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Abstract— Designing high frequency wireless power transfer 

(WPT) systems typically involve complex modeling, simulation, 

and prototyping steps that demand significant time and 

expertise. In this study, we adopted and extended a previously 

proposed large language model (LLM) based design framework 

to accelerate design process. Seven customized generative 

pretrain transformers (GPT) based agents were developed using 

specific design guidance in WPT design to improve the accuracy 

of the generated outputs. A total of seven generated designs 

proposed by each agent were evaluated using the same design 

prompt. The generated designs were compared against four 

mathematical models based on design accuracy, completeness, 

and design time. The most accurate design was validated using 

PSIM and 3D Ansys simulation. The results demonstrate the 

potential of LLM-driven workflows to significantly reduce 

design effort and time while maintaining high reliability in WPT 

system development. 

Keywords— LLM-assisted design, Wireless power transfer, 

high frequency, artificial intelligence, power electronics, AI 

agents. 

I. INTRODUCTION 

Electrical systems remain a core component of global 
energy development and utilization [1]. The advancement of 
electrical systems is central to energy strategies, particularly 
in sectors requiring compact, efficient, and high performance 
power solutions. High frequency wireless power transfer 
(HFWPT) systems have gained traction as a viable technology 
for applications such as electric vehicles [2], [3], biomedical 
implants [4], and industrial automation where physical 
connectors are impractical or undesirable. These systems offer 
advantages including reduced system weight, minimized 
spatial footprint, and enhanced transmission efficiency. 
However, the conventional design process for power 
electronic (PE) systems, including HFWPT, remains highly 
complex, labor intensive, and time consuming [5], [6]. It 
typically spans multiple interdependent stages ranging from 
conceptual design and mathematical modeling to simulation, 
optimization, prototyping, and validation [7]. Each step 
demands precise engineering calculations and expert 
judgment, making the process vulnerable to human error and 
inefficiencies. 

Streamlining design process can lead to significant 
reductions in development time and cost, while also 
improving the performance, reliability, and scalability of 
power systems. Recent efforts in power electronics research 

have leveraged computational tools and machine learning to 
support specific stages of the design process [8], [9], [10]. For 
example, some recent studies have applied neural networks 
for parameter optimization [11], while others have explored 
automatic circuit layout generation using machine learning 
[12]. However, a critical gap remains in the exploration of 
recent advancements in artificial intelligence (AI) particularly 
generative AI and large language models (LLMs).  

Existing studies often overlook the potential of these 
models to deliver intelligent, contextual design support across 
the entire workflow. To address this gap, this paper adopted a 
novel framework based on LLM generative AI design 
introduce in our previous study as reported in [13]. The 
present work extends that framework through multi-agent 
benchmarking, and statistical validation. The wireless power 
transfer system (WPT) was entirely designed using an LLM-
AI called High Frequency Power Electronic (HFPE-AI) 
specifically created 7 agents based on OpenAI’s platform. We 
evaluate the design capabilities using a standardized prompt 
and compare the output with conventional mathematical 
modeling. The best designs were validated using Ansys 3-D 
finite element method (FEM) for the coil and PSIM simulation 
for system level performance. The key contributions of this 
paper are:  

I. A quantitative benchmarking framework for evaluating 
LLM generated designs in terms of design time, 
accuracy and completeness. 

II.    A comprehensive comparative evaluation of seven fine 
tuned LLM agents (HFPE series) to assess prompt driven 
design robustness. 

III. Proposed a two stage validation of LLM design process 
combining mathematical modeling and simulation. 

The rest of the paper is organized as follows: Section II 
presents the proposed LLM driven design framework 
methodology. Section III describes the mathematical 
modeling and simulation setup. Section IV presents results 
and performance comparisons. Section V concludes the paper. 

II. PROPOSED LLM METHODOLOGY 

In this study, we refer to each of the HFPE-AI model 
version created such as 4o, o3, 4o-mini, 4o-mini-high, 4.5, 4.1, 
4.1-mini as distinct "LLM agents," each representing a unique 
configuration of fine-tuned model capabilities, response 
behaviors, and computational efficiency. The proposed 
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framework utilizes various generative pretrain transformer 
GPT based agents to automate the entire design process of a 
WPT system as shown in Fig.1. Structured prompts were 
developed to sequentially guide the language model through 
tasks such as coil geometry specification, resonant circuit 
design, and component selection. The output generated was 
iteratively refined through prompt chaining until a complete 
design solution was achieved. This process enables rapid 
prototyping while minimizing human intervention, errors, and 
repetitive calculations. The framework bridges the gap 
between AI-generated natural language responses and 
practical engineering implementations. The LLM agent 
instructions structure and corresponding pseudocode are 
provided in the accompanying GitHub repository [14]. 

 

Fig. 1. Design workflow of LLMs AI for wireless power. 

A. Prompt Engeneering Power Electronic Design 

Evaluation Metrics 

To assess the effectiveness of the LLM generated designs, 
we proposed three core metrics which include design time, 
accuracy, and completeness. Design time saving (𝛥𝑇) was 
measured as the total duration from initial prompt input to 
generation of a proposed design ready for simulation or 
fabrication given by (1). Accuracy refers to how closely the 
LLM generated circuit parameters and coil specifications 
match validated conventional mathematical results which is a 
function of the absolute summation of the percentage 
difference (%Δ) as defined in (2). Completeness evaluates 
whether the design output includes all required design 

parameter for a working system. It quantifies how many of the 
AI-generated design outputs fall within an acceptable error 
margin of  5% compared to reference values. A higher 
completeness score indicates greater reliability and 
consistency in the AI's performance as defined in (3). These 
metrics allow for a quantitative and qualitative assessment of 
the LLM performance and its viability as a design assistant in 
power electronics. This reflects how consistently the AI 
method performs across a full design task. 

𝐷𝑒𝑠𝑖𝑔𝑛 𝑡𝑖𝑚𝑒 𝑠𝑎𝑣𝑖𝑛𝑔 𝛥𝑇 = (1 −
𝑇𝐴𝐼 

𝑇𝑁𝑜𝑛−𝐴𝐼  
) × 100 (1) 

 𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 = 100% − (
∑ |%𝛥| 

𝑛 
)  (2) 

𝐶𝑜𝑚𝑝𝑙𝑒𝑡𝑒𝑛𝑒𝑠𝑠 (%) = (
𝑁𝑤𝑖𝑡ℎ𝑖𝑛 𝑡ℎ𝑟𝑒𝑠ℎ𝑜𝑙𝑑  

𝑁𝑡𝑜𝑡𝑎𝑙  
) × 100% (3) 

Where 𝑁𝑤𝑖𝑡ℎ𝑖𝑛 𝑡ℎ𝑟𝑒𝑠ℎ𝑜𝑙𝑑 is the number of predictions 
within the predefined accuracy threshold and 𝑁𝑡𝑜𝑡𝑎𝑙  is the 
total number of predictions made. where 𝑇𝐴𝐼 is the time taken 
using the AI method and 𝑇𝑁𝑜𝑛−𝐴𝐼   is the time using 
conventional design methods. A higher ΔT indicates a more 
significant time saving benefit. 

III. MODELLING AND SIMULATION 

A. Mathematical Design of WPT  

Conventional mathematical model of WPT system was 
developed to establish a performance. The model incorporates 
key equations to determine skin depth, resistance (DC and 
AC), inductance, parasitic and compensation capacitance, 
quality factor (Q), and maximum theoretical power transfer 
efficiency (ηₘₐₓ). These calculations used standard physical 
constants and assumed a flat spiral coil geometry operating at 
85 kHz. The model served as a benchmark for evaluating the 
accuracy and validity of the LLM generated designs. A 
standard series-series compensated WPT system is illustrated 
in Fig. 2 (a). The components 𝐶1, 𝐶2 and 𝐿1, 𝐿2 are capacitors 
and coils inductance which are configured to achieve 
resonance, thereby enhancing power transfer efficiency. 
Assuming 𝑉 represents the source voltage, and the 𝑗𝜔 terms 
capture the reactive impedances of the primary and secondary 
circuits, as defined in (4) and (5), respectively. Fig. 2 (b) and 
(c) show the coil geometry and fabricated coil based on the 
best LLM-AI generated design. The fabricated coil confirmed 
the coil layout spatial alignment and shape. 

 

Fig. 2. (a) simplified circuit diagram of series-series HFWPT system (b) flat 

spiral coil geometry (c) fabricated coil. 
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𝑉 = (𝑅1 + 𝑅𝑠 +  𝑗𝜔𝐿1 +
1

𝑗𝜔𝐶1
)𝐼1 + 𝑗𝜔𝑀𝐼2         (4) 

0 = (𝑅𝐿 + 𝑅2 +𝑗𝜔𝐿2 +
1

𝑗𝜔𝐶2
)𝐼2 + 𝑗𝜔𝑀𝐼1            (5) 

Where, 𝑅𝑠 denotes the source resistance, while 𝑅1 and 𝑅2 
represent the resistances in the primary and secondary circuits, 
respectively. RL models the electrical load connected to the 
receiver. The currents 𝐼1 and 𝐼2 indicate the current flow in the 
primary and secondary circuits. At the resonant frequency, the 
inductive and capacitive reactance cancel each other, as 
described by (6) and (7), thereby minimizing reactive losses 
and maximizing power transfer efficiency. 

  𝑉𝑠 = (𝑅1 + 𝑅𝑠)𝐼1 +  𝑗𝜔𝑀𝐼2            (6) 

  0 = (𝑅𝐿 + 𝑅2)𝐼2 +  𝑗𝜔𝑀𝐼1           (7) 

The impedance of primary circuit coil and secondary 
circuit 𝑍2 is define by (8) and (9).  

  𝑍1 = 𝑅1 + 𝑅𝑠 +  𝑗𝜔𝐿1 +
1

𝑗𝜔𝐶1
           (8) 

  𝑍2 = 𝑅𝐿 + 𝑅2 +𝑗𝜔𝐿2 +
1

𝑗𝜔𝐶2
           (9) 

When (8) and (9) is substituted in (4) and (5) is simplified 
to (10) and (11). Solving for 𝐼1 and 𝐼2  using (12), (13), and 
(14) gives (15) and (16). The resonance frequency is given by 
(17).  

𝑉𝑠 = 𝑍1𝐼1 + 𝑗𝜔𝑀𝐼2             (10) 

0 = 𝑍2𝐼2 + 𝑗𝜔𝑀𝐼1              11) 

𝐼2 = −
𝑗𝜔𝑀𝐼1

𝑍2
              (12) 

𝑉𝑠 = 𝑍1𝐼1 +
𝑗𝜔𝑀(−𝑗𝜔𝑀𝐼1)

𝑍2
          (13) 

𝑉𝑠 = 𝐼1 (𝑍1 +
𝜔2𝑀2

𝑍2
)            (14 ) 

𝐼1 =
𝑉𝑠𝑍2

𝑍1𝑍2+𝜔2𝑀2            (15)  

𝐼2 = −
𝑗𝜔𝑀𝑉𝑠

𝑍1𝑍2+𝜔2𝑀2             (16) 

𝑓𝑜 =
1

2𝜋√𝐿𝑜𝐶𝑜
     (17) 

For a flat spiral coil geometry as shown in Fig. 2(b) with 
outer diameter 𝐷𝑜  given by 𝐷𝑜 = 𝐷𝑖 + 2𝑁(𝑤𝑡 + 𝑝), inner 
diameter 𝐷𝑖 , wire thickness 𝑤𝑡  , pitch 𝑝  and parasitic 
capacitance 𝐶𝑝 = 0.035𝐷𝑜 + 0.06, the inductance is given by 

(18). The resonance capacitance 𝐶𝑜 can be obtain with (17) if 
𝑓𝑜  is define. The coil DC resistance 𝑅𝐷𝐶 , and effective 
resistance 𝑅 are given in (19). The 𝑄 factor and the maximum 
theoretical efficiency 𝜂max _𝑡ℎ𝑒𝑜𝑟𝑒𝑡𝑖𝑐𝑎𝑙 are given by (20) and 

(21), respectively. 

 𝐿𝑜 =
39.37 𝑁𝑜

2 (𝐷𝑜−𝑁𝑜 (𝑤𝑡+𝑝))2

16𝐷𝑜  +28𝑁𝑜 (𝑤𝑡+𝑝)
  [µ𝐻]  (18) 

𝑅 = 𝑅𝐷𝐶
𝑤𝑡

4δ
,  𝑅𝐷𝐶 =

𝑙

σπ(𝑤𝑡/2)2,  δ =
1

√𝜋𝑓𝑠𝜎𝜇𝑜
    (19) 

 𝑄 =
𝜔𝐿𝑒𝑞

𝑅𝑒𝑞
=

𝑋𝑒𝑞

𝑅𝑒𝑞
=

𝜔(𝐿−𝐶𝑝𝑅2
𝑜 

− 𝐶𝑝𝐿2𝜔2

𝑅
   (20) 

𝜂max _𝑡ℎ𝑒𝑜𝑟𝑒𝑡𝑖𝑐𝑎𝑙 =
𝑘2𝑄1𝑄2

(1+√1 + 𝑘2𝑄1𝑄2)2
, where 𝑘 =

𝑀

√𝐿1𝐿2
   (21) 

B. Simulation of LLM-Generated Designs 

To verify the LLM generated design, a circuit level 
simulations were performed using PSIM version 3.0.60-2022 
due to its widely adoption in power electronics and resonant 
converter analysis. The primary objective was to confirm that 
the LLM-generated geometry could operate as expected when 
powered, providing a practical check of the AI-guided design 
pipeline. Seven different designs where generated, each 
design generated by each agent as shown in Table I. The best 
performing agent based on the evaluation metrics presented in 
section II was simulated. 

The agent proposed a flat spiral geometry with 10 turns, a 
trace width of 3.5 mm  a pitch of 3.8 mm  and an outer 
diameter of appro imately 82.5 mm to comply with a 
ma imum total wire length of 1300 mm. For optimal 
performance at 85 kHz  the AI recommended a 450-strand 
 itz wire with individual strand diameters of 0.1 mm  selected 
to reduce skin effect losses. The simulated system architecture 
mirrored the AI-suggested parameters, including the number 
of turns, coil dimensions, Litz wire specifications, and 
compensation capacitance values. The objective was to 
validate the resonance behaviour, current and voltage 
waveforms, and power transfer efficiency at system level. 
ANSYS electronic version 2021 R2 was used to visualized 
and conduct electromagnetic field analysis. This study 
prioritised the end to end AI-driven design and its electrical 
performance based on the two simulation. However, the coil 
was fabricated as shown in Fig. 2 (c), directly based on the 
parameters generated by the best performing LLM agent.  

IV. RESULTS AND ANALYSIS 

Table I presents a comprehensive comparison of multiple 
large language model (LLM) AI agents evaluated for their 
ability to design a wireless power transfer (WPT) system 
based on prompt driven outputs. The evaluation is categorized 
into three core metrics: response time (design time), accuracy 
deviation from validated models, and design completeness 
score. Among the tested models, HFPE-4o and its variants 
(4o-mini-high, and 4.1) demonstrated remarkable consistency 
in producing physically meaningful designs that closely match 
reference values obtained through mathematical modeling. 
Notably, HFPE-4o achieved a maximum theoretical 
efficiency (ηₘₐₓ) of 98.42% with negligible deviation in key 
parameters such as inductance (105.84µH), resistance (0.09 
Ω)  and resonance capacitance (33.12nF)  while completing 
the design process in just 30 seconds representing a 99.17% 
reduction in time compared to conventional 1hour modeling. 

In contrast, other agents such as HFPE-3.5 (o3) and 4.1-
mini exhibited significant limitations, with one producing an 
unphysical coupling coefficient (k ≈ 0.00) and another 
yielding an e treme quality factor (Q ≈ 15 453) indicative of 
instability. While HFPE-4.5 offered extremely high 
theoretical performance (ηₘₐₓ = 99.58%)  it introduced 
anomalies in other components like resonance capacitance 
and quality factor, suggesting potential issues with model 
balance. Design completeness scores further highlight the 
robustness of the newer HFPE-4o series, achieving up to 
92.86% completeness compared to only 35.71% in some other 
variants. Overall, HFPE-4o and HFPE-4.1 demonstrated the 
most accurate, complete, and efficient design responses, 
making them strong candidates for AI-driven WPT system 
development in academic and industrial applications. 

 



TABLE I.  COMPARISON OF LLM -AI AGENTS BASED ON PROMPT RESPONSE TIME, ACCURACY DEVIATION, AND DESIGN COMPLETENESS SCORE. 

  Mathematical Modelling of LLM-AI Proposed 
Design 

WPT As Proposed by HFPE LLM-AI Driven Design 

Parameter Unit 

Model 1  
(4o, 4o-

mini, 
4o-mini-

high, 
4.1) 

Model 2 
(o3) 

Model 3 
(4.5) 

Model 4 (4.1-
mini) 

HFPE 
4o 

%Δ 
HFPE 

o3 
%Δ 

HFPE 
4o-mini 

%Δ 

HFPE 
4o-

mini-
high 

%Δ 
HFPE 

4.5 
%Δ 

HFPE 
4.1 

%Δ 

HFPE 
4.1-
mini 

%Δ 

 ki    p h (δ) mm 0.23 0.23 0.23 0.23 0.23 0.01 0.23 0.15 0.23 0.01 0.23 0.01 0.23 0.15 0.23 0.15 0.23 0.15 

Number of Turns 
(N) 

– 10.00 9.00 10.00 10.00 10.00 0.00 9.00 0.00 10.00 0.00 10.00 0.00 10.00 0.00 10.00 0.00 10.00 0.00 

Outer Diameter 
(Do) 

mm 82.51 76.00 114.40 77.90 82.51 0.00 76.00 0.00 82.51 0.00 82.51 0.00 114.40 0.00 82.50 -0.01 77.90 0.00 

Trace Width (wt) mm 3.50 3.50 3.50 3.50 3.50 0.00 3.50 0.00 3.50 0.00 3.50 0.00 3.50 0.00 3.50 0.00 3.50 0.00 

Pitch Size (p) mm 3.80 3.80 3.80 3.80 3.80 0.00 3.80 0.00 3.80 0.00 3.80 0.00 3.80 0.00 3.80 0.00 3.80 0.00 

Wire Length (l) mm 1300.00 1220.00 1300.00 1300.00 1300.00 0.00 1220.00 0.00 1300.00 0.00 1300.00 0.00 1300.00 0.00 528.00 -59.38 1300.00 0.00 

Litz Wire 
Recommended 

strands 
× mm 

450 × 
0.1 

450 × 0.1 
450 × 
0.1 

450 × 0.1 
450 × 

0.1 
451 × 

0.1 
450 × 
0.10 

451 × 
0.10 

450 × 
0.10 

451 × 
0.10 

451 × 
0.10 

452 × 
0.10 

452 × 
0.10 

453 × 
0.10 

453 × 
0.10 

454 × 
0.10 

454 × 
0.10 

455 × 
0.10 

DC Resistance 
(RDC) 

Ω 0.02 0.02 0.02 0.02 0.02 0.02 0.02 1.09 0.02 0.02 0.02 0.02 0.02 0.02 0.00 -95.94 0.00 -90.00 

AC Resistance (R) Ω 0.09 0.08 0.09 0.09 0.09 -0.03 0.09 1.19 0.09 -0.03 0.09 -0.03 0.09 -0.03 0.00 -95.94 0.01 -90.00 

Inductance (L) µH 105.84 110.72 1741.65 28.73 105.84 0.00 110.70 -0.02 105.84 0.00 105.84 0.00 1.74 -99.90 105.50 -0.32 28.50 -0.79 

Parasitic 
Capacitance (Cp) 

pF 2.95 2.72 4.06 2.79 2.95 0.07 2.72 0.00 2.95 0.07 2.95 0.07 0.06 -98.43 2.95 0.07 2.79 0.13 

Resonance 
Capacitance (C) 

nF 33.12 31.66 2.01 122.04 33.12 -0.01 31.70 0.11 33.12 -0.01 33.12 -0.01 2010.00 99752.13 33.20 0.23 123.00 0.79 

Quality Factor (Q) – 572.63 640.48 
-

10538.83 
166.72 572.63 0.00 692.00 8.04 572.60 0.00 572.60 0.00 103.30 -100.98 15453.00 2598.62 1693.00 915.50 

Coupling 
Coefficient (k) 

– 0.20 1.74 0.04 0.00 0.20 0.01 0.20 
-

88.52 
0.20 -0.04 0.20 -0.04 0.20 345.08 0.20 -0.04 0.20 

Very 
high 

Max theoretical 
Efficiency (ηₘₐₓ) 

% 98.42 99.82 99.58 0.00 98.42 0.00 98.60 -1.22 98.40 -0.02 98.42 0.00 90.00 -9.62 90.80 -7.74 99.41 
Very 
high 

Design Time s 3600 3600 3600 3600 30  342  32  62  230  50  48  

Evaluation Metrics (Indicators) 

Design Time 
save (%) 

99.17  90.50  99.11  98.28  93.61  98.61  98.67  

Accuracy 99.99  92.83  99.98  99.99  Very 
Low 

 Very Low  Very 
Low 

 

Completeness 92.86  50.00  92.86  92.86  50.00  35.71  35.71  



Fig.3 presents the PSIM simulation results of the wireless 
power transfer (WPT) system designed using a Large 
Language Model (LLM) driven framework. The simulation 
displays time domain waveforms for the primary current 𝐼𝑝𝑟𝑖, 

inverter output voltage  𝑉𝑝𝑟𝑖 , secondary current 𝐼𝑠𝑒𝑐 , and 

secondary voltage 𝑉𝑠𝑒𝑐 . The primary current waveform is 
sinusoidal and synchronized with the square wave inverter 
output, indicating that the system operates at its resonant 
frequency of 85 kHz. On the secondary side  the clean 
sinusoidal waveforms of both current and voltage confirm 
effective inductive coupling and minimal distortion. From the 
RMS values 𝑉𝑝𝑟𝑖 = 59.96𝑉, 𝐼𝑝𝑟𝑖= 4.22A, 𝑉𝑠𝑒𝑐 = 47.71𝑉 and 

𝐼𝑠𝑒𝑐 = 4.77A. The power transfer efficiency is calculated to 
be approximately 90.2%. This result validates the accuracy of 
the LLM generated coil and circuit parameters, demonstrating 
the potential of AI-assisted design methodologies for rapid 
and high-performance WPT system development.  

 

Fig. 3. PSIM simulation of of best proposed LLM-drven design WPT 

 

Fig. 4. Coil Ansys simulation of best proposed LLM-drven design WPT (a) 

field around primary coil (b) field around secondary coil 

The electromagnetic field distribution was simulated using 
ANSYS Maxwell to evaluate the magnetic coupling 
performance of the LLM driven design. As shown in Fig. 4, 
the magnetic flux density contours around the primary and 
secondary coils confirm strong field confinement and 
symmetric along the coil axis. The flux distribution remains 
concentrated within the core coil region, ensuring efficient 
coupling. Furthermore, Fig. 5 illustrates the vector field 
intensity, with pronounced flux directionality and density 
between the coils highlighting a dominant vertical component 
in the z-axis and confirming high mutual inductance. These 
results support the field-focused design predicted by the LLM-
based approach and validate its electromagnetic compatibility 
for high efficiency wireless power transfer.  

 

Fig. 5. Coil Ansys simulation of best proposed LLM-drven design WPT (a) 

field around primary coil (b) field around secondary coil 

Fig. 6 illustrates the impact of coil separation on magnetic 
performance and transmission efficiency in the LLM-driven 
design. In Fig. 6 (a), both magnetic flux density at the receiver 
(Rx) and the corresponding magnetic field strength (H) 
decrease significantly as distance increases, while the 
transmitter (Tx) maintains a near-constant field. Fig. 6(b) 
correlates this decline in Rx flux with a rapid drop in wireless 
power transfer efficiency (η)  confirming the sensitivity of 
coupling performance to coil alignment. The Tx flux remains 
unaffected, validating that performance degradation stems 
from weakened mutual inductance, not source instability. 
These results underscore the importance of precise coil 
positioning in practical deployment of LLM-designed WPT 
systems. The HFPE-4o design achieves 98.42% theoretical 
efficiency, with PSIM confirming 90.2% and ANSYS 
showing 90.6% efficiency at 2 mm separation; the small 
deviation from theory is attributed to model limitations and 
unmodelled parasitic effects.  



 

Fig. 6. Magnetic and efficiency response of the LLM-driven WPT coil 

design versus distance: (a) Magnetic flux density and field strength variation; 

(b) Impact of coil separation on transmission efficiency and receiver 

magnetic flux. 

Fig. 7 the performance of seven LLM agents based on the 
proposed evaluation metrics. Each of the fine tuned LLM 
agents (HFPE series) exhibit clear performance variations 
across the proposed evaluation metrics. The HFPE-4o and 
HFPE-4o-mini-high agents demonstrate superior accuracy 
and completeness, while HFPE-4.5 and HFPE-4.1 show lower 
accuracy despite high time-saving values. This variability 
reflects the dependence of model performance on prompt 
formulation and internal fine-tuning configuration. The 
comparative variations across agents further highlight the 
influence of prompt structure and fine tuning strategy on 
design quality and reproducibility. Together with (1) to (3), 
this figure provides statistical and empirical evidence of the 
framework’s stability and design robustness.  

 

Fig. 7. Performance comparison of seven LLM agents based on the 

proposed evaluation metrics. 

While the proposed LLM-AI framework demonstrates 
high efficiency and rapid design generation, it remains 

partially dependent on knowledge data, fine tune instructions, 
prompt structure and contextual grounding. The LLM 
generated coil parameters  were directly implemented in PSIM 
and ANSYS to verify circuit and field-level responses. This 
cross validation links the AI-produced theoretical design with 
physical simulation domains, ensuring functional correlation 
before any experimental stage. Occasional model 
hallucinations, such as unrealistic or incomplete parameter 
suggestions, were mitigated through a two-stage validation 
process incorporating mathematical modeling, simulation 
based checks, and the three proposed evaluation metrics 
(design time, accuracy, and completeness).  

Whereas this study focuses on wireless power transfer 
(WPT) systems, the underlying concept of LLM-driven 
generative design aligns with broader AI-assisted automation 
trends observed in circuit optimization, mechanical CAD 
design, and system-level digital twin development. Similar 
frameworks have been reported in domains such as control co-
design and topology optimization, demonstrating that the 
integration of generative AI and engineering constraints is a 
growing multidisciplinary direction. 

V. CONCLUSION  

This study presents an AI-driven design framework for 
wireless power transfer (WPT) systems using large language 
models (LLMs). By prompting seven distinct LLM agents 
with unified design instructions, the framework rapidly 
generates complete coil and circuit designs, including 
geometry, compensation topology, and Litz wire 
specifications. The best performing agent produces a fully 
detailed WPT design in under 60 seconds, achieving 99.17% 
design time savings, 99.99% accuracy, and 92.86% 
completeness, while maintaining engineering feasibility. 
PSIM circuit-level simulations verify the AI-generated 
designs with a power transfer efficiency of 90.2% based on 
RMS voltage and current values. ANSYS electromagnetic 
field simulations of the best design reveal strong magnetic 
coupling with a peak flux density of 0.0325 T and a maximum 
coupling efficiency of 90.625% at 2mm separation, 
confirming the coil layout’s spatial alignment and magnetic 
effectiveness. Compared to traditional iterative methods, the 
LLM assisted process significantly reduces development time 
and removes multiple trial and error cycles. 

Although physical testing is not part of this study, it forms 
a core component of future work. Planned developments 
include experimental validation of the AI-generated coil using 
a high frequency inverter, as well as the integration of thermal 
considerations into the design loop. Future research also 
leverages large scale, validated power-electronics datasets to 
train and fine tune LLMs for higher accuracy, adaptability, 
and domain specific reasoning. Coupling LLM agents with 
simulation feedback, symbolic solvers, and physics informed 
neural networks (PINNs) further strengthens predictive 
capability and reliability. Overall, this research demonstrates 
the transformative potential of generative AI to co-design and 
accelerate innovation in power electronics.  
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