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ABSTRACT 
 Service restoration after fault isolation is critical to 
distribution network reliability, yet existing 
reconfiguration research stops at the final topology and 
overlooks the switching sequence that dispatch actually 
requires. This paper proposes a zero-shot LLM reasoning 
framework that generates an ordered, physically feasible 
switching sequence toward a target topology. Graph-
theoretic topology logic and device constraints are 
embedded into prompts; a Chain-of-Thought paradigm 
decomposes the task into fault isolation, topology and 
outage analysis, service restoration, and load transfer; 
and a self-reflection mechanism validates feasibility and 
topological compliance. Validation on the IEEE 33-bus 
system confirms the framework's effectiveness and 
interpretability. 
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1. INTRODUCTION 
As the final stage in delivering electricity to end 

users, the distribution network bears the responsibility 
of containing stochastic faults and rerouting interrupted 
loads onto healthy feeders. This restoration of service 
stands among the foremost safeguards of supply 
reliability[1]. A range of established techniques---
mathematical programming, multi-agent coordination[2], 
and deep reinforcement learning[3]---are able to deliver 
effective restoration strategies, yet they do not specify 
the operational sequence of the switches. Modeling the 
switching sequence during distribution network 
reconfiguration as a multi-stage temporal optimization 
problem leads to a significant increase in computational 
burden as the system scales up and scenarios become 
more complex[4], making it difficult to meet the rapid 
response requirements of today's increasingly complex 
distribution systems. 
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Large language models have recently emerged as a 
powerful new tool for intelligent decision-making in 
power systems[5], supporting tasks ranging from dispatch 
optimization[6], secure grid operation[7] and multi-agent 
coordination[8]. These capabilities suggest an alternative 
route to sequential switching decisions: rather than 
solving a numerical optimization model, the operating 
rules and topological logic can be expressed in natural 
language, and the model can reason through the 
restoration process step by step in a zero-shot manner, 
without task-specific training data. 

To address these challenges, this paper proposes a 
constraint-guided zero-shot LLM framework that directly 
generates physically executable switching sequences for 
distribution network service restoration. The main 
contributions are summarized as follows: 

1) A constrained sequential decision-making model 
is established to address the problem of generating 
switching operation sequences. The model incorporates 
switchgear types and the travel times of repair crews. 
The restoration objective considers both restoration 
efficiency and operational complexity. 

2) A constraint-guided zero-shot reasoning 
framework is developed that encodes topology 
knowledge, switching-device characteristics, fault 
information, and restoration objectives into structured 
prompts, and decomposes the reasoning into four 
physically meaningful stages through a chain-of-thought 
paradigm. 

3) A dual-layer verification and self-correction 
mechanism is designed that decouples generation from 
validation and enforces physical-constraint compliance 
and topology consistency in a closed feedback loop, 
ensuring the executability of the generated sequence. 

2. PROBLEM FORMULATION 

2.1 Restoration as a Constrained Sequential Decision 
Problem 
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The distribution network is represented as an 
undirected graph ( , )G V E= , where V  is the set of 

nodes and E  is the set of branches, each associated 
with a switching device and an open/closed state. After 
a permanent fault occurs, advanced automation with 
double-terminal protection rapidly isolates the faulted 
component, and service is restored through remote 
network reconfiguration. The objective of restoration is 
therefore not merely a target topology, but an ordered 
switching sequence 

 
1 2{ , , , }NS a a a=   

where each action ( , )k k ka e =  denotes operating 

device 
ke E  to state {open, close}k  , and N  is 

the total number of operations. Starting from the faulted 
network state, the application of the sequence drives the 
system through intermediate states until the final 
restored topology is reached. The problem is to find the 
sequence S  that minimizes a composite cost while 
satisfying all physical and operational constraints. 

2.2 Optimization Objective 

The switching sequence is evaluated by an objective 
function that balances restoration efficiency against 
operational complexity and risk: 

 min restore switch riskJ T N R  = + +  

where 
restoreT  is the restoration time, 

switchN  is the 

number of switching operations, and 
riskR  is an 

operational-risk index reflecting branch loading margins 
and voltage deviations along the restoration trajectory. 
The non-negative weights  ,  , and   trade off 

restoration speed, operational complexity, and security, 
respectively, and are set according to dispatch 
preferences. 

The restoration time is composed of two parts: the 
cumulative duration of the switching operations and any 
waiting time imposed by crew-based fault repair, 
expressed as 

 restore opk repairT k T=  +  

 reapir travel fixT t t= +  

Where, opk  is the operating time of the k -th 

switching action, which depends on the device type (a 
remotely controlled switch acts almost instantaneously, 
whereas a manually operated switch incurs a longer 

delay), and reapirT  is the fault-repair time contributed by 

the repair crew, comprising the crew travel time 
travelt

from the crew station to the fault location and the on-

site repair duration fixt . 

2.3 Constraints 

The generated sequence must satisfy the following 

constraints throughout its execution: 

1) Target-topology constraint: the network state 
after applying the full sequence S must coincide with a 
feasible restored topology in which all restorable loads 
are re-energized. 

2) Device-coordination constraints: operations must 
respect the fault-current interruption capability of each 
device; a load-break switch (LBS) cannot interrupt fault 
current, so an upstream circuit breaker (CB) must act first 
when a fault lies on an LBS-equipped branch. 

Equipment Type 
Fault Current 

Interruption 
Load Current 

Interruption 

Circuit breaker (CB) Yes Yes 

Load-break switch (LBS) No Yes 

Table 1 Operating characteristics of switching equipment 

3) Radiality constraints: the network must remain 
radial (loop-free and island-free for energized nodes) at 
every intermediate step, in accordance with the “make-
before-break” principle during load transfer. 

4) Supply-restoration constraints: each restored 
node must be connected to an energized source through 
a path whose branch loadings and node voltages remain 
within their permissible limits. 

Algorithm 1  Constraint-Guided Switching Sequence 
Generation 

 

3. DECISION ENHANCEMENT BASED ON ZERO-SHOT 
REASONING  

A decision-enhancement framework based on zero-
shot reasoning is proposed. Taking the target topology as 
the objective, and considering multi-source information 
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including network topology, fault location, switch-device 
types, and user core requirements, the framework 
generates a sequential switching scheme under multiple 
constraints and evaluates network operational risk. To 
strengthen the LLM's reasoning in the zero-shot setting, 
three enhancement mechanisms are introduced: 
physical-knowledge embedding, a Chain-of-Thought 
paradigm, and a self-reflection verification mechanism. 
The complete procedure is given in Algorithm 1. 

3.1 Physical Knowledge Encoding 

To make the constraints of Section II tractable for an 
LLM, the post-fault problem is serialized into a structured 
prompt with four blocks: (i) the network topology, 
encoded as a layered description of feeder connectivity 
together with a unified branch table listing endpoints, 
device type, and initial state; (ii) the switching-device 
characteristics of Table I, expressed as explicit 
coordination rules; (iii) the fault information, including 
the faulted component and its protection context; and 
(iv) the restoration objective and the operational 
constraints to be respected. This encoding supplies the 
LLM with all decision-critical information while 
minimizing the structural reconstruction burden, so that 
reasoning effort is devoted to sequencing rather than to 
inferring connectivity. 

3.2 Chain-of-thought 

Switching-sequence generation is a multi-step 

sequential decision problem under strict physical 
constraints. Since LLMs often struggle to maintain 
reasoning consistency and adhere to topological rules in 
long-horizon tasks, a chain-of-thought (CoT) paradigm is 
formulated that decomposes the restoration process 
into four sequential stages. Formally, the reasoning state 
evolves as 

 
LLM( 1) ( ( ), ( ), )S t f S t P t C+ =  

where ( )S t  is the partial switching sequence at 

reasoning step t , ( )P t  denotes the prompt context, 

C  is the constraint set, and 
LLMf  is the autoregressive 

reasoning operator. The four stages are: 

• Fault Isolation: Identifying the specific location 
of the fault and generating the sequence of isolation 
operations. 
• Topology and Outage Analysis: Deducing the 
post-isolation network topology and precisely identifying 
the boundaries of the de-energized outage area. 
• Service Restoration: Locating available tie switch 
connected to the outage area. Close the tie switch to 
restore the outage area. 

• Load Transfer: When multiple load transfers 
exist, network reconfiguration is performed according to 
the "make-before-break" principle.  

By encoding information such as the locations of 
repair sites, estimated travel times, and repair durations 
into the prompt as part of the fault data, thereby 
generating a switching operation sequence with the 
shortest total duration. By decoupling the reasoning 
process, the complexity of the LLM's logical deduction is 
reduced, thereby enhancing the physical compliance and 
interpretability of the generated switching sequence. 

3.3 Self-verification and correction mechanism 

Although CoT effectively standardizes the reasoning 
path, LLMs still suffer from inherent forgetting and 
attention decay when processing ultra-long contexts. To 
output a zero-error operation sequence, self-reflection 
and verification mechanism is constructed to realize self-
correction. Self-verification consists of two components: 
• Physical constraint verification : Validating the 
feasibility and temporal sequencing of switching 
operations, with a specific focus on verifying the auxiliary 
operations of the switches. If physical constraint 
violation occurs, the specific action is targeted for 
correction.  
• Topology consistency verification: Deducing the 
network topology state after the execution of the 
switching actions and comparing it with the specified 
target topology. If an inconsistency is detected, the 
logical reasoning is re-executed.  

Self-verification mechanism forces LLM to re-
evaluate the generated operation sequence before 
outputting the final result, triggering an auto-correction 
process to promptly rectify reasoning hallucinations. 

4. CASE STUDY 
The framework is validated on a modified IEEE 33-

node distribution system, configured with three types of 
switching devices: circuit breakers, load-break switches, 
and tie switches, whose operating characteristics follow 
Table 1. The single-line diagram and the device 
placement of the test scenario are shown in Fig. 1. The 
physical transit network for the repair crews aligns with 

 
Fig. 1 Single-line diagram of the modified IEEE 33-bus 

distribution test feeder 
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the bus topology, with the crews initially positioned at 
Bus 10. 

4.1 Restoration Scenario and Generated Sequence 

A permanent three-phase fault, denoted F1, is 
assumed to occur on line 2–3 at 7:00a.m. A single repair 
crew is introduced and stationed at node 10. As switch 
2–3 is a load-break switch that cannot interrupt fault 
current, the nearest upstream circuit breaker must 
operate as an auxiliary action. After the fault is fully 
isolated, tie switch 8–21 is closed to restore supply to the 
de-energized area. The framework reasons through this 
scenario following the CoT stages and produces the 
switching sequence in Table 2. 

Step Switching Action 

1 Open upstream CB (auxiliary) 

2 Open switch 2–3 (LBS, isolate fault) 

3 Close upstream CB (restore healthy section) 

4 Close tie switch 8–21 (restore outage area) 

5 Close tie switch 12–22 (Load transfer) 

6 Open switch 9–10 (Open the loop) 

7 Close tie switch 9–15 (Load transfer) 

8 Open switch 14–15 (Open the loop) 

Table 2 Switching sequence generated for fault F1. 

The generated sequence respects every device-
coordination rule: the non-interrupting LBS is operated 
only after the upstream CB has cleared the fault current, 
the action durations follow the per-device operating 
times, and the final topology after closing the tie switch 
matches the predefined target topology. This confirms 
that the framework converts a target topology into an 
executable, physically consistent ordered sequence 
rather than merely a static set of switch states. 

4.2 Evaluation Metrics and Model Comparison 

To quantify the reasoning capability of the 
framework, two evaluation metrics are defined. 
• Constraint Compliance Rate (CCR): Assesses 
whether generated sequences strictly satisfy the 
operating rules and physical constraints, calculated as 
the proportion of physically valid operations to the total 
test cases. 
• Node State Accuracy (NSA): Evaluates the 
model's topological comprehension, calculated as the 
proportion of nodes with correctly predicted 
energization states. 

GPT-5.4 and GLM-5 are selected as the foundational 
LLMs. It is worth noting that GLM-5 is an open-source 
model that supports local deployment and offline 
inference. The results indicate that under the decision 
enhancement framework, both LLMs can achieve a 100% 
accuracy rate in generating the switching operation 
sequences. The two models show distinct reasoning 
performance characteristics: GPT-5.4 shows better 
stability in numerical accumulation and long-sequence 
state tracking, whereas GLM-5 shows stronger 
performance advantages in complex topology search 
such as multi-branch traversal and node tracing. The 
results are reported in Table 3. 

Test System LLM CCR NSA 

IEEE 33 
GPT-5.4 100% 98.97% 

GLM-5 100% 100% 

Table 3 Zero-shot reasoning performance on IEEE33 system 

4.3 Extended Cases 

To assess cross-system generalizability, the 
framework is further evaluated on the larger IEEE 123-
node test feeder. A permanent three-phase fault is 
assumed to occur on line 53–119. As line 53–119 is not 
equipped with a circuit breaker, auxiliary operation 
occurs under the current fault scenario. 

On the larger IEEE 123-node feeder, both models 
show a moderate reduction in NSA (97.60% and 97.25%), 
indicating that long-sequence node-state tracking 
becomes more challenging as network scale grows, while 
the perfect CCR is preserved. These results confirm that 
the framework generalizes across systems of markedly 
different scale, and that model selection can be guided 
by whether topological reasoning or numerical risk 

2

4 6 7

5

3

8 9

10

15

12

11

14

35

16 1817
13

192021

2223

2425

26
2728

34
32

33

29

30 31 121

49 48 50 51 52 117 112 111 113 114

115110109

106

102

98

122

68

73

77

87

78 79 80

81

828384 85

8688

89

90

91

92

95

56 5755

585960 61

63

64

6566

67

5453119
74 75 76

69 70 71 72

99 100 101 116

107 108

103 104 105

93

94

97

96

45 46 47

43 44

41 42

120
36

38 37 39 40

62

118

1

123

124

Closed

Opened

CB

Tie Switch

 

 

 
Fig. 2 Single-line diagram of the modified IEEE 123-

bus distribution test feeder 
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assessment is the dominant concern in a given 
application. 

Test System LLM CCR NSA 

IEEE 123 
GPT-5.4 100% 97.60% 

GLM-5 100% 97.25% 

Table 4 Zero-shot reasoning performance on IEEE123 system 

5. CONCLUSIONS 
This paper proposed a zero-shot LLM reasoning 

framework that generates the switching-action 
sequence required to realize a target topology in 
distribution-network service restoration, addressing the 
gap between final-topology reconfiguration and the 
time-ordered operations that dispatch actually requires. 
The framework couples power-system physical logic with 
LLM reasoning through three mechanisms: physical-
knowledge embedding that encodes graph-theoretic 
topology tracing and device constraints into structured 
prompts; a Chain-of-Thought paradigm that decomposes 
restoration into fault isolation, topology and outage 
analysis, service restoration, and load transfer; and a 
self-reflection verification mechanism that 
autonomously enforces physical and topological 
consistency. Future work will extend the framework to 
larger systems and scenarios with greater branching and 
more frequent load transfers, and will integrate 
quantitative power-flow validation more tightly into the 
verification loop. 
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