an opportunity to build a human–machine
coordinated power dispatch system.

Of course, LLM technology is not a panacea. The existing LLM 
agent technology cannot completely solve the emerging issues 
encountered by the dispatch system. Innovative dispatch methods 
and technologies will still be the main contributors to solving these 
problems. LLM’s advantages in multimodal data processing and 
logical reasoning can improve the efficiency of the interaction 
between dispatchers and the power dispatch system and among
various subtasks, therefore providing dispatchers with more flexi-
ble and labor-saving dispatch work. A prototype LLM called grid
artificial intelligent assistant (GAIA) is developed to assist with a
variety of power system operational tasks, including operation
adjustment, operation monitoring, and black start scenarios [11], 
but the robustness and capability for logic reasoning in a more 
complex environment should be enhanced. In general, we believe 
that combining and improving existing dispatch technologies, 
tools, and processes with multimodal LLM agent, a shift from pas-
sive triggering, standardized processes, dispatcher dependence,
and domain optimization dispatch to proactive decision-making,
process orchestration, dispatcher supervision, and cross-domain
reasoning can be achieved, and obtain a more resistant, intelligent,
and efficient power system.
2. Human–machine coordinated power dispatch: From 
automatic to agentic

Fig. 1 shows the difference between traditional and agentic 
power dispatch. With the support of LLM agent, the information 
from the external environment can be processed and combined 
with the power system information. The functions of EMS are orga-
nized and used by LLM agent to give dispatch advice to the dis-
patchers. The workload of dispatchers will be greatly decreased,
and more efficient human–machine interaction will be achieved.
Auto-
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Fig. 1. From automatic to agentic power dispatch.
The characteristics of agentic power dispatch and how the LLM 
agent can support achieving such a target are shown as follows.

2.1. From event trigger to proactive decision-making

Since theearlypowerdispatch requirementswere relatively sim-
ple and the dispatch system had limitations in computational capa-
bility and data acquisition, dispatching decisions were usually 
triggered by actual power balance needs or emergencies. Then, the 
dispatching system and dispatchers responded to the requirements 
and performed the corresponding operations. The success rate of
this dispatching mode mainly relies on reserve capacity and the
accuracy of load and renewable energy forecasting. However, with
the increasing of renewable energy and frequent extreme weather,
power system collapse occurs more frequently [12], exposing the 
limitations of the existing dispatching mechanism—the lack of for-
ward-looking cognition and proactive intervention capabilities 
(foresight and initiative) of future grid state trends, making it diffi-
cult to effectively enhance the resilience and adaptability of the grid.

The powerful multimodal information processing and reasoning 
capabilities of LLM agent can provide support in this direction. Sit-
uational awarene ss is an important basic technology for achieving
forward-looking and proactive dispatching of power systems [13]. 
However, to build a situational awareness system for the large-
scale power grid that is strongly coupled with the external envi-
ronment, it is necessary to deal with the problem of processing 
massive amounts of unstructured data, conducting complex mul-
ti-angle reasoning and analysis, and adaptively learning in a 
dynamic environment. These are exactly the potential capabilities 
demonstrated by LLM agent. The multimodal large models can 
assist the dispatching system in the processing of unstructured 
and multimodal information, and then use technologies such as 
digital twins for dynamic prediction. Afterward, the LLM agent is
used to analyze the power system situation, and proactive dispatch
suggestions are generated in combination with forward-looking
dispatching methods. For example, after obtaining information
about possible heavy rainfall weather processes in the future, the
potential risks of grid equipment and lines are discovered through
deduction, and then suggestions are given for proactive adjustment
and optimization of grid dispatching plans to improve the opera-
tional safety of the grid in extreme weather.

2.2. From standardized process to auto process orchestration

In the past, the power system environment was relatively sim-
ple, slowly changing, and had relatively simple goals. Therefore, 
most dispatching tasks could be handled through standardized 
processes, and there was little need to update the dispatching pro-
cess regulations. However, as the closer relationship between the
power system and the external environment, frequently occurs of
extreme weather, and diverse objectives of the power dispatch,
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standardized dispatching processes are increasingly difficult to 
meet actual dispatching needs. Dispatchers need to rearrange 
and add extra tasks based on standardized processes according to 
actual conditions and their own experience to ensure the safety, 
economy, and low-carbon nature of dispatching. This greatly
increases the workload of dispatchers and makes it difficult to
ensure the accuracy of dispatching decisions. Therefore, a more
efficient and flexible dispatching process is needed to adapt to
the rapidly changing dispatching environment.

The reasoning and planning capabilities of LLM make the flexi-
ble process orchestration possible [14]. The basic requirement for 
process orchestration is the comprehensive perception capability 
of the dynamic environment, a clear understanding of each step 
in the dispatch process, and the reasoning, planning, and learning 
capabilities of process orchestration. The first item requires a wider 
range of information acquisition and faster information processing 
capabilities. The latter two require the dispatch system to have dis-
patch process-related knowledge and dispatcher-level reasoning, 
planning, and learning capabilities, which are important potential 
of LLM agents compared to traditional artificial intelligence (AI).
Meanwhile, the reasoning and planning of LLM agents should not
completely subvert the existing dispatch processes, but rather
modify the standardized processes in specific scenarios. For exam-
ple, for transmission line overloads in typhoon weather, the LLM
agent can autonomously suggest adding typhoon forecast path
information to the existing process to consider the risk of line dam-
age by strong winds.

2.3. From human decision-maker to human supervisor

Since the existing dispatch system cannot meet the increasingly 
complex decision-making needs in terms of information acquisi-
tion and processing, and multi-objective decision-making, the dis-
patcher in the existing dispatch mode needs to frequently 
intervene in the decision-making process, such as causal analysis, 
optimization model selection, parameter configuration, and makes 
the final decision. For example, when a line is overloaded, the dis-
patcher needs to check the generators’ output as well as the nodes’ 
load, and analyze the cause of the situation. Then the dispatcher
needs to select the appropriate unit to adjust the generation output
according to the electricity market clearing price, and finally per-
form a safety check and execute the modified dispatching decision.
This dispatching mode considers dispatchers as the core, and leads
to extremely high workload and cognitive burdens on dispatchers
in large-scale complex systems and environments, which makes it
easy to force dispatchers to make decisions under high pressure
and causes unsatisfactory dispatch results.

Compared with existing AI methods, the LLM agent has more 
accurate and generalized decision-making and execution capabili-
ties. First, through domain knowledge learning and historical dis-
patch data assistance, LLM agent has the potential to reach the 
dispatcher-level decision-making ability. Secondly, LLM can better 
handle multiple tasks, has strong generalization ability, and can 
undertake most of the dispatch work without the need for training 
all the tasks separately . At the same time, the tool usage ability of
LLM agent enables it to intelligently use and combine tools, such as
acquiring SCADA, optimizers, databases, and other tools to assist in
decision-making according to the context. Therefore, LLM agent
has the potential to liberate dispatchers from operational roles to
supervision roles, and achieve a more efficient human–machine
collaboration mode.

2.4. From domain optimization to cross-domain reasoning

The traditional dispatch system makes dispatch decisions based 
on the physical model of the power grid and lacks the ability to
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perform comprehensive reasoning and decision-making, consider-
ing external factors, such as weather conditions [15], traffic sys-
tems [16], social dynamics, and so on. For example, from a social 
perspective, distribution network dispatch should give priority to 
ensuring the power supply of important infrastructures and 
regions, and residents’ work and life activities will cause important
areas to change dynamically over time. However, the existing dis-
patch system is unable to consider external environmental factors
[17]. This is not only because external information is difficult to 
access to dispatch system, but also because of the lack of relevant 
knowledge in the fields of meteorology, transportation, public 
safety, and finance, which leads to unclear judgment of the rela-
tionship and impact of external factors and power dispatch deci-
sions. Generally, only senior dispatchers with many years of
dispatching experience have cross-domain dispatch decision-mak-
ing capabilities.

Although the LLM has cross-domain knowledge and compre-
hensive reasoning capabilities, it is difficult to reach the high level 
of experienced dispatchers based on current dispatch data. On the 
one hand, the LLM agent can help junior dispatchers understand 
and analyze the knowledge of related external systems, provide 
cross-domain power dispatch reasoning and decision-making sug-
gestions, and ultimately help the dispatch system achieve better 
cross-domain dispatch ability. On the other hand, the LLM agent
can help dispatchers analyze the relationship and decision logic
between historical dispatch actions and the external environment,
and form comprehensive historical dispatch data for subsequent
reference. This historical data can not only help dispatchers reflect
on the dispatch logic and improve the dispatch performance, but
also provide a reference for the LLM agent’s cross-domain dispatch
reasoning and support subsequent LLM learning.
3. Challenges 

3.1. Lack of multimodal and cross-domain dispatch data

As a data-driven method, the cross-domain and multi-objective 
decision-making ability of LLM agent in power dispatch cannot be
separated from the support of relevant data [11]. Although with 
the development of power systems, a large amount of power sys-
tem dispatching data has accumulated. The current dispatching 
data is mainly system operation data, lacking multimodal cross-
domain related data. This not only requires the construction of 
cross-domain dispatching data sets for LLM training and testing, 
but also requires the upgrading of existing dispatch systems to 
enable them to acquire and save relevant domain data. On the 
other hand, although LLM shows efficient domain knowledge
learning capabilities with small sample size, due to the complexity
and dynamic changing characteristics of the power system, how to
ensure the diversity of dispatching data and cover enough scenar-
ios to ensure learning effects and generalization capabilities, such
as data in extreme weather, extremely high proportion of renew-
able energy output, and so on, remains a problem.

3.2. Lack of comprehensive and accurate simulation system

The development of power dispatch cannot be separated from 
the support of high-fidelity simulation systems. Existing dispatch 
simulation systems, such as the Institute of Electrical and Electron-
ics Engineers (IEEE) node system, have greatly simplified the devel-
opment and testing process, and ensured the security and
comprehensiveness of the dispatching methods. To support the
agentic power dispatch, the novel dispatch simulation system
needs to have temporal development capabilities, integrate related
domain scenarios [18], and consider the interaction between
3

dispatchers and dispatch systems. This requires not only the devel-
opment of relevant technologies in the power system, but also the 
nexus of multiple domains, such as meteorology, transportation, 
and society. At the same time, the nexus of multiple domains will 
make it difficult to ensure the accuracy of the simulation system,
and inaccurate simulation systems cannot provide effective refer-
ences for the optimization of dispatching methods and the deci-
sion-making of dispatchers. Therefore, a comprehensive and
accurate power dispatch simulation system will be an important
challenge to achieve agentic dispatch.

3.3. Ensuring feasibility and safety dispatch

Just like other data-driven methods, LLM can achieve good 
results statistically, but has poor interpretability and is difficult 
to ensure the feasibility and safety of all generation results. For 
power dispatch, even if there is one mistake in ten thousand times, 
it is still unacceptable if the decision eventually leads to the system 
crash. Although the reliability of LLM-generated results can be 
ensured to a certain extent through model verification or dis-
patcher verification, these methods will increase the computa-
tional and time costs, and increase the burden on dispatchers. At
present, the computer science field is working hard to study trust-
worthy AI and explainable AI methods, but there is no mature solu-
tion now. How to ensure the reliability of generative model results
and combine these methods with power dispatch problems to
ensure 100% feasibility and safety is still a very difficult and impor-
tant challenge.

4. Conclusi ons

This paper introduces the shortcomings of the existing dispatch 
system in considering the impact of the external environment, 
foresight, and multi-objective decision-making, and discusses the 
development direction of the dispatch system (i.e., from passive 
triggering, standardized processes, dispatcher dependence, and 
domain optimization dispatch to active triggering, process orches-
tration, dispatcher supervision, and cross-domain reasoning). The 
potential support of LLM agents for this development includes
multimodal information processing capabilities, professional rea-
soning and planning capabilities, generalized decision-making
and execution capabilities, and cross-domain knowledge support.
It is expected to provide direction for utilizing large LLM agents
to build a more intelligent and efficient human–machine coordi-
nated dispatch system.
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