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Abstract
As intermittent renewables increasingly penetrate power systems,
virtual power plants (VPPs) have emerged as a critical component
of power systems, aggregating geographically distributed devices
to respond to price signals and mitigate supply-demand imbal-
ances. Consequently, coordinating heterogeneous resources across
hierarchical multi-region pricing to fulfill committed bids while
maximizing arbitrage has become a critical challenge. Existing
operations-research and reinforcement-learning approaches rely
on handcrafted formulations or learned policies that struggle to
scale or lack interpretability, limiting trustworthiness in safety-
critical energy systems. In contrast, Large language models enable
evolving optimization by reasoning over structured decisions and
generating executable programs, making the process more inter-
pretable and effective. Building on this paradigm, we propose VPPE-
volve, a reasoning-guided evolutionary framework for hierarchical
VPP scheduling. VPPEvolve tackles three key challenges through
three complementary designs: (i) an evolvable chained program
representation that formalizes hierarchical VPP dynamics through
executable structures for system-level bid allocation and device-
level dispatch; (ii) a spatio-temporal profiling and reflection module
that bridges the semantic gap between volatile numerical signals
and structured reasoning space; and (iii) a device attribution-aware
inspiration module that enables LLM-informed evolution by explic-
itly attributing device-level contributions to improve heterogeneous
coordination. Extensive experiments on two city-scale datasets con-
firm consistent gains in economic profit and bid-tracking stability,
with post-hoc analyses and deployment confirming a white-box
paradigm that reduces grid-side stress. Codes and data are available
at: https://github.com/JinweiZzz/VPPEvolve.
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1 Introduction
As renewable energy resources with inherent intermittency and
temporal variability continue to penetrate the power grid, the spatio-
temporal mismatch between power generation and load demand
has become increasingly pronounced [26, 35]. Virtual power plants
(VPPs), referred to as the aggregation of geographically distributed
renewable resources, flexible storage units, and controllable load
devices, have therefore emerged as a critical component of current
power systems [13, 22]. By leveraging their flexible and coordinated
dispatch capabilities, VPPs can effectively mitigate supply-demand
imbalances, relieve grid burden, and enhance overall grid stability [5,
9, 18].

In this context, effective coordination and dispatch of VPP de-
vices are critical for incentivizing operator participation and fully
realizing their potential in alleviating grid-side stress. From a sys-
tem perspective, VPP operators coordinate distributed het-
erogeneous devices across multiple pricing regions to pursue
economic arbitrage while satisfying pre-committed power
output targets [6, 34] (Figure 1). Early VPP scheduling largely
relied on expert-driven heuristics due to the strong controllability
and reliability requirements of energy systems [27]. As device scale
and heterogeneity increase, data-driven optimization approaches
have emerged for VPP scheduling. Traditional operations research
methods, including integer programming [10–12, 23] and genetic
algorithms [4], offer effective solutions but often struggle with
scalability and lack transparent reasoning processes. More recent
studies employ multi-agent reinforcement learning to model non-
linear device interactions [14, 15, 17, 21, 28, 30]. However, most
existing approaches are developed for devices within a single pric-
ing region, limiting their transferability to hierarchical settings
where devices operate under different locational electricity prices.
Moreover, reinforcement learning methods still suffer from lim-
ited interpretability and robustness, restricting their deployment in
safety-critical energy systems [20]. Therefore, developing a frame-
work that jointly achieves interpretability, robustness, and scalable
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Figure 1: Illustration of hierarchical VPP scheduling task.

decision-making remains a critical yet underexplored direction for
hierarchical multi-region VPP scheduling.

As VPP scheduling inherently requires deep understanding of
operational constraints and heterogeneous device characteristics,
while safety-targeted energy system applications demand inter-
pretable decision-making, leveraging the domain knowledge and
reasoning capabilities of large language models (LLMs) emerges as
a promising direction. Recent advances in LLM-driven evolutionary
frameworks, which translate optimization problems into executable
decision logic that can be iteratively re�ned through reasoning and
evaluation feedback [8,19,25], further demonstrate the feasibility of
learning scalable and interpretable scheduling strategies. However,
building an evolutionary framework for hierarchical heterogeneous
VPP scheduling presents three key challenges. First, the problem
involves hierarchical coordination across multiple regions with di-
verse devices, which is di�cult to express as a code-based solution
representation that LLMs can e�ectively reason about and itera-
tively evolve. Second, the system exhibits strong spatio-temporal
complexity, manifested through dynamic numerical signals such
as electricity prices and photovoltaic/wind generation, which need
to be transformed into structured representations that LLMs can
reason over. Third, heterogeneous devices possess distinct opera-
tional constraints and roles, making it non-trivial to incorporate
domain knowledge to reason about device interactions and achieve
coordinated and complementary scheduling strategies.

To address these challenges, we propose VPPEvolve, a reasoning-
guided evolutionary framework for hierarchical heterogeneous VPP
scheduling. To convert the complex, cross-level decision process
into an executable code-based form, we reformulate the hierarchi-
cal scheduling process as a chained executable program, where a
high-level allocation function distributes bids across regions and a
device-level dispatch function coordinates heterogeneous resources
to satisfy region-level targets. To bridge raw spatio-temporal obser-
vations with semantic reasoning, we introduce a spatio-temporal
pro�ling and re�ection module that encodes region-level and global
patterns into program-level feedback, guiding adaptive evolution-
ary updates under dynamic conditions. We further develop a device
attribution-aware inspiration module that analyzes how candidate
programs exploit di�erent device types and provides structured
guidance for evolutionary crossover, enabling coordinated sched-
uling under heterogeneous constraints. Extensive experiments on
two city-scale datasets demonstrate that VPPEvolve achieves an

average 11.4% pro�t improvement and 27.6% reduction in bid devi-
ation. Interpretability analyses and real-world deployment further
highlight the transparency of the solutions produced by VPPE-
volve and demonstrate its e�ectiveness in alleviating grid burden
and enabling more sustainble energy system operations. Our main
contributions can be summarized as follows:

� We study hierarchical virtual power plant scheduling and, to the
best of our knowledge, present the �rst LLM-driven evolutionary
framework that jointly addresses interpretability, robustness, and
performance requirements in this setting.

� We propose a reasoning-guided evolutionary framework featur-
ing an evolvable chained program abstraction, a spatio-temporal
re�ection mechanism, and a device attribution-aware inspiration
module, enabling reasoning-driven coordination of heteroge-
neous devices under dynamic spatio-temporal conditions.

� We demonstrate, through extensive city-scale experiments and
real-world deployment, that VPPEvolve produces interpretable
and high-performing scheduling strategies, alleviating grid-side
stress and mitigating spatio-temporal imbalances.

2 Preliminaries
2.1 Virtual Power Plant
With the large-scale integration of renewable energy resources
such as wind and photovoltaic power, the power system is tran-
sitioning from a deterministic system dominated by controllable
conventional generators to a new system characterized by signi�-
cant uncertainty and temporal variability [7]. The spatiotemporal
mismatch between uncertain renewable generation and urban elec-
tricity demand further increases the need for �exible scheduling in
urban power grids. In this context, virtual power plants that aggre-
gate diverse controllable resources are emerging as key participants
in modern power systems [24].

A virtual power plant (VPP) refers to an operational entity that
aggregates and coordinates geographically distributed, heteroge-
neous energy resources across multiple pricing regions, enabling
their participation in electricity markets and power system oper-
ations [22]. A VPP typically consists of the following six types of
components [16, 33] (can be extended in our framework):

� Distributed Generators. Distributed generators represent re-
newable energy sources whose power output is determined by en-
vironmental conditions and is only partially controllable through
curtailment. Wind power and photovoltaic power (PV) are the
most common ones. At each time step, operators determine the
grid injection ratio to regulate how much renewable generation
is delivered to the grid.

� Energy Storage Devices. Energy storage devices include sta-
tionary battery storage systems and electric vehicles (EVs),
both of which are modeled as storage-like resources with state-of-
charge (SoC) dynamics. These devices can �exibly shift energy
across time by charging or discharging electricity, subject to
power limits and energy capacity constraints. At each time step,
available EVs and storage batteries can be scheduled to charge or
discharge subject to capacity limits and current state-of-charge
constraints. EVs are further associated with energy demand re-
quirements that must be satis�ed by the end of the scheduling
horizon, re�ecting mobility-driven operational constraints.
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item Flexible Loads. Flexible loads represent electricity con-
sumption that can be temporally shifted or modulated without
signi�cantly a�ecting user comfort [29]. In this work, we consider
two common types of �exible loads: air conditioning systems
(AC) and washing machines. At each time step, the operator de-
termines the activation levels of AC units and washing machines.
For AC systems, indoor temperature is constrained to remain
within a prede�ned comfort range»� min• � max¼. For washing ma-
chines, each washing task must be completed within a speci�ed
time window »Cin• Cter¼.

Under current electricity market mechanisms, the power grid
guides market participants to adjust their generation and consump-
tion through dynamic electricity price signals. The primary objec-
tive of a VPP participant is to maximize economic arbitrage while
minimizing deviations from its committed power output targets (re-
ferred to as bid), which are determined through prior agreements
between the VPP operator and the electricity market.

2.2 Problem Formulation
Based on the scenario description, we formulate the problem as a
sequential decision-making process (Figure 1). At each session, the
decision scenario is as follows:
Available input: Device-level parameters, including operational
constraints and capacities; Electricity prices and forecasted renew-
able generation (photovoltaic and wind) for all regions of the next
session; current states of all devices; and the cleared bid target
specifying the aggregated power output requirement of the VPP.
Output: Device-level dispatch actions that determine the opera-
tional decisions of each device for the next session, subject to device
constraints.
The overall objective is to maximize aggregated economic pro�t
from all sessions while minimizing deviations from the cleared bid
targets.

3 Related Works
3.1 Virtual Power Plant (VPP) Scheduling
Due to the strong heterogeneity of energy devices and their tightly
coupled operational constraints, early energy scheduling systems re-
lied on domain knowledge and expert experienceâ€“driven rules to
construct robust and e�ective scheduling strategies [27]. As power
systems evolved in scale and complexity, more advanced meth-
ods have been explored, which generally fall into three categories:
mixed-integer optimization, meta-heuristics, and reinforcement
learning. Mixed-integer optimization methods formulate VPP sched-
uling as a pro�t- and deviation-aware mathematical program, where
the operational constraints of heterogeneous devices are explicitly
modeled [10� 12, 23]. While e�ective, these approaches typically
produce black-box optimal schedules with limited interpretabil-
ity, which limits their trustworthiness in stability-critical energy
systems. Meta-heuristic methods, such as genetic algorithms [32],
provide �exible model-free search but often fail to exploit the rich
temporal and structural knowledge of VPP scheduling and also
lack interpretability. On the other hand, reinforcement learning has
shown potential in learning implicit dispatch strategies, but existing
works mostly focus on simpli�ed single-region settings where all
devices follow the same pricing policy [14, 15, 17, 20, 28, 30]. With

the expansion of VPP deployments, the spatial scope of controllable
devices has grown signi�cantly, often spanning multiple regions
with heterogeneous locational electricity prices. Consequently, the
decision space evolves into a region-device hierarchy, which in-
creases optimization complexity and poses challenges for scalable
and stable learning for reinforcement learning methods. Moreover,
limited robustness and the lack of transparent decision rationales
further restrict the applicability of reinforcement learning in real-
world power system operations. Overall, robust and interpretable
solutions that can e�ectively incorporate domain knowledge to
enhance scheduling performance remain largely unexplored.

Table 1: Comparison of VPP scheduling options. (Know.: hu-
man knowledge; Robust.: robustness; Inter.: interpretability;
Perf.: performance.)

Method Know. Robust. Inter. Perf.

Human Experts 3 3 3 7
Mixed-integer Optimiza-
tion

7 3 7 �

Genetic Algorithm 7 3 7 �
Reinforcement Learning 7 7 7 �
LLM-based Evolution-
ary Framework

3 3 3 �

3.2 LLM-based Evolutionary Optimization
Considering the broad domain knowledge and human-like reason-
ing capacity of large language models, recent studies have begun to
explore their use in evolutionary optimization. Among these e�orts,
AlphaEvolve provides a representative framework that translates
candidate solutions into executable code representations and it-
eratively evolves programs using language models, where high-
performing solutions are reused as inspirations for subsequent gen-
erations and a �tness evaluator guides selection and mutation [25].
This code-centric evolutionary paradigm has demonstrated strong
e�ectiveness across diverse domains, including tensor decompo-
sition [25], open-ended mathematical discovery [25], hardware
circuit design [25], game strategy planning [3], geospatial model dis-
covery [19], and the vehicle routing problem [8]. A key advantage
of these LLM-driven evolutionary methods is that they naturally
embed human knowledge into the optimization process and yield
explicit, interpretable strategies in the form of executable programs,
which often exhibit stronger robustness than purely data-driven
approaches. Despite these promising advances, the application of
this paradigm to energy system scheduling remains largely unex-
plored. Energy systems are characterized by strong spatio-temporal
dynamics and signi�cant device-level heterogeneity. How to guide
LLM-based evolutionary methods to e�ectively capture and ex-
ploit these structural properties in multi-region virtual power plant
scheduling, therefore, remains a non-trivial and critical challenge.

4 Method: VPPEvolve
To fully exploit the strengths of large language modelâ€“driven
evolutionary frameworks in incorporating human knowledge and
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producing interpretable solutions, we design an evolutionary frame-
work tailored to the hierarchical virtual power plant scheduling
problem, termed VPPEvolve. Firstly, to transform the complex hier-
archical VPP scheduling task into an evolvable optimization prob-
lem, we propose an evolutionary framework that formulates
the scheduling process as an executable, code-based chained solu-
tion and orchestrates the overall evolutionary process. To further
address the pronounced spatio-temporal complexity and device
heterogeneity modeling challenges of the scenario, we propose a
spatio-temporal pro�ling and re�ection module that guides
evolution by translating numerical spatio-temporal signals into
structured and reasonable representations, together with a device
attribution-aware inspiration module that explicitly models the
heterogeneity of di�erent device types through attribution-based
comparison, thereby providing informed evolutionary guidance.
This section presents detailed illustrations of the framework and
the two modules.

4.1 Evolutionary Framework with Chained
Program Representation

Figure 2: Illustration of VPPEvolve's evolutionary framework
with chained program representation.

To leverage the natural capability of large language models to
understand, generate, and modify executable code, we reformu-
late hierarchical virtual power plant (VPP) scheduling as a code-
based solution space, enabling it to be directly optimized through
language-model-driven evolution. However, city-scale hierarchical
VPP scheduling involves a large number of heterogeneous devices.
Constructing independent decision functions for each device type
or individual unit would dramatically expand the search space,
reduce evolutionary e�ciency, and obscure shared coordination
patterns across devices.

Meanwhile, we observe that hierarchical VPP scheduling natu-
rally follows a multi-level decision structure: system-level power
output targets must �rst be allocated across regions, while region-
level scheduling depends on the operational states of heterogeneous
devices within each region. Motivated by this structure, we rep-
resent the scheduling process as a chained decision framework
(Figure 2). Speci�cally, the aggregated city-level power target is
�rst distributed to regions according to locational price signals
and aggregated device pro�les, after which device-level dispatch
decisions are generated based on real-time device states. Under

this formulation, the evolutionary objects are represented as two
chained executable decision functions. The inputs and outputs of
these functions are de�ned as follows:

Program Speci�cation: Allocation():

Function: Calculate an allocation score for each region,
which is subsequently normalized via a softmax function
to distribute the total bid across regions according
to the resulting probabilities.
Inputs: Regional electricity price; expected
photovoltaic and wind generation; device capacities
and operating states (storage, electric vehicles,
air-conditioning, and washing machines); time index;
and region identifier. Output: Allocation score for
each region.

Program Speci�cation: Dispatch():

Function: Calculate device-level dispatch actions for
each region given the allocated bid quantity.
Inputs: Same as the input of Allocation().
Output: Device-level dispatch actions, including
renewable utilization ratios, charging or discharging
ratios for storage and electric vehicles,
air-conditioning load ratio, and the number of
activated washing machines.
Note: Device-level dispatch actions are executed via a
greedy scheduling strategy that sequentially allocates
power to individual devices in order of increasing
degradation cost, subject to device capacity, until
the region-level bid target is satisfied.

Regarding the evolutionary paradigm, we follow the AlphaE-
volve framework to iteratively evolve scheduling programs based
on the formulated code template, as illustrated in the right part of
Figure 2. Speci�cally, the process resembles a genetic evolution pro-
cedure. We maintain a population of previously generated programs
along iterations, which is divided into multiple islands to encourage
exploration and diversity. At each generation, a sampler selects a
set of top-performing and diverse programs. An explorationâ€“ex-
ploitation mechanism designates one program as the parent while
treating others as inspiration programs. A large language model is
then prompted to perform code-level evolution on the parent pro-
gram, allowing it to incorporate structural or logical elements from
the inspiration programs while preserving executability. The newly
generated program is subsequently executed in the hierarchical
VPP environment, where scheduling decisions are simulated and
evaluated. Fitness is computed based on economic pro�t and bid-
ding deviation, with a weighted combination serving as the overall
�tness score. The evaluated program is inserted back into the pop-
ulation, replacing weaker individuals within its parent island, and
the evolutionary process repeats. At �xed intervals, inter-island mi-
gration exchanges programs across islands to promote population
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Figure 3: (a) Illustration of the spatio-temporal pro�ling and re�ection module. (b) Illustration of the device attribution-aware
inspiration module.

diversity. Through this iterative procedure, VPPEvolve progres-
sively re�nes both region-level allocation logic and device-level
dispatch logic, enabling the emergence of coordinated and inter-
pretable scheduling strategies.

4.2 Spatio-temporal Pro�ling and Re�ection
As the VPP scheduling task requires coordinating heterogeneous
devices across multiple regions and time steps, capturing the un-
derlying spatio-temporal dependencies is essential. However, these
dependencies are primarily expressed as complex numerical signals,
such as dynamic price �uctuations and renewable generation pro-
�les, which large language models are not inherently well-suited to
interpret directly. Without proper structuring, raw numerical inputs
can limit the e�ectiveness of reasoning-driven evolution. To address
this challenge, we explicitly pro�le the spatio-temporal character-
istics of each region during the learning process and transform
numerical observations into structured semantic representations.
This enables the language model to perform expert-like reasoning
over spatio-temporal mismatches and guide targeted evolutionary
improvements (Figure 3a).

Speci�cally, at the evaluation stage of each candidate program,
we construct a program summary template that characterizes cur-
rent spatio-temporal performance from three complementary per-
spectives. First, a region-level spatio-temporal pro�le to capture
key temporal patterns such as high-price and low-price periods,
deviation peak and valley hours, as well as spatial summaries in-
cluding device capacities and net energy contributions for each
region. Second, a global spatio-temporal pro�le to aggregate
these statistics at the system level, providing an overall view of
price-deviation dynamics and the distribution of total device ca-
pacities and utilizations. Third, a coupling analysis is introduced
to explicitly characterize structural relationships across regions
and time. It distinguishes homogeneous patterns that admit shared
strategies from complementary patterns where di�erent regions
or time segments can mutually compensate. The resulting spatio-
temporal pro�les are summarized into concise textual representa-
tions and provided to a large language model to generate re�ective

feedback, highlighting the strengths and weaknesses of the cur-
rent strategy in terms of price exploitation, deviation tracking, and
spatio-temporal coordination.

During the generation stage of a new program, we employ a
re�ection-resonanceâ€“based generation mechanism to guide the
utilization of inspiration programs. Speci�cally, the re�ection as-
sociated with the parent program serves as a diagnostic signal
to identify its spatio-temporal weaknesses and coordination gaps.
Based on these signals, inspiration programs that exhibit comple-
mentary behaviors along the corresponding dimensions are pref-
erentially selected and emphasized during code evolution. Guided
by this re�ection-aware resonance, the language model performs
program-level mutation and recombination on the parent program,
selectively borrowing structures from inspirations that address the
identi�ed de�ciencies. This design enables a more directed evolu-
tionary process than implicit inspiration learning.

4.3 Device Attribution-aware Inspiration
In nowadays complex virtual power plant setting, device-level con-
straints and capabilities exhibit substantial heterogeneity across
both regions and device types. Renewable generators, storage units,
electric vehicles, and �exible loads di�er signi�cantly in capacity
limits, operational �exibility, and cost structures, leading to highly
diverse dispatch behaviors under the same system-level objectives.
As a result, programs that achieve similar aggregate performance
may rely on fundamentally di�erent device-level strategies, while
naively combining inspirations without accounting for such het-
erogeneity can obscure critical trade-o�s and hinder e�ective evo-
lution.

To explicitly account for such heterogeneity, we introduce an
inspiration comparison module that enables quantitative, device-
aware comparison across inspiration programs (Figure 3b). Specif-
ically, during the evaluation stage, we compute term attribution
for each program by aggregating the net energy contributions of
di�erent device types across regions and scenarios. Overall perfor-
mance metrics, including economic pro�t and bidding deviation,
are then proportionally attributed to each device type based on the
magnitude of its aggregated net contribution. However, because
di�erent device types operate on inherently di�erent scales and
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exhibit distinct operating ranges, absolute attribution values are
not directly comparable. To address this issue, we adopt a relative
comparison mechanism that evaluates device-level strategies by
contrasting attribution patterns across inspiration programs, en-
abling more robust and interpretable assessments. The resulting
comparative attribution summaries are incorporated into the evo-
lutionary generation process as structured guidance for selecting
and combining inspiration programs during code evolution. In this
way, rather than relying solely on scalar �tness values or code-level
similarity, the evolutionary process reasons about strategy di�er-
ences at a �ner granularity by explicitly characterizing device-level
contributions to key performance metrics.

5 Experiments
5.1 Experimental Setup
5.1.1 Baselines. To validate the superiority of our method, we com-
pare it against representative virtual power plant scheduling ap-
proaches, including integer programming-based optimization meth-
ods, meta-heuristic search methods, and reinforcement learning-
based methods.
Integer programmingâ€“based optimization methods:

� MILP [ 11]. A mixed-integer optimizationâ€“based scheduling
approach that maximizes VPP pro�t by jointly optimizing de-
vice dispatch and market transactions under multiple locational
marginal prices.

� MIQCP [ 12]. MIQCP extends MILP by incorporating quadratic
objective functions and constraints, enabling risk-aware and
variance-sensitive optimization.

Meta-heuristic search methods:

� Genetic Algorithm [ 4, 32]. Genetic algorithms are widely used
population-based methods for black-box optimization, iteratively
improving candidate solutions through selection, crossover, and
mutation to explore complex, non-convex solution spaces.

Reinforcement learning-based methods:

� VppDDPG [15]. VppDDPG models single-region virtual power
plant scheduling as a sequential decision-making problem and
employs reinforcement learning to learn a device-level dispatch
policy that maximizes cumulative pro�t while satisfying device
constraints. We adapt this method to our multi-region scenario
by introducing an additional actor that allocates the total bid
among regions, after which the original algorithm is applied to
perform intra-region scheduling.

� MAATC [ 14]. MAATC treats each region as an individual agent
and employs a global transformer-based critic to evaluate how
well multiple regions coordinate to maximize overall pro�t while
satisfying the bidding quantity objective.

� HierarchicalRL [ 2]. Given the hierarchical nature of the hi-
erarchical VPP scheduling problem, we include a benchmark
hierarchical reinforcement learning method that learns a two-
level policy. Speci�cally, a high-level policy allocates region-level
bidding targets, and a low-level policy executes device-level dis-
patch over multiple �ne-grained time steps.

5.1.2 Metrics. Consistent with the general objective of virtual
power plant scheduling [31], which is to maximize economic pro�t

under the condition of satisfying the committed bidding quantity,
we introduce two metrics for evaluation:

� Pro�t. The arbitrage pro�t of VPP devices, calculated as the
electricity revenue from dispatched generation minus the corre-
sponding generation cost.

� Deviation. The absolute di�erence between the actual total gen-
eration of the VPP and the committed generation amount.

Figure 4: Dataset characteristic visualizations. (a) Device com-
positions of the 15 regions in the Shanxi dataset. (b) Vary-
ing electricity price curves for the 15 regions in the Shanxi
dataset

5.1.3 Datasets. To comprehensively evaluate the performance of
our method, we conduct experiments on two city-scale datasets:
a real-world dataset collected from Shanxi Province and a syn-
thetic dataset constructed for Beijing. Shanxi Province is among
the �rst regions in China to implement locational marginal pric-
ing [1]. We collect four consecutive days of operational data from
a real VPP operator in Shanxi, including regional electricity prices,
device con�gurations, and both forecasted and realized wind and
photovoltaic generation. We report results averaged over the four
days to mitigate the impact of daily �uctuations and ensure robust
evaluation.

In addition, we construct a synthetic VPP dataset for Beijing.
Based on a reconstructed power grid topology, we identify 25 trans-
mission regions and infer region-level photovoltaic capacities and
wind potentials. We further generate diverse �exible resources, in-
cluding electric vehicles, energy storage systems, air conditioners,
and washing machines, to represent urban-scale �exibility, while
wind generation is not considered. As locational marginal pricing
(LMP) has not yet been implemented in Beijing, regional electric-
ity prices are derived from system-level price data by introducing
spatial di�erentials according to regional load statistics. Detailed
construction procedures are provided in the Appendix A. Statistical
comparisons between datasets are summarized in Table 3, and Fig-
ure 4 illustrates the device composition and electricity price curves,
highlighting signi�cant spatio-temporal heterogeneity.

5.1.4 Implementation. In our main implementation, we adopt gpt-
o4-mini as the base reasoning model. To account for forecast uncer-
tainty, we follow a predict-execute evaluation protocol: scheduling
decisions are generated using forecasted information during the
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Table 2: Average performances in two datasets under planning and execution stages. Bold denotes the best results, and underlined
denotes the second-best results. The unit of pro�t and deviation is million yuan and MWh respectively.

Shanxi Beijing
Planning Stage Execution Stage Planning Stage Execution Stage

Method Pro�t" Deviation# Pro�t" Deviation# Pro�t" Deviation # Pro�t" Deviation#
MILP 23.43 32.13 16.48 26.83 0.589 1.087 0.799 1.273
MIQCP 15.44 29.59 13.15 29.52 0.649 1.365 0.452 1.451
Genetic Algorithm 12.64 82.94 10.15 56.27 0.415 1.891 0.372 1.928
VppDDPG 16.75 52.38 14.39 44.72 0.893 0.556 0.826 0.202
MAATC 13.05 66.44 11.72 64.39 0.528 1.472 0.492 1.528
HierarchicalRL 21.29 30.98 18.94 25.43 0.923 0.545 0.896 0.175
Ours 28.82 25.54 21.77 18.19 0.986 0.484 0.904 0.075
Impr. (%) 23.0% 13.69% 14.9% 28.46% 6.8% 11.19% 0.9% 57.14%

Table 3: Statistics of our two city-scale datasets.

Shanxi Beijing
Number of regions 15 25
Range 4 days 1 day
Interval 1h 1h
Number of ACs 1445 2797
Number of storage devices 900 1851
Number of AVs 2014 4097
Number of washing machines 956 1555

planning stage and are executed and evaluated under realized re-
newable generation during the execution stage. The evolutionary
process runs for up to 1,000 iterations with a population size of 50
and an early stopping mechanism. The initial program is a naive
rule-based policy (see Appendix C). At each iteration, three top-
performing programs and two diversity-promoting programs are
selected as inspiration programs. During new program generation,
the exploitation ratio, referring to the probability of selecting top
programs as parents, is set to 0.6.

To maintain diversity, we employ an island-based migration
strategy with three islands, where the top programs of each island
migrate to the next island every 30 iterations. All baseline methods
are tuned via grid search over their hyperparameters to ensure
fair comparison. The prompt template, initial program, and best
program are provided in Appendix C. The datasets, code, and base-
line implementations are publicly available at https://github.com/
JinweiZzz/VPPEvolve.

5.2 Performance Comparisons
Table 2 summarizes the performance of VPPEvolve and all baselines
on the Shanxi and Beijing datasets. The planning stage reports
expected pro�t and deviation under predicted wind and PV outputs,
while the execution stage evaluates the actual deployment results
under true generation. As shown, VPPEvolve consistently achieves
the best performance across both datasets and stages, yielding an
average improvement of 11.4% in pro�t and a reduction of 27.6%
in deviation compared with the strongest baselines. These results
demonstrate the robustness and e�ectiveness of our framework
under realistic uncertainties and diverse city-scale environments.

Figure 5: Training curves of ablation variants in Shanxi
dataset.

A closer examination of the baselines reveals distinct limitations.
The genetic algorithm performs relatively poorly, likely due to its
inability to leverage structured knowledge, leading to ine�cient
exploration in highly constrained and high-dimensional scheduling
spaces. Mixed-integer programming methods achieve moderate
performance; however, the non-convex nature of the hierarchical
VPP scheduling problem and the growing combinatorial complex-
ity restrict their ability to e�ectively explore high-quality solution
regions. Reinforcement learning-based approaches remain com-
petitive due to their strong nonlinear representation capacity, yet
the hierarchical and spatio-temporal decision structure introduces
additional challenges for stable policy learning and convergence.
In contrast, VPPEvolve integrates re�ection-guided evolutionary
updates with the domain knowledge embedded in large language
models, enabling more e�cient exploration and improved coor-
dination among heterogeneous devices. Overall, the experimen-
tal results indicate that VPPEvolve not only incorporates human
knowledge, robustness, and interpretability, but also surpasses ex-
isting optimization paradigms in performance, further validating
the e�ectiveness and practical applicability of our framework.

5.3 Ablation Studies
To evaluate the contribution of each component, we conduct ab-
lation studies by removing the spatio-temporal pro�ling and re-
�ection module (w/o re�ection) and the device attribution-aware
inspiration module (w/o attribution) (Figure 5). As illustrated in the
�gure, removing either module consistently results in both slower
evolutionary progress and inferior �nal performance, indicating
that each component contributes jointly to evolution e�ciency
and solution quality. Without these mechanisms, the evolution
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