
EAI Endorsed Transactions 
on Energy Web Research Article

TC-LEG: Topology-Constrained Sequential Energy
Management in Digital-Twin Smart Grids
Yuxiang Yang1, Weijie Cheng1, Zhi Li1, Jiwei Gou1,∗, Yifan Chen1

1Power Dispatching and Control Center, Shenzhen Power Supply Bureau Co., Ltd., China Southern Power Grid,
Shenzhen, Guangdong, 518001, China

Abstract

INTRODUCTION: The increasing integration of renewable energy, distributed storage, and flexible loads
has introduced substantial uncertainty and operational complexity into modern smart grids. Existing energy
management methods can optimize multi-period dispatch or encode the physical grid topology, but they often
do not explicitly represent the execution order and conditional dependencies among heterogeneous control
actions.
OBJECTIVES: This paper aims to develop a safe and energy-efficient sequential control generation framework
for digital-twin smart grids that reduces operating cost and renewable curtailment while maintaining voltage
security and action feasibility.
METHODS: A topology-constrained latent execution graph learning framework, termed TC-LEG, is
proposed. TC-LEG uses a physical grid graph to encode electrical connectivity and operating states, while a
distinct latent execution graph represents state-dependent dependencies among storage dispatch, renewable
curtailment, demand response, reactive compensation, and topology switching. A hybrid discrete–continuous
control sequence generator produces multi-step actions, and a simulation-oriented digital twin synchronizes
the current grid state, verifies each candidate action, projects infeasible actions onto a state-dependent feasible
set, and feeds the accepted action and updated state back to subsequent generation steps.
RESULTS: On the IEEE 33-bus system, TC-LEG achieves a normalized operating cost of 0.811, a voltage
violation rate of 0.9%, a renewable curtailment rate of 4.9%, and an action feasibility rate of 98.5%. Its average
inference time is 18.6 ms on the IEEE 33-bus system and 28.4 ms on the IEEE 69-bus system, both substantially
shorter than the 15-minute control interval.
CONCLUSION: TC-LEG provides a topology-aware and interpretable approach to sequential energy
management by combining electrical-topology representation, action-dependency learning, hybrid control
generation, and digital-twin verification in a closed-loop inference process.
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1. Introduction
The increasing penetration of renewable energy
resources, distributed storage systems, and flexible
loads is reshaping the operation of modern power
grids[1]. Compared with conventional power systems,
renewable-integrated smart grids face stronger
uncertainty, faster power fluctuations, and more

∗Corresponding author. Email: 151118031991@163.com

complex coupling among generation, storage, load, and
network topology[2]. Therefore, energy management
systems (EMSs) are required not only to reduce
operating cost, but also to maintain voltage security,
avoid line overload, improve renewable energy
utilization, and coordinate heterogeneous storage
resources under strict physical constraints[3].

Digital twin technologies provide a promising
foundation for smart energy systems by linking
synchronized measurements, a continuously updated
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virtual grid model, state-transition simulation, and
control verification in a bidirectional decision loop[4].
In this work, the digital twin is simulation-oriented: its
operating state is synchronized at each control interval
using the latest grid measurements, candidate actions
are evaluated through topology checking and power-
flow-based state transition, and the accepted action and
resulting virtual state are returned to the generator. The
current implementation uses offline-calibrated device
and network parameters rather than continuous online
parameter identification; this scope is stated explicitly
to distinguish the proposed module from a generic
static simulator.

In practical grid operation, a control decision is rarely
an isolated action[5]. For example, when photovoltaic
output suddenly drops, a supercapacitor may first
provide fast compensation, a battery may then support
sustained power balance, and demand response or
topology reconfiguration may be activated if voltage
or loading constraints remain violated. Such a process
forms a multi-step control sequence[6]. Conventional
multi-period dispatch optimizes control vectors over
a horizon and correctly accounts for temporal state
transitions, but it does not necessarily expose action-
level execution order or the conditional dependency
by which one action enables, constrains, or changes
the feasible range of a subsequent action. TC-LEG
therefore models both inter-temporal system evolution
and directed dependencies among individual control-
action tokens. This distinction is particularly relevant
when switch operations alter network topology, battery
dispatch changes the feasible reactive-power range, or
fast storage actions must precede slower balancing
actions.

Artificial intelligence methods have been widely
studied for energy management and power grid
control[7]. Reinforcement learning (RL) can improve
online decision-making efficiency, while graph neu-
ral networks (GNNs) are well suited for modeling
power grids because buses, loads, generators, storage
units, and substations naturally form graph-structured
systems[8]. Recent graph-based RL studies have shown
promising potential in topology-aware power grid
control[9]. Nevertheless, most existing methods mainly
encode the physical grid topology and map the current
state to a control vector[10]. They usually do not explic-
itly represent directed execution dependencies among
individual actions, such as the temporal coordination
between supercapacitors and batteries, the dependency
between topology switching and line loading, and the
relationship between active-power dispatch and reac-
tive compensation[11].

Moreover, practical smart grid control involves
hybrid discrete–continuous actions. Continuous actions
include battery charging/discharging power, super-
capacitor output, reactive power compensation, and

renewable curtailment ratio, whereas discrete actions
include switch operation, storage mode selection, and
demand response activation[12]. Traditional optimiza-
tion methods such as optimal power flow (OPF), mixed-
integer programming (MIP), and model predictive con-
trol (MPC) can explicitly handle physical constraints,
but their computational burden increases rapidly with
grid scale, uncertainty, and action complexity[13].
Learning-based methods[14–16] provide faster online
inference, but may generate physically infeasible or
unsafe actions if topology constraints and execution
dependencies are not properly modeled.

To address these challenges, this paper proposes TC-
LEG, a topology-constrained latent execution graph
learning framework for sequential energy management
in digital-twin smart grids. The physical grid graph
represents buses, branches, controllable devices, elec-
trical connectivity, and operating states. In contrast,
the latent execution graph is an action-level directed
graph whose edges represent state-dependent condi-
tional dependencies among control tokens. A hybrid
discrete–continuous generator then produces a multi-
step control sequence under topology-aware masks and
device bounds. Finally, a digital-twin-in-the-loop ver-
ification module checks power-flow feasibility, voltage
and line-loading constraints, storage limits, and topol-
ogy feasibility; any corrected action and the resulting
state are fed back to condition the next generation step.

The main contributions of this paper are summarized
as follows:

• A physical-grid encoder is developed to represent
bus–branch electrical connectivity, device loca-
tions, branch attributes, and the current operating
state, thereby providing topology-dependent con-
text for control generation.

• A distinct latent execution graph is introduced at
the action-token level. Its directed weighted edges
encode which preceding control actions condition
subsequent actions, rather than duplicating the
electrical connections represented by the physical
grid graph.

• A hybrid discrete–continuous sequence generator
combines execution-graph message passing,
topology-aware discrete masks, and state-
dependent continuous bounds to generate
ordered actions for storage dispatch, renewable
curtailment, demand response, reactive
compensation, and topology switching.

• A simulation-oriented digital-twin verification
loop evaluates every candidate action, applies
a defined feasible-set projection when neces-
sary, updates the virtual grid state, and feeds
the accepted action back into subsequent decod-
ing. Experiments on the IEEE 33-bus and
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IEEE 69-bus systems validate the resulting cost,
security, renewable-utilization, and inference-
efficiency performance.

2. Related Work
2.1. Digital Twins for Smart Energy Systems
Digital twin technologies have received increasing
attention in smart energy systems due to their ability
to connect physical power grids with virtual models
through synchronized data, state estimation, simula-
tion, and control verification[17]. By integrating mea-
surements from supervisory control and data acqui-
sition (SCADA) systems, phasor measurement units
(PMUs), smart meters, and Internet of Things (IoT)
devices, digital twins can provide dynamic represen-
tations of grid operating conditions and support mon-
itoring, fault diagnosis, predictive maintenance, and
decision validation[4]. In renewable-integrated grids,
digital twins are particularly useful for evaluating the
impacts of intermittent generation, load uncertainty,
and topology changes before applying control actions to
the physical system[18]. However, most existing studies
emphasize perception-oriented functions, such as mon-
itoring, state estimation, and what-if analysis, or use
the virtual model only for post-decision validation[19].
They provide limited support for action-by-action feed-
back during sequence generation. TC-LEG addresses
this limitation by synchronizing the virtual state at
each control interval, verifying each candidate action,
and returning the accepted action and updated state to
the generator. The present implementation uses offline-
calibrated models and does not claim continuous online
parameter identification.

2.2. AI-Based Energy Management and Hybrid
Energy Storage Optimization
Artificial intelligence has been widely applied to
energy management problems, including economic dis-
patch, demand response, renewable energy schedul-
ing, and storage control[18, 20]. Compared with rule-
based strategies and conventional optimization meth-
ods, learning-based approaches can improve online
decision-making efficiency after training and adapt to
complex operating conditions[21]. Hybrid energy stor-
age systems further increase the flexibility of smart
grids by combining storage devices with different
response characteristics. For example, batteries are suit-
able for medium- and long-term energy balancing,
while supercapacitors or flywheels can provide fast
power compensation for short-term fluctuations[22].
Existing studies have investigated AI-powered storage
dispatch to reduce operating cost, smooth renewable
power, and improve grid stability[19, 23]. Neverthe-
less, many existing methods treat storage control as an

isolated dispatch problem and do not sufficiently con-
sider its coupling with grid topology, voltage regulation,
renewable curtailment, and demand response[24]. The
coordination between fast-response and high-capacity
storage devices is also commonly embedded in fixed
rules, which limits adaptation when the grid state
or topology changes. TC-LEG instead represents these
couplings as state-dependent action-level dependencies
and learns how fast storage, sustained battery dispatch,
curtailment, and network controls should condition one
another.

2.3. Graph Learning for Power Grid Control
Power grids are naturally graph-structured systems,
where buses, generators, loads, substations, and storage
units can be represented as nodes, while transmission
lines, transformers, and switches can be modeled as
edges[25]. Graph neural networks and graph reinforce-
ment learning have therefore been introduced for power
system state estimation, voltage control, topology opti-
mization, and emergency control[9]. By exploiting the
physical bus-branch topology, graph-based models can
capture spatial dependencies among grid components
and improve the generalization ability of control poli-
cies under different operating conditions[26]. How-
ever, existing graph learning methods mainly focus
on encoding the physical grid topology and there-
fore describe where electrical interactions occur, rather
than how control actions depend on one another
during execution. A direct state-to-action mapping
may capture correlations implicitly, but it does not
expose whether a switch operation, storage action, or
reactive-compensation action should precede or con-
strain another control. TC-LEG separates these two
roles: the physical graph represents electrical con-
nectivity, whereas the latent execution graph learns
directed, state-dependent dependencies among action
tokens.

2.4. Sequential Decision-Making for Grid Control
Sequential decision-making methods, including
model predictive control, reinforcement learning, and
sequence generation models, have been studied for
power grid control and energy management[27, 28].
Model predictive control can optimize future actions
over a rolling horizon while considering system
constraints, but it may become computationally
expensive for large-scale grids with mixed discrete-
continuous actions and uncertain renewable
generation[29]. Reinforcement learning methods
can learn control policies through interactions with
simulated environments and provide fast online
inference, but they may generate unsafe actions if
physical constraints are not fully embedded during
training or execution[30]. Recent sequence models,

3
EAI Endorsed Transactions on 

Energy Web 
| Volume 13 | 2026 |



Y. Yang, et al.

such as Transformer-based policies, provide a flexible
way to generate multi-step action sequences[31].
However, directly applying generic sequence models
to power grid control may produce infeasible actions
because grid operation is constrained by topology,
power flow, voltage limits, line capacities, and storage
state-of-charge constraints. Moreover, conventional
horizon-based optimization and generic sequence
modeling do not necessarily expose the directed
dependency among individual action tokens. TC-
LEG combines explicit action-order modeling with
topology-aware masking and digital-twin feedback
so that the generated sequence is both economically
coordinated and physically executable.

3. Methodology
3.1. Problem Definition and Overall Framework
We consider a renewable-integrated smart grid with
distributed renewable generators, hybrid energy stor-
age systems, flexible loads, and controllable switches.
Throughout this paper, ordinary lowercase letters
denote scalars, bold lowercase letters denote vectors,
bold uppercase letters denote matrices, and calligraphic
letters denote sets or graphs. A hat denotes a gen-
erated candidate, a tilde denotes an action accepted
after feasibility verification or correction, and the super-
script “exp” denotes an expert target used for training.
Dimensions are stated when variables are first intro-
duced.

The physical grid is modeled as

Gp = (V , E), (1)

where V denotes the set of grid nodes, including buses,
loads, renewable generators, batteries, supercapacitors,
and substations, and E denotes the set of physical
branches, including lines, transformers, and switches.
The physical graph describes electrical connectivity
and is distinct from the action-level execution graph
introduced later.

At time step t, the node feature matrix is denoted by

Xt = [x1,t , x2,t , . . . , xN,t]
⊤ ∈ RN×F , (2)

where N = |V | and xi,t ∈ RF contains the operating state
of node i, such as voltage magnitude, active/reactive
power injection, load demand, renewable generation,
and state of charge (SOC) if the node is connected to
a storage device. The edge feature of branch (i, j) ∈ E
is denoted as eij,t , which includes line impedance, line
capacity, switch status, and branch power flow.

The objective is to generate an ordered multi-step
control sequence over a prediction horizon Tp:

ˆ︁At:t+Tp−1 = [ˆ︁at ,ˆ︁at+1, . . . ,ˆ︁at+Tp−1]⊤, (3)

where ˆ︁At:t+Tp−1 ∈ RTp×da denotes the candidate

sequence and ˆ︁aτ ∈ Rda denotes one hybrid action
vector. Each action consists of a discrete part and a
continuous part:

ˆ︁aτ =
(︂ˆ︁ad
τ ,ˆ︁ac

τ

)︂
, τ = t, . . . , t + Tp − 1. (4)

Here, ˆ︁ad
τ represents discrete decisions, such as switch

operation, storage mode selection, and demand
response activation, while ˆ︁ac

τ represents continuous
decisions, such as battery charging/discharging power,
supercapacitor output, reactive power compensation,
and renewable curtailment ratio.

TC-LEG is designed to generate topology-feasible
and energy-efficient control sequences for digital-twin
smart grids. As shown in the simplified high-level
flow in Fig. 1, it contains four functionally distinct
components: a topology-aware physical-grid encoder,
a latent execution-graph learner, a hybrid discrete–
continuous sequence generator, and a digital-twin
verification and feedback module. The physical encoder
represents electrical connections and operating states;
the execution graph represents action dependencies;
the generator produces ordered candidate actions; and
the digital twin verifies or corrects each action before
the accepted action and updated state condition the
next decoding step.

3.2. Topology-Aware Grid Representation
The first component encodes the physical topology
and real-time operating state of the power grid. Since
the grid topology directly determines the feasible
propagation of power flow and the validity of control
actions, we employ an edge-aware graph encoder to
obtain topology-aware node representations.

The initial node embedding is obtained by

h(0)
i,t = Wxxi,t + bx, (5)

where Wx and bx are learnable parameters. For the l-
th graph layer, the message from node j to node i is
computed by considering both node and edge features:

m(l)
ij,t = φ

(︃
W(l)
h h(l)

j,t + W(l)
e eij,t

)︃
, (6)

where φ(·) is a nonlinear activation function, and W(l)
h

and W(l)
e are learnable transformation matrices. The

node representation is then updated as

h(l+1)
i,t = LN

⎛⎜⎜⎜⎜⎜⎜⎜⎝h(l)
i,t +

∑︂
j∈N (i)

α
(l)
ij,tm

(l)
ij,t

⎞⎟⎟⎟⎟⎟⎟⎟⎠ , (7)

where N (i) is the neighbor set of node i, LN(·) denotes

layer normalization, and α
(l)
ij,t is the attention weight
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Figure 1. Functional flow of TC-LEG: physical-grid encoding, latent execution-graph learning, hybrid control sequence generation, 
and digital-twin verification with action and state feedback

between nodes i and j:

α
(l)
ij,t =

exp
(︃
ψ

(︃
h(l)
i,t ,h

(l)
j,t , eij,t

)︃)︃
∑︁
k∈N (i) exp

(︃
ψ

(︃
h(l)
i,t ,h

(l)
k,t , eik,t

)︃)︃ , (8)

where ψ(·) is a learnable attention scoring function.
After Lg graph layers, the topology-aware node

representation is

Ht = [h1,t ,h2,t , . . . ,hN,t]
⊤ ∈ RN×d , (9)

where hi,t = h
(Lg )
i,t and d is the hidden dimension.

A global grid representation is further obtained by
attention pooling:

gt =
N∑︂
i=1

βi,thi,t , βi,t =
exp(w⊤p hi,t)∑︁N
j=1 exp(w⊤p hj,t)

, (10)

where wp is a learnable pooling vector. The representa-
tions Ht and gt provide the physical topology context
for subsequent control sequence generation.

3.3. Latent Execution Graph-Guided Control
Sequence Generation

Although the physical grid graph describes electrical
connections, it does not explicitly represent execution
dependencies among control actions. We therefore
introduce a distinct latent execution graph

Ge,t = (Q, Ee,t), (11)

where Q = {q1, q2, . . . , qK } is the set of K action tokens
and Ee,t is the set of directed, state-dependent action
dependencies. An edge qi → qj indicates that action
token i is permitted to condition the generation or
feasibility of action token j; it does not represent a
physical transmission line or, by itself, establish a direct
causal relationship.

Each action token is associated with a physical node
and an action type. Let π(k) denote the physical node
related to token qk , and let rk denote its action-type
embedding. The initial action token representation is
defined as

uk,t = Wu

[︂
hπ(k),t∥gt∥rk

]︂
, (12)
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where ∥ denotes vector concatenation and Wu is a
learnable projection matrix. The action token matrix is

Ut = [u1,t ,u2,t , . . . ,uK,t]
⊤ ∈ RK×d . (13)

The latent execution dependency matrix is learned by
masked self-attention:

Bt = softmax
(︄

(UtWQ)(UtWK )⊤
√
d

+ Me,t

)︄
, (14)

where Bt ∈ [0, 1]K×K is the learned dependency matrix,
WQ and WK are learnable projection matrices, and
Me,t ∈ {0,−∞}K×K is the execution feasibility mask.
For a potential directed dependency qi → qj , we first
construct the binary admissibility indicator

cij,t = cloc
ij,t ∨ c

dev
ij ∨ c

rule
ij,t , (15)

where cloc
ij,t = 1 when the two actions affect the same

bus, an electrically adjacent bus, or a state-dependent
influence region identified from the current physical
topology; cdev

ij = 1 when the device-type compatibility

table permits the action pair; and crule
ij,t = 1 when an

operational rule or expert constraint permits action i to
precede or condition action j. The mask used by row j
of the attention matrix is then

[Me,t]ji =

⎧⎪⎪⎨⎪⎪⎩0, cij,t = 1,
−∞, cij,t = 0.

(16)

Thus, [Bt]ji is the normalized dependency weight
from predecessor token qi to target token qj . The
mask is reconstructed whenever switching changes the
topology or device availability.

For example, battery active-power dispatch at a
bus is allowed to condition reactive compensation at
the same bus or its electrical neighborhood because
it changes the local power balance and voltage
profile. A switch operation is allowed to condition
subsequent battery and reactive-compensation actions
in the affected feeder because it changes connectivity
and feasible power-flow paths. By contrast, actions
assigned to electrically separated regions with no
device compatibility or operational rule are masked
from direct dependency. This construction combines
automatically derived topology and device information
with a small, auditable rule table rather than relying on
an undefined notion of “influence.”

The action representations are updated by message
passing on the latent execution graph:

˜︁Ut = LN (Ut + BtUtWV ) , (17)

where WV is a learnable value projection matrix. A
large value of [Bt]ji means that the representation

and generation of action j rely strongly on action i
under the current grid state. Operators can inspect
high-weight paths to identify dominant action ordering,
diagnose an infeasible downstream action by tracing
its upstream dependencies, and compare how control
coordination changes across operating conditions.
These weights are interpreted as learned conditional
execution dependencies rather than direct physical
causality.

Based on ˜︁Ut , a Transformer decoder generates the
future control sequence:

zτ = Decθ
(︂
y<τ ,˜︁Ut ,pτ

)︂
, τ = 1, . . . , Tp, (18)

where zτ is the decoder hidden state, y<τ denotes
previously generated action embeddings, and pτ is the
temporal positional embedding.

For discrete actions, the output distribution is

pd
τ = softmax

(︂
Wdzτ + bd + Md

τ

)︂
, (19)

where Md
τ is a topology-aware discrete action mask

that excludes infeasible actions, such as switching non-
controllable branches or activating storage actions at
non-storage nodes.

For continuous actions, the generator predicts
bounded control variables:

ˆ︁ac
τ = amin

τ +
(︂
amax
τ − amin

τ

)︂
⊙ σ (Wczτ + bc) , (20)

where σ (·) is the sigmoid function, ⊙ denotes
element-wise multiplication, and amin

τ and amax
τ are

the lower and upper bounds determined by device
capacities and current operating states. This bounded
formulation ensures that continuous actions remain
within admissible physical ranges.

3.4. Digital Twin Verification and Energy-Aware
Optimization
To ensure physical feasibility, every candidate action
is evaluated by a simulation-oriented digital twin
before it is accepted. At the beginning of control
interval t, the virtual state ˜︁st is synchronized with
the latest available grid state st obtained from the
monitoring and state-estimation layer. Let FDT(·) denote
the calibrated virtual-grid transition model, which
performs topology checking, device-state updates, and
power-flow calculation. For a candidate action ˆ︁aτ , a
provisional next state is

ˆ︁sτ+1 = FDT (˜︁sτ ,ˆ︁aτ ) , ˜︁st = st . (21)

The module qualifies as a digital-twin component
in the present framework because it combines state
synchronization, a calibrated virtual representation,
bidirectional interaction with the decision model, and
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repeated state updating during control generation.
Continuous online parameter identification is outside
the present scope; network and device parameters
are calibrated offline and can be refreshed between
operating periods when new data are available.

The physical violation score is defined as

Φτ = ΦV
τ + ΦS

τ + ΦSOC
τ , (22)

ΦV
τ =

∑︂
i∈V

[︃(︂
Vmin
i − ˆ︁Vi,τ)︂2

+
+

(︂ˆ︁Vi,τ − Vmax
i

)︂2

+

]︃
, (23)

ΦS
τ =

∑︂
(i,j)∈E

(︂
|ˆ︁Sij,τ | − Smax

ij

)︂2

+
, (24)

ΦSOC
τ =

∑︂
b∈B

[︃(︂
SOCmin

b −ˆ︁SOCb,τ

)︂2

+
+

(︂
ˆ︁SOCb,τ − SOCmax

b

)︂2

+

]︃
.

(25)

where B is the set of battery units, Vmin
i and Vmax

i are
voltage limits, Smax

ij is the branch capacity, and SOCmin
b

and SOCmax
b are battery SOC limits. A control sequence

is considered feasible if Φτ = 0 for all prediction steps
and the resulting topology is connected, radial when
required, and operationally valid.

Let Ωτ (˜︁sτ ) denote the state-dependent feasible set
containing the admissible discrete actions, device
bounds, topology requirements, and power-flow con-
straints at step τ . The correction operator is explicitly
defined as the nearest-feasible projection

˜︁aτ = ΠΩτ
(ˆ︁aτ ) = arg min

a∈Ωτ (˜︁sτ )
∥WΩ (a −ˆ︁aτ )∥22 , (26)

where WΩ balances changes to different action
components. For the discrete component, infeasible
choices are removed and the feasible candidate with the
highest decoder probability is selected; a no-operation
token is used if no nontrivial discrete action is feasible.
For the continuous component, device-level variables
are first clipped to their state-dependent bounds
and the remaining coupled variables are adjusted by
the least-distance constrained projection above. After
correction, the digital twin is evaluated again using˜︁aτ , and the resulting accepted state ˜︁sτ+1 replaces the
provisional state. The corrected action embedding is
appended to the decoder history, so all subsequent
actions are conditioned on what would actually be
executed rather than on the rejected candidate.

The model is trained using expert trajectories gen-
erated from historical operation records, conventional
optimization solvers, or digital twin simulations. The
total training objective is

L = Ld + λcLc + λeLenergy + λgLgraph, (27)

where Ld is the cross-entropy loss for discrete actions,
Lc is the regression loss for continuous actions, Lenergy

Algorithm 1 Closed-Loop Inference Procedure of TC-
LEG
Require: Physical grid graph Gp, synchronized state st ,

node features Xt , edge features Et , horizon Tp
Ensure: Feasible accepted sequence ˜︁At:t+Tp−1

1: Encode the physical grid: Ht , gt ← fθ(Gp,Xt ,Et)
2: Construct action tokens Ut and execution mask

Me,t .
3: Learn Bt ← LEG(Ut ,Me,t) and update ˜︁Ut ←

GraphUpdate(Ut ,Bt).
4: Initialize accepted virtual state˜︁st ← st and decoder

history y<1 ← ∅.
5: for τ = 1 to Tp do
6: Update state-dependent discrete mask, continu-

ous bounds, and feasible set Ωt+τ−1(˜︁st+τ−1).
7: Generate decoder state: zτ ← Decθ(y<τ ,˜︁Ut ,pτ ).
8: Generate candidate discrete and continuous

components: ˆ︁ad
t+τ−1 ← MaskedDecode(zτ ,Md

t+τ−1),ˆ︁ac
t+τ−1 ← BoundedRegressor(zτ ).

9: Form candidate hybrid action ˆ︁at+τ−1 and simu-
late provisional stateˆ︁st+τ ← FDT(˜︁st+τ−1,ˆ︁at+τ−1).

10: if ˆ︁at+τ−1 < Ωt+τ−1 or the provisional state
violates physical/topology constraints then

11: Project candidate onto the feasible set:˜︁at+τ−1 ← ΠΩt+τ−1
(ˆ︁at+τ−1).

12: else
13: ˜︁at+τ−1 ←ˆ︁at+τ−1.
14: end if
15: Re-evaluate and accept the next virtual state:˜︁st+τ ← FDT(˜︁st+τ−1,˜︁at+τ−1).
16: Append accepted action to decoder history:

yτ ← Embed(˜︁at+τ−1).
17: end for
18: return ˜︁At:t+Tp−1

is the energy-aware operating cost loss, and Lgraph is
a sparsity regularization term for the latent execution
graph.

The discrete action loss is

Ld = − 1
Tp

Tp∑︂
τ=1

Kd∑︂
k=1

yd
τ,k log pd

τ,k , (28)

where Kd is the number of discrete action categories,
yd
τ,k is the expert label, and pd

τ,k is the predicted
probability. The continuous action loss is

Lc =
1
Tp

Tp∑︂
τ=1

⃦⃦⃦ˆ︁ac
τ − ac,exp

τ

⃦⃦⃦2
2
, (29)

where ac,exp
τ denotes the expert continuous action.
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The energy-aware loss is defined as

Lenergy =
1
Tp

Tp∑︂
τ=1

(︃
C

grid
τ + Cdeg

τ + Ccurt
τ + Cvio

τ + Csw
τ

)︃
,

(30)

where C
grid
τ is the grid purchasing cost, C

deg
τ is

the storage degradation cost, Ccurt
τ is the renewable

curtailment cost, Cvio
τ is the physical constraint

violation cost, and Csw
τ is the switch operation cost. The

latent graph regularization term is

Lgraph =
1
K2 ∥Bt∥1, (31)

which encourages sparse and interpretable execution
dependencies.

During inference, TC-LEG encodes the synchronized
physical-grid state, learns the state-dependent execu-
tion graph, and generates one candidate hybrid action
at a time. The digital twin then verifies or corrects
the candidate, advances the accepted virtual state, and
returns both the accepted action and updated state
to the decoder. This closed-loop design prevents later
actions from being conditioned on a rejected candidate
and supports energy-efficient, topology-feasible, and
physically safe control sequences.

4. Experiments
4.1. Experimental Setup
To evaluate the effectiveness of the proposed TC-
LEG framework, experiments are conducted on bench-
mark distribution systems with renewable generation,
hybrid energy storage, flexible loads, and controllable
switches. The experiments are designed to answer the
following questions: 1) whether the proposed method
can reduce the operating cost of smart grid energy man-
agement; 2) whether the generated control sequences
can satisfy grid security constraints, especially voltage
limits and line loading constraints; 3) whether the
proposed method can improve renewable energy uti-
lization and reduce renewable curtailment; 4) whether
the proposed method can maintain robust performance
under topology disturbances; and 5) how each key com-
ponent contributes to energy-aware sequential control
generation.

The proposed method is compared with represen-
tative rule-based, optimization-based, reinforcement
learning-based, graph learning-based, and sequence
generation-based methods. All methods are evaluated
under the same load profiles, renewable generation pro-
files, storage configurations, electricity price settings,
and topology disturbance scenarios. Unless otherwise
specified, the renewable penetration level is set to 60%,
the control interval is 15 minutes, and each test episode
covers a 24-hour operation horizon with 96 time steps.

The prediction horizon of the control sequence genera-
tor is set to Tp = 12.

4.2. Benchmark Systems and Scenario Construction
Benchmark power grid systems. Two standard distribution
systems are used as the main test systems: the IEEE
33-bus system and the IEEE 69-bus system. The IEEE
33-bus system is used for the main comparison, sensi-
tivity analysis, and ablation study, while the IEEE 69-
bus system is used to evaluate scalability and topol-
ogy generalization. Each system is augmented with
distributed photovoltaic generation, batteries, superca-
pacitors, flexible loads, and controllable switches. The
physical grid is modeled as a graph, where buses are
treated as nodes and distribution lines or switches are
treated as edges. Batteries are mainly used for medium-
and long-term energy balancing, while supercapacitors
are used for fast power fluctuation compensation.

The detailed system configuration is summarized
in Table 1. The base load values follow the standard
benchmark system settings, and additional renewable
and storage resources are installed at selected buses to
construct renewable-integrated smart grid scenarios.

Renewable generation and load scenarios. To evaluate
the performance under different operating conditions,
multiple scenarios are constructed by varying renew-
able penetration, load demand, storage capacity, and
topology disturbance. The renewable penetration level
is defined as the ratio between the installed renewable
generation capacity and the peak load:

γren =
P ren

cap

P load
peak

. (32)

Four renewable penetration levels are considered:

γren ∈ {20%, 40%, 60%, 80%}. (33)

The load profiles include normal load, peak load, and
stochastic load fluctuation scenarios. The renewable
generation profiles include normal photovoltaic gen-
eration, fast photovoltaic drop caused by cloud cover,
and stochastic renewable fluctuation. Gaussian noise is
added to both load and renewable profiles to simulate
realistic uncertainty. The standard deviation of load
uncertainty is set to 5% of the nominal demand, and the
standard deviation of renewable uncertainty is set to 8%
of the available renewable generation. These settings
are used to simulate renewable-integrated smart grid
operation under uncertain supply-demand conditions.

Topology disturbance scenarios. To evaluate the robust-
ness of different methods to topology changes, three
topology disturbance settings are considered:

• Normal topology: the original benchmark topol-
ogy is used.
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Table 1. Configuration of benchmark power grid systems

Configuration IEEE 33-bus IEEE 69-bus
Number of buses 33 69
Number of branches 32 + 5 tie lines 68 + 5 tie lines
Base load 3.72 MW / 2.30 MVAr 3.80 MW / 2.69 MVAr
Renewable generators 4 PV units 7 PV units
PV installation buses 6, 14, 25, 30 11, 18, 26, 41, 50, 61, 66
Battery units 2 3
Battery buses 14, 30 21, 50, 61
Supercapacitor units 2 3
Supercapacitor buses 18, 25 18, 41, 66
Flexible load nodes 6 10
Controllable switches 8 10
Voltage limits 0.95–1.05 p.u. 0.95–1.05 p.u.
Battery SOC limits 0.20–0.90 0.20–0.90
Time interval 15 min 15 min
Simulation horizon 24 h / 96 steps 24 h / 96 steps
Prediction horizon Tp 12 steps 12 steps
Training / validation / test days 180 / 30 / 60 180 / 30 / 60

• Single-line outage: one branch is disconnected
during operation while the system remains
connected through feasible switching.

• Switch reconfiguration: controllable switches are
changed to modify the power flow distribution
while maintaining radiality and connectivity.

These scenarios are used to verify whether the
proposed topology-constrained design can improve the
feasibility and security of generated control sequences
under changing grid structures. Such topology changes
are common in distribution systems due to fault
isolation, maintenance, congestion management, and
service restoration.

4.3. Compared Methods
The proposed TC-LEG is compared with the following
methods:

• Rule-based EMS: A rule-based energy manage-
ment strategy based on predefined thresholds of
renewable generation, load demand, and storage
state of charge.

• OPF: An optimal power flow-based dispatch
method that optimizes the current operating state
under physical constraints.

• MPC: A model predictive control method that
optimizes future actions over a rolling horizon.

• PPO: Proximal policy optimization, an RL
method that learns a control policy through
interactions with the simulated grid environment.

• GNN-RL: A GNN-based RL method that encodes
the physical grid topology before action predic-
tion.

• Transformer Policy: A sequence generation
method that generates multi-step actions using
a Transformer decoder without explicit topology
constraints.

• Topology-Masked Transformer (TMT): A
Transformer-based control sequence generation
model with topology-aware action masks but
without the latent execution graph.

• TC-LEG: The proposed method, which jointly
uses the physical grid graph, latent execution
graph, topology-aware control sequence genera-
tion, and digital twin verification.

For fair comparison, all learning-based methods
are trained using the same training scenarios and
evaluated on the same test scenarios. The control
horizon, simulation interval, storage configuration, and
electricity price settings are kept identical for all
methods. For learning-based methods, the reported
results are averaged over five random seeds.

4.4. Evaluation Metrics
Three primary metrics are used to evaluate the
economic efficiency, grid security, and renewable
energy utilization of different methods.

Total operating cost. The total operating cost is defined
as

Ctotal =
T∑︂
t=1

(︃
C

grid
t + Cdeg

t + Ccurt
t + Cvio

t + Csw
t

)︃
, (34)
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where C
grid
t is the grid purchasing cost, C

deg
t is

the storage degradation cost, Ccurt
t is the renewable

curtailment cost, Cvio
t is the physical constraint

violation cost, and Csw
t is the switch operation cost. To

make the results comparable across different systems,
Ctotal is normalized by the cost of Rule-based EMS in
each benchmark system.

Voltage violation rate. The voltage violation rate is used
to measure grid operational security:

Rvolt =

∑︁T
t=1

∑︁
i∈V I

(︂
Vi,t < V

min
i or Vi,t > V

max
i

)︂
T |V |

, (35)

where I(·) is the indicator function. A lower voltage
violation rate indicates that the generated control
sequence better satisfies voltage security constraints.

Renewable curtailment rate. The renewable curtailment
rate is defined as

Rcurt =

∑︁T
t=1

∑︁
r∈R P

curt
r,t∑︁T

t=1
∑︁
r∈R P

ren
r,t

, (36)

where R denotes the set of renewable generators,
P curt
r,t is the curtailed renewable power, and P ren

r,t is
the available renewable power. A lower renewable
curtailment rate indicates better renewable energy
utilization.

In addition, we report the action feasibility rate
and inference time as auxiliary metrics. The action
feasibility rate is defined as

Rfeas =
Nfeasible

Ngenerated
, (37)

where Nfeasible is the number of feasible generated
actions and Ngenerated is the total number of generated
actions.

4.5. Main Comparison Results
Table 2 reports the main comparison results on the
IEEE 33-bus and IEEE 69-bus systems. Overall, TC-
LEG achieves the best energy management performance
on both systems in terms of operating cost, voltage
security, renewable energy utilization, and action fea-
sibility. On the IEEE 33-bus system, TC-LEG reduces
the normalized total operating cost to 0.811, outper-
forming the strongest sequence-generation baseline,
TMT, whose cost is 0.843. This indicates that learning
latent execution dependencies among heterogeneous
control actions can improve the economic dispatch
of renewable generation, hybrid storage, and flexible
loads. Meanwhile, TC-LEG also obtains the lowest volt-
age violation rate of 0.9% and the lowest renewable
curtailment rate of 4.9%, showing that the proposed

method does not reduce cost by sacrificing grid secu-
rity or renewable utilization. The overall cost-security-
curtailment trade-off on the IEEE 33-bus system is
further visualized in Fig. 2.
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Figure 2. Cost-security-curtailment trade-off on the IEEE 33-
bus system. The horizontal axis denotes the normalized total 
operating cost, the vertical axis denotes the voltage violation rate, 
and the bubble size represents the renewable curtailment rate. A 
better method is expected to be located closer to the lower-left 
region with a smaller bubble. TC-LEG achieves the best overall 
trade-off among economic efficiency, grid security, and renewable 

energy utilization

A similar trend can be observed on the IEEE 
69-bus system. Although all methods suffer from 
performance degradation due to the larger network 
scale and more complex power flow i nteractions, TC-
LEG still achieves the lowest normalized operating cost, 
voltage violation rate, and renewable curtailment rate. 
This result suggests that the proposed topology-aware 
graph representation and latent execution graph are 
effective n ot o nly o n s mall-scale d istribution systems 
but also on larger and more complex grid topologies. 
From an energy system perspective, these results 
demonstrate that TC-LEG can simultaneously improve 
cost efficiency, op erational se curity, an d renewable 
energy accommodation, which are three key objectives 
in renewable-integrated smart grid management.

As shown in Fig. 2, TC-LEG is located closest 
to the lower-left region and has a relatively small 
bubble size, indicating that it achieves a better balance 
among operating cost reduction, voltage security, and 
renewable curtailment mitigation. This visualization 
further confirms t hat t he p roposed m ethod improves 
energy efficiency wi thout co mpromising gr id security 
or renewable energy accommodation.

Compared with Transformer Policy, TC-LEG signif-
icantly improves the action feasibility rate. This is 
mainly because generic sequence models lack explicit 
knowledge of physical grid topology and may generate
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Table 2. Main comparison results on benchmark power grid systems. Ctotal is normalized by the cost of Rule-based EMS in each 
system. Rvolt, Rcurt, and Rfeas are reported in percentage

Method IEEE 33-bus IEEE 69-bus
Ctotal ↓ Rvolt ↓ Rcurt ↓ Rfeas ↑ Ctotal ↓ Rvolt ↓ Rcurt ↓ Rfeas ↑

Rule-based EMS 1.000 3.8 10.6 92.1 1.000 5.1 13.2 89.3
OPF 0.902 1.5 8.7 99.5 0.919 2.3 10.4 99.3
MPC 0.861 1.1 6.9 99.1 0.881 2.0 8.9 98.5
PPO 0.913 3.0 8.1 93.5 0.944 4.4 11.6 89.9
GNN-RL 0.872 2.1 6.8 95.9 0.897 3.1 9.1 94.1
Transformer Policy 0.884 2.7 7.4 91.6 0.916 4.0 10.3 88.7
TMT 0.843 1.6 5.8 97.3 0.872 2.5 7.9 95.6
TC-LEG 0.811 0.9 4.9 98.5 0.842 1.6 6.8 97.2

invalid switching, storage, or curtailment actions. By
introducing topology-aware action masks and physical
grid graph representations, TC-LEG reduces infeasible
actions and improves the executability of generated
control sequences. Compared with TMT, TC-LEG fur-
ther reduces operating cost and renewable curtailment,
indicating that topology masking alone is insufficient
for coordinated energy management. The latent exe-
cution graph helps model the dependencies among
supercapacitor response, battery dispatch, renewable
curtailment, voltage regulation, and topology switch-
ing, thereby improving multi-step energy coordination.

It is worth noting that OPF and MPC obtain
high action feasibility because they explicitly solve
constrained optimization problems. However, their
operating costs are higher than that of TC-LEG in
dynamic multi-step scenarios. This suggests that purely
optimization-based methods may be conservative when
handling uncertainty and hybrid discrete–continuous
decisions. In contrast, TC-LEG learns from historical
and simulated dispatch trajectories while preserving
physical feasibility through digital twin verification,
achieving a better balance between energy economy and
grid security.

4.6. Inference Efficiency
Table 3 compares the average inference time of
different methods, and Fig. 3 further illustrates the
trade-off between inference efficiency and operating
cost. Rule-based EMS has the shortest inference
time, but its energy management performance is
limited because it relies on fixed thresholds and
cannot adaptively coordinate renewable generation,
storage, and network constraints. OPF and MPC
provide physically feasible dispatch solutions, but their
computation time increases significantly with system
scale. In particular, MPC requires 624.8 ms on the
IEEE 33-bus system and 1518.5 ms on the IEEE 69-
bus system, which may limit its applicability in fast
online energy management when frequent re-dispatch
is required.

Table 3. Average inference time of different methods

Method IEEE 33-bus IEEE 69-bus
Rule-based EMS 0.4 ms 0.5 ms
OPF 210.6 ms 587.3 ms
MPC 624.8 ms 1518.5 ms
PPO 4.8 ms 7.1 ms
GNN-RL 8.7 ms 13.4 ms
Transformer Policy 12.5 ms 17.9 ms
TMT 13.1 ms 18.5 ms
TC-LEG 18.6 ms 28.4 ms

Learning-based methods achieve much faster online
inference after training. TC-LEG requires slightly
more inference time than PPO, GNN-RL, Transformer
Policy, and TMT because it additionally performs
latent execution graph learning and digital twin-
based safety verification. However, its inference time
remains only 18.6 ms on the IEEE 33-bus system
and 28.4 ms on the IEEE 69-bus system, which is
far below the 15-minute dispatch interval used in
the experiments. Therefore, the additional computation
introduced by TC-LEG is acceptable for practical
smart grid operation. More importantly, Fig. 3 shows
that TC-LEG achieves the lowest operating cost while
maintaining fast online inference, demonstrating a
favorable trade-off between computational efficiency
and energy management performance.

4.7. Robustness under Topology Disturbances
To evaluate robustness to topology changes, different
methods are tested under normal topology, single-line
outage, and switch reconfiguration scenarios on the
IEEE 33-bus system. As shown in Table 4, topology
disturbances generally increase operating cost and
voltage violation while reducing action feasibility for
all methods. This is because line outages and switch
reconfiguration change the power flow distribution,
making the coordination among storage dispatch,
voltage regulation, and topology control more difficult.
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Figure 3. Inference time versus normalized total operating cost 
on the IEEE 33-bus system. The horizontal axis is shown in 
logarithmic scale to better distinguish methods with different 
computational costs. Although TC-LEG introduces additional 
computation for latent execution graph learning and digital twin 
verification, it remains much faster than OPF and MPC while 
achieving the lowest operating cost, demonstrating a favorable 
balance between online efficiency and energy management 

performance

Compared with the baseline methods, TC-LEG shows 
the smallest performance degradation under topology 
disturbances. Under the single-line outage scenario, 
the voltage violation rate of GNN-RL increases from 
2.1% to 4.7%, while its action feasibility rate decreases 
from 95.9% to 89.8%. By contrast, TC-LEG maintains a 
voltage violation rate of 2.0% and an action feasibility 
rate of 96.3%. This indicates that TC-LEG can gen-
erate more reliable and executable control sequences 
even when the physical grid structure changes. The 
advantage mainly comes from two aspects: the physical 
grid graph encoder captures topology-dependent power 
flow p a tterns, w h ile t h e t o pology-aware a c tion mask 
and digital twin verification p r event u n safe switching 
and storage actions.

From the perspective of energy system operation, this 
robustness is important because renewable-integrated 
distribution systems may frequently experience topol-
ogy changes caused by fault isolation, network recon-
figuration, m  a intenance, o  r  c  o ngestion management. 
A dispatch method that performs well only under a 
fixed topology may not be sufficient for  practical smart 
grids. The results show that TC-LEG can maintain cost-
effective a n d s e cure o p eration u n der t o pology distur-
bances, supporting its potential for digital-twin-based 
adaptive energy management.

4.8. Sensitivity Analysis
Sensitivity to renewable penetration. Fig. 4 and Table 5 
report the sensitivity analysis under different renewable

Table 4. Robustness comparison under topology disturbances on 
the IEEE 33-bus system

Method Scenario Ctotal ↓ Rvolt ↓ Rfeas ↑
MPC Normal 0.861 1.1 99.1
MPC Single-line outage 0.913 2.8 95.8
MPC Reconfiguration 0.887 1.9 96.9
GNN-RL Normal 0.872 2.1 95.9
GNN-RL Single-line outage 0.955 4.7 89.8
GNN-RL Reconfiguration 0.921 3.5 92.6
TMT Normal 0.843 1.6 97.3
TMT Single-line outage 0.904 3.2 93.5
TMT Reconfiguration 0.872 2.4 95.1
TC-LEG Normal 0.811 0.9 98.5
TC-LEG Single-line outage 0.858 2.0 96.3
TC-LEG Reconfiguration 0.833 1.4 97.4

penetration levels. As the renewable penetration level
increases from 20% to 60%, the total operating cost
generally decreases because more low-cost renewable
energy is available to serve the load. However, when
the renewable penetration reaches 80%, the operating
cost increases again for all methods. This is because
excessive renewable generation introduces stronger
power fluctuations and higher curtailment risk, and the
additional voltage violation and curtailment penalties
offset part of the economic benefit of renewable
generation.

TC-LEG consistently achieves the lowest operating
cost, voltage violation rate, and renewable curtailment
rate across all renewable penetration levels. At
80% renewable penetration, TC-LEG reduces the
curtailment rate to 10.5%, compared with 13.7% for
MPC and 15.2% for GNN-RL. This demonstrates
that TC-LEG can better coordinate battery storage,
supercapacitor response, renewable curtailment, and
topology-aware control actions under high-renewable
operating conditions. The result is particularly relevant
to future smart grids, where increasing renewable
penetration requires energy management systems to
absorb more renewable power while maintaining
voltage security.

The trend also shows that the advantage of TC-
LEG becomes more evident as renewable penetration
increases. Under low-renewable scenarios, the dispatch
problem is relatively simple, and the performance
gap among methods is smaller. Under high-renewable
scenarios, however, the system requires more com-
plex coordination among fast-response storage, long-
duration battery dispatch, and network constraints. The
latent execution graph helps capture such action depen-
dencies, enabling TC-LEG to reduce renewable curtail-
ment and improve energy utilization more effectively.

Sensitivity to storage capacity. Table 6 presents the
results under different storage capacity settings.
Increasing storage capacity generally reduces operating
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Figure 4. Sensitivity analysis under different renewable penetration levels on the IEEE 33-bus system. Three metrics are reported: 
normalized total operating cost, voltage violation rate, and renewable curtailment rate. As the renewable penetration level increases, 
all methods face stronger uncertainty and higher curtailment risk. TC-LEG consistently achieves lower operating cost, fewer voltage 
violations, and lower renewable curtailment than MPC and GNN-RL, demonstrating stronger adaptability to high-renewable smart 

grid operation

Table 5. Sensitivity analysis under different renewable 
penetration levels on the IEEE 33-bus system

Penetration Method Ctotal ↓ Rvolt ↓ Rcurt ↓
20% MPC 0.905 0.6 1.7
20% GNN-RL 0.928 1.2 2.2
20% TC-LEG 0.882 0.4 1.3
40% MPC 0.865 0.9 4.5
40% GNN-RL 0.884 1.8 5.3
40% TC-LEG 0.830 0.7 3.5
60% MPC 0.854 1.5 8.2
60% GNN-RL 0.876 2.6 9.4
60% TC-LEG 0.811 1.1 6.2
80% MPC 0.883 2.4 13.7
80% GNN-RL 0.918 3.9 15.2
80% TC-LEG 0.842 1.8 10.5

Table 6. Sensitivity analysis under different storage capacity 
settings on the IEEE 33-bus system

Capacity Method Ctotal ↓ Rcurt ↓ Rfeas ↑
0.5× MPC 0.921 9.4 96.3
0.5× GNN-RL 0.948 10.8 92.0
0.5× TC-LEG 0.892 7.6 96.0
1.0× MPC 0.861 6.9 99.1
1.0× GNN-RL 0.872 6.8 95.9
1.0× TC-LEG 0.811 4.9 98.5
1.5× MPC 0.838 5.5 99.2
1.5× GNN-RL 0.853 5.8 96.5
1.5× TC-LEG 0.790 4.1 98.6
2.0× MPC 0.831 5.1 99.2
2.0× GNN-RL 0.850 5.4 96.2
2.0× TC-LEG 0.786 3.8 98.4

cost and renewable curtailment because more renew-
able energy can be stored during high-generation peri-
ods and released during peak-load periods. For exam-
ple, when the storage capacity increases from 0.5× to

1.5×, TC-LEG reduces the normalized operating cost
from 0.892 to 0.790 and the renewable curtailment rate
from 7.6% to 4.1%. This confirms the important role of
hybrid energy storage in improving renewable energy
accommodation and reducing grid purchasing cost.

However, the improvement becomes marginal when
the storage capacity further increases from 1.5×
to 2.0×. For TC-LEG, the operating cost decreases
only from 0.790 to 0.786, and the curtailment rate
decreases from 4.1% to 3.8%. This indicates that
simply increasing storage capacity cannot indefinitely
improve energy management performance. Once the
main renewable surplus has been absorbed, additional
storage provides limited benefit. This observation is
useful for energy planning because it suggests that
storage sizing should consider both economic benefit
and marginal utilization efficiency.

TC-LEG consistently outperforms MPC and GNN-RL
under all storage capacity settings. The advantage is
especially clear under limited storage capacity, where
the system must carefully decide whether to charge
batteries, activate supercapacitors, curtail renewable
energy, or purchase power from the grid. The proposed
latent execution graph improves the coordination
among these actions, enabling more efficient use of
limited storage resources.

Sensitivity to prediction horizon. Table 7 analyzes the
influence of the prediction horizon Tp. When Tp = 3, the
model has limited look-ahead information and cannot
fully anticipate future renewable fluctuations and load
changes, resulting in a higher operating cost of 0.842.
Increasing the horizon to 6 and 12 improves the cost
and voltage performance because the control sequence
generator can plan storage dispatch and curtailment
decisions over a longer temporal window. The best
operating cost is achieved when Tp = 12.

However, increasing the horizon to 24 does not
further improve performance. Instead, the operating
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Table 7. Sensitivity analysis under different prediction horizons 
on the IEEE 33-bus system

Tp Ctotal ↓ Rvolt ↓ Rfeas ↑ Tinfer ↓
3 0.842 1.3 98.2 11.8 ms
6 0.819 1.0 98.7 15.4 ms

12 0.811 0.9 98.5 18.6 ms
24 0.824 1.1 97.8 30.7 ms

cost increases to 0.824, and the action feasibility rate
decreases to 97.8%. This is because longer-horizon
sequence generation accumulates more uncertainty and
increases the difficulty of maintaining physical feasi-
bility over all future steps. In addition, the inference
time increases from 18.6 ms at Tp = 12 to 30.7 ms at
Tp = 24. Therefore, Tp = 12 provides a reasonable trade-
off among economic performance, voltage security, fea-
sibility, and computational efficiency. This result also
suggests that energy-aware sequence generation should
balance long-term planning capability with uncertainty
accumulation and online dispatch requirements.

4.9. Ablation Study
To analyze the contribution of each component in TC-
LEG, we conduct ablation experiments on the IEEE 33-
bus system. The following variants are evaluated:

• w/o Physical Graph: The physical grid graph
encoder is removed, and node features are directly
fed into the sequence generator.

• w/o Latent Execution Graph: The latent execu-
tion graph is removed, and the generator relies
only on physical grid representations.

• w/o Topology Mask: The topology-aware discrete
action mask is removed.

• w/o Digital Twin Verification: The generated
control sequence is directly executed without
digital twin safety verification.

• w/o Energy Loss: The energy-aware cost loss is
removed during training.

• Full TC-LEG: The complete proposed framework.

The results are reported in Table 8 and Fig. 5.
Removing the physical grid graph increases the voltage
violation rate from 0.9% to 2.6% and decreases
the action feasibility rate from 98.5% to 94.1%.
This confirms that physical topology information is
essential for secure power grid operation, because
voltage profiles and line loading conditions are strongly
determined by the bus-branch structure.

Table 8. Ablation study of the proposed TC-LEG framework on 
the IEEE 33-bus system

Variant Ctotal ↓ Rvolt ↓ Rcurt ↓ Rfeas ↑
w/o Physical Graph 0.876 2.6 6.2 94.1
w/o Latent Execution Graph 0.849 1.5 5.7 97.4
w/o Topology Mask 0.838 3.2 5.5 90.8
w/o Digital Twin Verification 0.824 2.1 5.0 93.6
w/o Energy Loss 0.858 1.1 6.7 98.1
Full TC-LEG 0.811 0.9 4.9 98.5

Removing the latent execution graph increases
the operating cost from 0.811 to 0.849 and the
renewable curtailment rate from 4.9% to 5.7%. This
shows that the latent execution graph contributes
mainly to economic dispatch and renewable utilization
by improving the coordination among heterogeneous
actions. Without action-level dependency modeling,
the model may still generate feasible actions, but the
temporal cooperation among supercapacitor response,
battery dispatch, renewable curtailment, and demand
response becomes weaker.

Removing the topology mask causes the most severe
drop in action feasibility, from 98.5% to 90.8%,
and increases the voltage violation rate to 3.2%.
This indicates that topology-aware action masking
is critical for preventing invalid discrete actions,
such as infeasible switching or storage operations at
inappropriate nodes. Removing digital twin verification
also reduces feasibility and increases voltage violations,
demonstrating that post-generation safety checking is
necessary because some violations can only be detected
through power flow simulation. Finally, removing
the energy-aware loss increases the operating cost
and renewable curtailment rate, confirming that the
proposed training objective helps the model optimize
energy-related goals rather than merely imitating
expert actions.

Overall, the ablation results show that each com-
ponent contributes to TC-LEG from a different per-
spective: physical topology modeling improves security,
latent execution graph learning improves coordination,
action masking improves feasibility, digital twin verifi-
cation improves safety, and energy-aware loss improves
economic and renewable-energy performance.

5. Conclusion
This paper proposed TC-LEG, a topology-constrained
latent execution graph learning framework for sequen-
tial energy management in digital-twin smart grids.
The physical grid graph represents electrical connectiv-
ity and operating states, whereas the latent execution
graph represents directed conditional dependencies
among action tokens. TC-LEG combines these repre-
sentations with a hybrid discrete–continuous sequence
generator and a closed-loop digital-twin verification
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Figure 5. Ablation study of the proposed TC-LEG framework on the IEEE 33-bus system. Four evaluation metrics are reported: 
normalized total operating cost, voltage violation rate, renewable curtailment rate, and action feasibility rate. The results show that 
physical topology modeling, latent execution graph learning, topology-aware action masking, digital twin verification, and energy-aware 

optimization are all necessary for achieving secure, feasible, and cost-efficient smart grid energy management

mechanism. The verification module synchronizes the
current virtual state, checks each candidate action,
projects infeasible candidates onto a state-dependent
feasible set, advances the virtual state using the
accepted action, and feeds the accepted action back to
subsequent decoding.

Experiments on the IEEE 33-bus and IEEE 69-
bus systems show that TC-LEG reduces normalized
operating cost, voltage violations, and renewable
curtailment while maintaining high action feasibility.
On the IEEE 33-bus system, it achieves a normalized
operating cost of 0.811, a voltage violation rate of 0.9%,
a renewable curtailment rate of 4.9%, and an action
feasibility rate of 98.5%. Its inference latency remains
far below the 15-minute control interval used in the
experiments.

Several limitations should be acknowledged. First,
model performance depends on the coverage and
quality of expert trajectories obtained from historical

records, optimization solvers, or digital-twin simula-
tions. Second, the current device and network mod-
els simplify some dynamic, protection, and commu-
nication effects, and errors in the digital-twin model
may propagate to verification and correction decisions.
Third, the experiments use benchmark distribution sys-
tems and therefore do not fully reproduce the scale,
data quality, organizational constraints, and heteroge-
neous equipment found in real distribution networks.
Finally, the current digital twin uses interval-based
state synchronization and offline-calibrated parameters
rather than continuous online model calibration. Future
work will investigate uncertainty-aware training, online
twin calibration, more detailed device and protection
models, communication delay and measurement noise,
and validation on utility-scale distribution networks.
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