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Abstract
RF hardware design is a complicated, time-consuming, and expertise-
bound process, which constrains the development and adoption of
hardware innovation. Manual workflows do not scale to emerging
wireless applications, while existing design generation strategies,
e.g., learning-based approaches, lack training efficiency and general-
izability across hardware types, frequency bands, operation modes,
and substrate materials. In this paper, we present AutoRF, the first
agentic framework for automated RF hardware design, supporting
metasurfaces and antennas. It allows users to specify their demands
and generate corresponding designs. We introduce extensible design
abstractions to enable a modular framework. The core of the frame-
work is an efficient and generalizable algorithm for design search
and optimization, which utilizes LLMs to drive both circuit model
simulator and EM simulator. To boost reliability and performance,
we propose custom programming interfaces and a rule reviewer
agent as feedback sources to train a specialized LLM. Evaluation
demonstrates high success rate and significant optimization speedup;
case studies with fabricated metasurface and antennas, ranging from
2.4 GHz to sub-THz, illustrate an ability to derive novel designs for
next-generation wireless infrastructure.

CCS Concepts
• Computing methodologies→Artificial intelligence; • Hardware
→Wireless devices; • Applied computing→ Computer-aided
design.
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1 Introduction
Hardware development is widely regarded as challenging and time-
consuming. In particular, electromagnetic (EM) hardware design,
such as antennas and metasurfaces, is inherently complex, requiring
a deep understanding of physics, mathematics, and the intricate RF
design space. Experts acquire design knowledge from textbooks and
practical experience, both requiring significant time and learning
effort. Even then, any new design project still requires extensive
iterations.

The development of emerging RF hardware, particularly meta-
surfaces, is especially hurdled by this issue. Composed of sub-
wavelength 2D surface element arrays, metasurfaces offer novel
physical functionalities to control fundamental properties of passing
wireless signals, such as amplitude, phase, and polarization. Surfaces
have been identified as a strong candidate for 6G [7, 27, 34, 60, 81].
They are critical hardware enablers to boost wireless networking by
altering channel conditions [14, 23, 41, 45, 51, 70, 74] and unlock
numerous new applications in sensing, powering, security [22, 61,
62, 64, 71, 78] (subsection 2.1). Since hardware primitives are the
foundations for system capabilities, prior work often feature new
metasurface prototypes, custom-designed for specific applications
through laborious manual efforts. This approach is not only resource-
intensive but also difficult to scale across diverse scenarios. More
critically, it depends on expert knowledge, making it challenging and
inaccessible for most researchers, network engineers, or application
developers to customize designs.

There have been efforts to automate the design of RF hardware.
State-of-the-art approaches leverage deep learning to generate meta-
surface patterns or achieve RF inverse design [10, 11, 36, 59]. How-
ever, these proposals are limited in data efficiency, generalizability,
and interpretability. They require experts to first collect massive
datasets for model training, which also inherently limits their design
capability to the specific design types within the dataset. (subsec-
tion 2.3)

Can we approach human-level efficiency and generalizability in
RF hardware design automation? This means creating a system
that is capable of learning from limited examples, generalizable
across different design types, efficient at design search and optimiza-
tion with the aid of tools, and flexible to accommodate practical
constraints.

In this paper, we present AutoRF, the first framework for au-
tomated RF hardware design leveraging Large language models
(LLMs). This marks a step towards LLM reasoning-based hardware
design process. We start with metasurface design, which is a critical
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Figure 1: LLM-driven wireless hardware design workflow.

and challenging domain for next-generation wireless networking
and sensing. As shown in Figure 1, AutoRF takes in user demands,
selects a template and edits the design iteratively using simulators
until meeting the target specifications. Users with or without expert
knowledge can specify demands and generate the design without
manual intervention.

We leverage LLMs’ powerful few-shot learning capability [16]
and reasoning capability [50], to achieve a generalizable framework.
AutoRF supports metasurface designs with operating frequency
bands from 900MHz to 160GHz, different substrate materials, one
or multiple substrate layers, phase and amplitude control, trans-
missive and reflective surfaces, programmable (active) and passive
surfaces. The operating frequency band affects the application sce-
narios, substrate materials determine the fabrication process and
hardware cost, while the other specifications decide the operation
mode of metasurfaces. Supporting all these design types with a few
representative templates shows the few-shot generalizability of our
approach. AutoRF also facilitates antenna design, highlighting its
potential for broader wireless hardware designs. In contrast, existing
approaches [36, 79] need over 100K training designs crafted by
experts to cover a more limited design space (Table 1).

The design of AutoRF addresses three key challenges (section 3);
directly applying LLMs does not achieve our goal (Appendix Fig-
ure 13). (i) Task complexity: we lack system support to decompose
the task and systematically harness the knowledge and reasoning
capabilities of LLMs. There is a significant gap between the multi-
stage task of RF design and the typical question answering of LLMs.
To bridge this gap, we introduce a set of layered abstractions (Fig-
ure 2) that capture the design process. Then, we “divide and conquer”
the task with LLM-based agentic modules, together with custom
tools, to automate the end-to-end process (Figure 3). (ii) Simulation
efficiency: Brute-force design search and optimization are prohibi-
tively expensive and sometimes infeasible. We present a two-level
search and optimization algorithm to combine intelligence with effi-
ciency. We propose a novel LLM-driven circuit model simulator to
perform coarse-grained exploration, using lightweight matrix calcu-
lation in place of heavyweight EM simulation, to identify promising
designs and initialize key parameters. Then, we conduct fine-grained
parameter optimization, leveraging LLMs’ domain knowledge as
optimization priors, to substantially reduce the number of simulation
iterations. (iii) Reliability: LLMs are probabilistic by nature and
may make mistakes or hallucinate, especially when operating the
EM simulation. To solve this, we develop task-specific feedback
mechanisms, including custom programming interfaces and a design
rule reviewer agent, both of which catch and report errors. We utilize

these to reject erroneous output, i.e., rejection sampling, and then
train a reliable, specialized LLM with filtered trajectories.

We implement AutoRF as a modular agentic framework (Fig-
ure 3). We also develop an LLM-based circuit model simulator and
an interface to an EM simulator (HFSS [1]), a design library for
template designs, and a database for design rules and constraints.
The modular architecture of AutoRF enables flexible customization.
Users can, for instance, extend the rule database with new require-
ments, or use particular template designs they prefer, effectively
steering the design process while still benefiting from automated
search and optimization.

We evaluate AutoRF extensively with both simulated and fab-
ricated RF hardware in Section 5. For simulation, we achieve an
end-to-end design success rate of 92% on a diverse testing set of 100
metasurface user demand samples. Similarly, we achieve a success
rate of 93% for antenna designs. We further verify the effectiveness
of our design search and optimization algorithm and observe over
10× speedup compared to gradient-based variable optimizer of HFSS.
For real-world experiments, we fabricated and tested prototypes of
7 metasurface designs and 2 antennas as case studies. Besides a
great match between simulated and measured performance, our case
studies show that AutoRF can adapt metasurfaces to suit a variety
of demands and proposes novel metasurface designs, including a
programmable metasurface for continuous reflection phase control
and the first paper-based transmissive mmWave metasurface with
high power efficiency.

To summarize, we make the following contributions:

• We present the first agentic framework towards RF hardware
design generation, with a current focus on metasurfaces and
antennas. It pioneers bringing LLM-based reasoning into RF
design by introducing extensible abstractions that decompose
the end-to-end workflow.
• We present an efficient and generalizable RF design search

and optimization algorithm, which utilizes LLM background
knowledge as priors to guide optimization and drive tailored
simulator tools. It supports various hardware types, across
frequency bands, operation modes, substrate materials.
• We propose novel feedback mechanisms, including custom

programming interfaces and a design rule reviewer agent, to
provide feedback for training a reliable specialized language
model.
• We evaluate AutoRF extensively with 150 design tasks via

simulation and 9 fabricated designs via real-world experi-
ments, showing high design success rates and the ability to
create novel designs. We release code and hardware designs
at https://github.com/microsoft/AutoRF.

2 Background and Motivation
2.1 Metasurfaces
Metasurfaces [24, 38, 52, 54] are artificial two-dimensional (2D)
materials, constructed as an array of sub-wavelength elements or
unit cells. Each surface element is composed of metallic patterns on
substrates, which capture and alter the physical properties of passing
electromagnetic waves, such as amplitude, phase, or polarization.
With an array of elements, metasurfaces can control the wireless
signal propagation [40, 70], such as beam steering or focusing. Also

https://github.com/microsoft/autorf
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Figure 2: Hardware design abstraction
layers. AutoRF converts high-level user
demands to detailed designs.
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Figure 3: System overview. AutoRF automates the end-to-end workflow from user demand
to corresponding design files, with multiple LLM-based modules forming an efficient design
search and optimization framework. (Oval components mark the input and output data, while
AutoRF modules are marked in blue.)

termed reconfigurable intelligent surfaces (RISs) [25, 26], surfaces
have drawn substantial industry interest for 6G infrastructure, featur-
ing in white papers [5, 8, 68], standardization efforts [6, 7], and indus-
try testbeds (e.g., [3, 4, 47]). Recent research has explored surfaces to
boost wireless connectivity [14, 21, 28, 29, 40–42, 44, 74] and signal-
based emerging applications, such as sensing [20, 75, 76, 78], secu-
rity protection [39, 62], wireless powering/charging [9, 22, 64, 80]
and more. Most of these works propose custom surface hardware
designs to suit their application scenarios.

Different types of metasurfaces. Metasurfaces can be categorized
based on certain attributes of the hardware specifications in Table 2,
such as transmissive or reflective surfaces, passive or programmable
surfaces. A passive surface has one or multiple layers of metallic pat-
terns with fixed configurations, i.e., one-time programmable before
fabrication. A programmable (active) surface has additional circuit
components, including varactor or PIN diodes or RF switches, to
enable dynamic reconfiguration at the expense of extra cost and com-
plexity [14, 23, 41]. Passive surfaces [45, 51, 57, 64, 71] have the
benefits of low-cost, e.g., $1 for 60 thousand elements in AutoMS,
and zero power consumption. Together with other specifications,
such as frequency band, signal control type and range, substrate
materials and corresponding fabrication processes, metasurface hard-
wares are very diverse and often need customization to suit different
applications.

Hardware design scope. The hardware design of surface systems
include microscopic element structure design, macroscopic spatial
configurations of the element array, and optional (non-RF) peripher-
als like control circuits. The element structure is the core and basis
of metasurface hardware, which decides various fundamental EM
properties, such as reflection and transmission coefficients, phase
shifts, operating frequency. Currently, optimizing these properties re-
quires iterative parameter tuning and simulations due to the complex
interplay between RF structure and electromagnetic waves.

Design workflow. The workflow of designing RF hardware varies
among designers, generally following an expertise-guided iterative
design process. It requires expertise and simulation tool usage; a

designer lacking domain knowledge or a plain LLM can fail easily,
e.g., wrong hardware specifications, poor design choices, aimless
repetitive simulation. AutoRF formalizes the design workflow into
modular steps that encapsulate domain expertise and facilitate both
simulator integration and efficient design search (Figure 3). We do
not consider iterative improvement based on fabricated prototypes;
Full-wave EM simulation results match well with experimental re-
sults as shown in our case studies. Debugging fabricated prototype
issues is beyond the scope of this paper.

Design file format. The metasurface and antenna design show as the
3D model of the metallic patterns and substrates, such as the structure
in Figure 4 (d). The design is often saved as a parameterized project
file of EM simulator software like HFSS. For passive surfaces, the
design includes a set of metallic patterns on substrate, having both
fixed parameters and varying parameters to achieve signal control,
such as different ring radius for different phase shifts [45]. For
programmable surface, the design includes a fixed metallic pattern
and a set of circuit component values, such as different varactor
capacitance to control phase shifts in Figure 10. We further export
the element design and assemble the element array for fabrication as
in section 4.

2.2 The Case for Automated RF Design
Facilitating new system development. For new application and
deployment scenarios, researchers explore various surface-based
networking and sensing systems. However, such a process is chal-
lenging, requiring knowledge of design principles and simulation
tools, creating a barrier for people without domain expertise. An
automated system would greatly ease the design process, allowing
researchers or developers to focus on the high-level system goals
and application software, outsourcing hardware expertise to AutoRF.

Adapting to practical scenarios. Practical usage scenarios often
need hardware different from the research designs, such as different
frequency bands, fabrication processes. Adapting existing designs
can be very challenging and laborious. Wireless design specifica-
tions are often interdependent; a small change can require a complete
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Table 1: Comparison with prior work. We support a much wider
design space with minimal data needed, showing data efficiency and
generalizability.

Karahan et al. [36] MetaGen [79] Ours
Data Need ∼100K ∼100K Templates (∼10)
Freq range 24-100GHz 60-80 GHz 1-160 GHz
Types Passive Passive Passive&Active
Layers One One Multi

redesign of the hardware. Even replicating a design exactly is not
straightforward as other people may not have the same design ex-
perience as the original designer. Therefore, we need a system to
bridge the gap between research designs and various usage scenarios
to speed up the adoption of a new technology like metasurfaces.

2.3 Hardware Design Automation
Conventional automation tools. Conventional design automation
software uses simulators and tools to support human designers [1, 2].
These tools typically provide a GUI for users to manually edit de-
signs and run simulations, and support parameter sweeps and opti-
mizations using conventional algorithms such as gradient descent
and genetic algorithms. General-purpose frameworks such as Au-
toOED [67] further automate the design of experiments (DoE) with
optimization algorithms. However, compared to these conventional
approaches, our LLM-based framework offers several key advan-
tages: (1) ease of use through natural-language specification of de-
sign requirements, (2) the ability to autonomously operate complex
simulation tools without manual intervention, and (3) efficient design
iteration guided by the domain knowledge embedded in LLMs, akin
to an experienced human designer. We quantitatively demonstrate
that our approach achieves more efficient optimization in Table 4.

Neural network based generation. Recent work has explored using
neural networks to assist the design for electromagnetic passive
structure [36] and metasurfaces [10, 11, 79]. MetaGen [79] takes a
step towards LLM-driven design, but LLM is only for user interface
and focuses on simulation only.

The common approach is to collect a large amount of training
data pairs between designs and performance metrics by running EM
simulations, then train one or multiple neural networks to learn the
mapping as either a forward performance predictor or a backward
design generator [35]. Although this approach shows great results
and speeds up the design process, it has several limitations. First,
it requires experts to collect massive training datasets with simu-
lators, which is time-consuming and labor-intensive, comparable
to the traditional design process. And the datasets are typically not
open-sourced. Second, the supervised learning approach limits the
supported design space to the coverage of the training dataset, for
example, the specific frequency band, substrate type and fabrica-
tion process. Any deviation would require collecting new training
data and retraining a new model. Lastly, this design process lacks
explainability and flexibility, as the neural networks are treated as
black boxes. Therefore, this approach is not generalizable or scalable
enough for our goal to support a wide range of metasurface designs
and even other RF hardware types.

Specifically, recent RF design generation works [36, 79] require
extensive expert knowledge for dataset preparation, particularly in
sampling designs within a fabricable and pruned design space. More-
over, they constrain the design space to single-layer 2D grid passive
patterns, where the 2D grid implicitly serves as a fixed template. In
contrast, AutoRF explicitly encapsulates such expert knowledge into
multiple reusable templates in the design library, enabling straight-
forward management and easy expansion by adding new templates.
As a result, AutoRF supports a substantially larger design space
spanning 1–160 GHz, multi-layer elements, and both passive and
active metasurfaces (Table 1).

LLM-based automation. Large language models (LLM) have shown
great capabilities in automating various tasks, including software
development, data analysis, network management [33, 46]. Instead
of task-specific training, they utilize the generalizability of LLMs
as they are trained on a large corpus of data and have few-shot
learning capabilities [16]. Recent works have shown promising re-
sults in automating analog circuit design [19, 30, 37], but they are
limited to generating circuit topology based on existing python ab-
stractions [56]. Designing RF hardware like metasurfaces is a more
complex, multi-stage process involving physics, math reasoning,
which lacks system abstractions or interfaces, and relies on EM sim-
ulators that have high computational costs. This requires both novel
system abstractions to enable end-to-end automation and efficient
design search and optimization algorithms to reduce the simulation
cost.

3 System Design
AutoRF automates the end-to-end workflow from user demands to
design files ready for fabrication.

Hardware design abstractions. To tackle the complexity of hard-
ware design and leverage LLM reasoning capabilities, we introduce
a set of hardware design abstractions, as shown in Figure 2. Au-
toRF translates the high-level design demands into target design
specifications, then intermediate circuit models, and eventually spe-
cific parameterized designs. Our key insight is that LLMs reason
most effectively within a single level of abstraction, i.e., high-level
guidance for general questions, specific calculations for detailed
questions. Intuitively, this is because LLMs are trained on domain-
specific questions rather than end-to-end system-scale problems. By
structuring the design process into layers, we break the problem into
manageable sub-tasks. This modular approach also simplifies the
system design and improves maintainability.

System workflow. AutoRF consists of three main LLM-based mod-
ules, demand compiler, design proposer, design maker, along with
design tools, a circuit model simulator and an EM simulator (HFSS),
as shown in Figure 3. First, the demand compiler translates the
high-level user demand input into structured hardware specifications,
such as operating frequency bands, signal control capability, and sub-
strate materials. Next, the design proposer takes the specifications,
searches the design library for the closest template as starting point,
and and proposes a design strategy to meet the specifications. To
accelerate exploration, a lightweight circuit model simulator helps
the proposer navigate the design space by providing insights, such
as whether adding an extra surface layer enhances performance. Fi-
nally, the design maker decides and calculates the specific edits to
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Table 2: Hardware specification primitives to describe the design
targets. (Selected representative entries due to space.)

Parameter Description
1. Basic Characteristics
freq_band Center operating frequency
freq_range Range of operating frequency band
polarization Linear, circular, or cross-polarized
2. Surface Operation Modes
op_mode Reflective or transmissive
control_mode Programmable or passive
control_type Amplitude, phase, etc.
control_range e.g., "2-pi phase control range"
3. Deployment Constraints

substrate
FR4, paper, Rogers, air gap, or other.
It decides fabrication process.

max_thickness Maximal allowed surface thickness

the design file, guided by the design rules and constraints stored in
a database. It modifies the design, iteratively simulates and refines
the design until it meets the target specifications or reaching the
maximal allowed number of iterations.

3.1 Hardware Design Abstractions
Non-expert users often cannot provide detailed and precisely format-
ted target hardware specifications. Instead, we need to handle user
demands expressed without a fixed format or syntax. For example,
vague description and specific constraints can appear together. To
address this, the demand compiler translates user inputs to prede-
fined hardware specifications (Table 2). This ensures a standardized
design description.

Hardware specification primitives. We categorize hardware spec-
ifications into three groups. The first category describes the basic
characteristics, such as the operating frequency and range. The sec-
ond category describes the metasurface operation mode, such as
reflective or transmissive, programmable or passive. The last cate-
gory describes practical fabrication requirements, such as substrate
material(s), form factor, and hardware cost. Note that the substrate
is an important specification as it determines the fabrication pro-
cess, influencing cost, minimum pattern resolution, and substrate
thickness options. Table 2 lists representative specifications, and the
framework can be extended for more diverse user demands.

To handle incomplete or vague demands, we define a set of default
values for missing fields and also utilize LLM to interpret implicit
demands. For example, ‘low-cost’ can map to low-cost paper sub-
strate, while ‘low loss’ can lead to high-end Rogers PCB material.
We also add a multi-round dialogue to refine the user demands when
too much ambiguity exists.

3.2 Design Search and Optimization
3.2.1 Design Search. The goal of the design proposer is to
search for a suitable template and propose initial parameters and a
design strategy for fine-grained edits.

Building on existing designs. Instead of training with massive
datasets, we encode design knowledge with templates. This mimics
the human design process and allows LLMs to leverage their training

Algorithm 1 LLM-driven design search and optimization

Input: Target specification S; design library L
Output: Final design 𝐷★ that satisfies S (or best-effort)

// Step 1: Library-based template search (design proposer)
1: 𝑇 ← RETRIEVETEMPLATE (S, L) ⊲ 𝑇 : template
2: 𝐶 ← PROPOSEDESIGN (S,𝑇 ) ⊲𝐶: circuit model

// Step 2: Coarse-grained probing via circuit model simulator
3: 𝜃0 ← CIRCUITSIM (𝐶, S) ⊲ 𝜃 : design parameters
4: 𝐷0 ← INSTANTIATE (𝑇, 𝜃0 )

// Step 3: Fine-grained EM optimization (design maker)
5: 𝐷 ← 𝐷0, 𝜃 ← 𝜃0, 𝐻 ← ∅ ⊲ 𝐻 : optimization history
6: for 𝑘 = 1 to 𝐾 do ⊲ 𝐾 : maximum iterations
7: 𝑚HFSS ← HFSS_SIM (𝐷 )
8: if MEETSSPEC (𝑚HFSS, S) then
9: return 𝐷★ ← 𝐷

10: end if
11: (𝐷,𝜃 ) ← PROPOSEEDITS (S,𝑚HFSS, 𝜃, 𝐻 )
12: 𝐻 ← 𝐻 ∪ { (𝜃,𝑚HFSS ) }
13: end for

// Step 4: Output final or best-effort design
14: 𝐷★ ← SELECTBEST (𝐻, S)
15: return 𝐷★

on related documents, such as textbooks and technical documenta-
tion. Textbooks [65] or handbooks [15] essentially outline various
design templates. By recalling training-stage knowledge, LLMs can
choose suitable design templates and strategies. This approach also
improve interpretability and allows us to support new hardware types
by simply adding a few templates.
Design library. We construct a design library consisting of meta-
surface and antenna templates, as detailed in section 4. Each entry
includes a parameterized HFSS project file with variables capturing
the 3D hardware structure. For example, a split-ring resonator meta-
surface unit is characterized by parameters such as the ring radius,
the ring gap width, and the substrate thickness. We leverage LLMs
to extract design descriptions from research papers and annotate the
templates with their prototype specifications.
Design Space. As each template has tens of variables and each
variable can take a continuous range of values, the design space
is vast and complex. This brings challenge that we address next,
but also opens up opportunities for novel designs. Note that prior
work [36, 79] use a discrete 2D grid as the design space, which is a
different form of design template.
Template selection and strategy proposal. The design proposer
takes the following steps: First, it identifies the top three related
templates based on semantic similarity to user demands. If a perfect
match exists, we use the corresponding template directly. Otherwise,
we select the template with the fewest mismatched attributes and
determines the simplest strategy to modify it. Then, we generate a
proposal for editing the template design to meet the specifications,
including common strategies like updating substrate material or
scaling the surface pattern geometry to shift the operating frequency.
Efficient design exploration. For more challenging demands, Au-
toRF can explore novel metasurface designs, by adding an extra
independent surface pattern layer or metal sheet. The theoretical
foundation is that cascading multiple metallic patterns allows full



Conference’17, July 2017, Washington, DC, USA Ruichun Ma, Lili Qiu, et al.

	𝑌!

Substrate

𝐸"#

𝐸$%&' Pattern1
	𝑌(

Pattern2

𝑆!!
𝑆"!

S

S

S

S

𝐸"#

𝐸)$*#+

(d)(c)

(b)

(a)

## Sweeping over pattern and gap combinations, one variation below.
M1 = np.block([ [A1, B1], [C1, D1]]) # pattern 1
M2 = np.block([ [A2, B2], [C2, D2]]) # pattern 2
M_gap = block_transmission_line(Z, k0, d_gap) # substrate/air gap
# cascaded layers by matrix multiplication
M_total = cascade_4x4([M1, M_gap, M2])
# convert transmission matrix back to scattering matrix
S11, S12, S21, S22 = abcd_to_s_2x2_blocks(M_total)

Design proposal: Adding a surface pattern layer 
Circuit model blocks: Air – surface – substrate – surface - air

Python code for simulation:

Figure 4: Circuit model simulator. (a) With the design proposal and circuit block description from the design proposer, the circuit model
simulator generates the code to sweep the design space and returns the performance metrics. (b) Corresponding cascaded transmission (ABCD)
matrix blocks, (c) corresponding circuit model. (d) Final metasurface element design.

control over wave properties by utilizing the resonance among lay-
ers [53]. However, such exploratory strategies significantly expand
the design space, posing a challenge. Leaving the exploration to
Maxwell equation-based EM simulator would be highly inefficient,
requiring impractically long computation times. To address this,
we draw inspiration from human designers, who use intermediate
physics-based abstractions – circuit models, to efficiently reason and
search.

Circuit model abstractions. Circuit models enable efficient predic-
tion of hardware behaviors by modeling the metasurface and sub-
strate as circuit components, characterized by their impedance values,
which significantly reduces computational costs. The impedance of
each common substrate is easily obtained from their dielectric prop-
erties, while the per-layer surface impedance can be precomputed
via one-time profiling when adding a new template to the design
library. With these impedance values, we can compute the transmis-
sion matrix (ABCD matrix) for the metasurface and substrate layers.
According to microwave network analysis, the transmission matrix
of a cascaded circuit is the product of the matrices of all its compo-
nents, which is a simple matrix multiplication calculation [55]. By
converting the result transmission matrix to a scattering matrix (S-
matrix), we can efficiently estimate key performance metrics such as
transmission power, phase shift, and reflection power. The relevant
theoretical background is in Appendix subsection A.1.

Circuit model simulator. Although circuit model is a standard tool,
our novel insight is to utilize it as a lightweight RF simulator, unseen
in prior work. Combining such physics modeling and coding capabil-
ity of LLMs, we develop an LLM-based circuit model simulator to
explore the design space. When the design proposer module decides
to explore a new design, e.g., adding a layer, it would first send a
description of circuit block connections, such as air - surface - sub-
strate - surface - air, to the circuit model simulator. The simulator
generates and executes Python code to perform matrix computations
and evaluate performance metrics. Specifically, it sweeps through
different parameter variations and identify configurations that meet
the target specifications. To facilitate this, we provide the LLM with
standard microwave network matrix conversion as library functions.
Then, the design proposer evaluates the returned metrics to assess

the viability of the design strategy and determine key design pa-
rameter values. Figure 4 demonstrates this process with an example
two-layer transmissive mmWave metasurface. The demand proposer
generates a circuit model description, then the simulator calculates
performance metrics based on cascaded matrix blocks (Figure 4(b)).
By sweeping over different pattern and substrate thickness combi-
nations, the simulator evaluates feasibility and determines the best
achievable metric, such as transmission efficiency (S21).

3.2.2 Design Optimization. The design maker edits design pa-
rameters and objects by interacting with the full-wave EM simulator.
It operates in two stages: (1) a reasoning-based planning stage that
determines overall design strategy and large-scale structural edits,
and (2) an iterative fine-grained tuning stage that adjusts parameters
to precisely meet the target specifications. Even for relatively simple
requests such as shifting the operating frequency, multiple iterations
of tuning and optimization are required, as mechanical or rule-based
parameter adjustments are ineffective due to the intricate coupling
among EM structures. For more challenging design requests, Au-
toRF can yield genuine discoveries, as demonstrated in the case
study (Figure 11).

Scaffolding instructions for reasoning. We want to leverage LLM’s
reasoning capability to derive the specific edits based on the template
information and design strategy proposal from the design proposer.
However, LLMs can provide incorrect or incomplete results for our
task, primarily due to mixing overall planning with detailed calcula-
tion and practical constraints. To address this, we guide the reasoning
process to align with system design reasoning steps–from high-level
planning to details. We draw inspiration from a pedagogical strategy
called scaffolding instruction [17, 66, 69], which uses questions to
construct learners’ understanding step by step. Similarly, we pose
successive questions to LLMs to guide their reasoning process. Then,
LLMs trained for reasoning, such as O3 and DeepSeek-r1, closely
follow sub-questions and provide detailed, structured responses.
Specifically, we use the following prompt structure as listed in Fig-
ure 5 (a). We first provide the task goal and context information.
Then, the prompt asks a sequence of guiding questions, starting with
high-level planning (what edits are needed), followed by knowl-
edge recall (relevant equations or design principles), and specific
parameter calculations.
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Prompt:

Your task is to determine the necessary macro design edits …
###
Context information:
Available edits, design rules, design information, target specifications
###
Answer the following questions:
1. **Overall Planning** 
What are the necessary design edits? 
2. **Recall Background** 
What are the related background information, such as related equations? 
3. **Select variable or Object** 
Which variables, parameter sweeps, or objects you need to edit? 
4. **Calculate values within constraints** 
What are the specific values of edits … that satisfies design constraints? 
5. **Summary** 
Summarize a list of all the edits.

1. Overall Planning
We need to modify a 60GHz metasurface to 
operate at 24GHz and change substrate from 
paper to FR4.

2. Recall Background
Surface Pattern scaling factor

3. Select Variables
Substrate size, Ring radius, gap …

4. Calculate Values 
…

1. Overall Planning
We need to adapt a 10GHz patch antenna to 2.4GHz 
… and change the substrate from Duriod to FR4.

2. Recall Background
Patch Length 

Microstrip Line Impedance

3. Select Variables: …
4. Calculate Values: …

(c)(b)(a)

Figure 5: Scaffolding prompt and example response snippets of design maker. (a) We provide the task goal and context, then ask successive
questions to guide LLM’s reasoning. LLM answers the questions progressively and recall related equations to perform calculations for the
specific edits, as shown in LLM responses of (b) metasurface design and (c) antenna design.

Recalling knowledge as optimization priors. A key part of this
reasoning process is knowledge or background recall. The equations
and design rules recalled by LLM serve as priors to effectively
guide the design optimization. As shown in Figure 5 (b-c), LLMs
can recall and apply domain-specific equations. For metasurface
operating frequency tuning, the LLM calculates a scaling factor
based on the target and the original frequencies, and then applies
the scaling factor to related design variables. For antenna design, the
LLM calculates the impedance of the microstrip line based on the
substrate material to determine the correct dimension for impedance
matching. Note that we do not hard-code the equations in the prompt
and rely on LLM reasoning. This is more efficient than conventional
gradient based optimization, which lacks priors about the search
space. On the other hand, pure equation-based design alteration can
be inaccurate due to complex EM coupling effects. By combining
equation-based reasoning with iterative simulation, our approach
achieves both speed and accuracy, as demonstrated in Table 4.

Fine-grained design tuning. The fine-grained tuning stage performs
iterative variable adjustments to precisely meet target specifications.
While the reasoning stage provides a calculation, it cannot guaran-
tee perfect accuracy due to the complexity of EM resonance and
coupling, especially in metasurfaces. Based on simulation results,
we use a set of Python functions to generate reports summarizing
key performance metrics based on the hardware type—e.g., S11 for
antennas, reflection/transmission efficiency and phase shift range for
metasurfaces. The design maker then evaluates whether all design
specifications are met. If not, it determines how to update design
variables. The simulation and tuning iterations continue until all
the specifications are met or reaching a predefined iteration limit.
We also store history records as memory to make informed tuning
decisions [63, 73].

Array assembly. Our framework focuses on element structure de-
sign and assembles them to generate the full surface as final output.
Specifically, we use uniform element array for programmable sur-
faces following common practice [14, 29, 41]. For passive surfaces,
we prepare a set of composable patterns, such as split rings with
different sizes for phase shifts, and assemble elements based on
external configurations as in prior work [45, 58]. By default, we
generate beam steering surfaces for evaluation. Note that our design

simulation already takes account of coupling between elements. Up-
stream application systems can set array configurations and sizes
easily with python scripts, which are external to our framework.
Extending to Antenna design. Our abstractions and system design
are applicable to other RF hardware types. To demonstrate this, we
extend to antenna design by adding design templates and evalua-
tion metrics. Antenna hardware specifications align with those of
metasurfaces, except they lack surface operation and signal con-
trol parameters. The key objective in antenna design is achieving
impedance matching at the target frequency. We use the reflection
coefficient S11 as the primary evaluation metric, as it is standard for
assessing impedance matching. Following the same workflow, our
system effectively adapts antenna designs as in subsection 5.3.

3.3 Training LLM with Feedback
To further improve LLM capability for design optimization, we
propose novel task-specific feedback mechanism, including design
rule reviewer agent and custom EM simulator APIs. Built on these,
we perform rejection sampling fine-tuning.
Design rules and constraints. We maintain a database of design
rules and constraints from human experts, e.g., system maintainers of
AutoRF, and add them to LLM prompt as extra context. Design rules
encompass high-level guidelines derived from textbook knowledge
and engineering experience, for instance, ‘metasurface per-element
substrate size is half of the wavelength or smaller.’. Such guidance
helps LLM to recall related knowledge or equations and use reason-
ing to make design edits as shown in Figure 5. Design constraints,
on the other hand, impose practical limitations and user preferences,
such as ‘must choose from the following substrate materials: FR4,
Rogers, paper, PVC plastic, ... the available FR4 substrate thickness
is 0.4, 1mm, 1.6mm’, ‘the minimum resolution for surface pattern is
0.05mm’, ‘Round all your output to 3 significant digits.’
Rule reviewer. Due to the probabilistic nature of LLMs, they may
overlook design rules, constraints, or make calculation errors. To
mitigate this, we introduce a separate LLM agent as a design re-
viewer to verify the edits. The reviewer checks the output against
design rules and constraints, identifying any violations. If a violation
is found, it rejects the output and requests a revision based on the
identified issues. This process repeats until the edits pass the review
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or the maximum number of iterations is reached. This approach
resembles a multi-agent debate system [18].
EM simulator interface. Although HFSS provides a Python inter-
face [13], it differs significantly from common Python packages and
LLM often mix different versions of APIs, causing errors. We in-
troduce an abstraction layer that wraps HFSS APIs, which provides
clearly named, semantically meaningful design editing functions: (1)
setting the EM simulation frequency range, (2) editing design vari-
able values, (3) editing design variable variations that corresponds to
different signal control states, for example, a set of pattern lengths
can control phase shift values, (4) adding, refining or deleting sub-
strate layers, (5) adding extra surface layers, any interdependent
pattern layer or metal sheet. Underlying the APIs, we craft robust
error handling mechanisms to catch and report errors.
Rejection sampling fine-tuning. We fine-tune our LLM with fil-
tered trajectories based on system feedback, inspired by training
reasoning models with rejection sampling [32]. We first sample a
dataset of LLM generated traces for various design optimization
tasks. Using the rejection of the design reviewer and errors of simu-
lator as selection criteria, we filter out low-quality output samples,
i.e., rejecting the ones caused errors, and fine-tune the LLM on the
high-quality subset. This allows the LLM to internalize the design
rules imposed by the reviewer and improve its ability on using EM
simulator programming interfaces. We formally describe the process
here. Our filtering criteria can be written as follow.

𝑣 (𝑥,𝑦) = 1
[
EM_pass(𝑥,𝑦) ∧ Rule_pass(𝑥,𝑦)

]
,

where 𝑥 is the input of design optimization context, 𝑦 is the LLM
output, EM_pass(·) means the EM simulator finishes without error,
and Rule_pass(·) means the reviewer agent finds no rule violation.
We sample a large amount of dataD = {(𝑥,𝑦)} using the base LLM.
Then, we apply the validity predicate to reject erroneous samples
and obtain the dataset

DRS =
{
(𝑥,𝑦)

�� 𝑣 (𝑥,𝑦) = 1
}
,

for fine-tuning. Finally, we train the LLM with loss function

LRS (𝜃 ) = −
1
|DRS |

∑︁
(𝑥,𝑦) ∈DRS

log𝜋𝜃 (𝑦 | 𝑥),

where 𝜋𝜃 (𝑦 | 𝑥) is the language model parameterized by 𝜃 .

4 Implementation
LLM API and other software. We implement AutoRF in Python,
following a modular architecture. Our default LLM is ChatGPT
o3 [49] invoked via API calls for all framework modules. We fine-
tune a GPT-OSS-20B model [48], with a A100 GPU, to operate
the EM simulator at design maker module. We also explore other
LLMs, such as o3-mini and DeepSeek-r1 [32]. Note that we depend
on advanced third-party LLM API for best performance, but achieve
comparable performance with different LLMs as in Figure 7. We
use numpy to perform numerical matrix calculations in the circuit
model simulator and use HFSS [1] via pyAEDT [13] to run EM
simulations.
Design templates. We collect templates for the design library from
prior metasurface research work, through open source access and
manual replication [14, 31, 41, 45, 61, 77], as detailed in Table 3.
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Figure 6: Success rate of design tasks.
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Figure 7: Success rate with different LLMs.

These represent distinct types of metasurfaces, allowing AutoRF
to generate a variety of designs spanning common use cases. We
also extract 10 antenna templates from HFSS toolkit [12], cover-
ing different types, including dipole, patch, bowtie and inverted-F
antennas.
Metasurface fabrication. We use Python scripts to extract the
metallic patterns of surface element designs from HFSS and con-
vert them to fabrication files. Specifically, we first extract DXF
files for each element, then assemble all elements into a surface
element array to have measurable signal control effects. We fur-
ther convert the array to a Gerber file for standard PCB fabrication
or a PDF file for paper-based hot stamping fabrication as in prior
work [31, 45, 61]. [43, 45].

5 Evaluation
We aim to evaluate (1) correctness and success probability of Au-
toRF through large-scale dataset based simulation testing; and (2)
practicality and accuracy of generated designs through fabricate
hardware prototypes and real-world experiments.

5.1 Experiment Setup
Evaluation approach and metrics. We use the success rate as the
metric, which is defined as the ratio of successful designs to the
total number of designs requested. A design is considered success-
ful if it meets all specifications in simulation, first verified by the
design maker using an LLM and then double-checked by human
experts against the original user demand. Since our task involves
objective, quantifiable performance specifications, the evaluation is
not influenced by different users’ subjective opinions. Nevertheless,
we survey several potential users and confirm the applicability of
AutoRF and the generated designs.
Simulation-to-real gap. Our simulation accuracy is underpinned
by HFSS, an industry-standard 3D EM simulation tool that achieves
high fidelity through finite element methods. In our experiments,
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Table 3: Metasurface design templates. Replicated designs may differ from research work slightly. Transmissive (T) and reflective (R).

Metasurface Freq Band Signal Control Mode Control Type Substrate
RFocus [14] 2.4 GHz Amplitude T & R Programmable FR4

RF-Mediator [41] 2.4 GHz Impedance T & R Programmable FPC
Split Ring [31, 61] 60 GHz Phase T Passive Paper

AutoMS [45] 60 GHz Phase R Passive Paper
Hydra [77] 3.5 GHz Phase R Programmable FR4
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Figure 8: Circuit model accuracy. The estimated values match
very well with HFSS simulations, while the speed is much faster
(HFSS takes hours, circuit model takes < 0.1s).

simulation results match well with measurements on fabricated pro-
totypes, though they do not guarantee identical real-world perfor-
mance. We selected representative designs for fabrication as case
studies (Section 5.4), given the cost and time constraints of proto-
typing. Note that residual discrepancies may arise from fabrication
imperfections, which are beyond our control. Employing high-end
fabrication processes (e.g., RF PCB fabrication with high-frequency
specialized substrates) can minimize such gaps by reducing toler-
ances and material variations.

Test dataset. To create a large-scale and comprehensive test dataset,
we randomly sample 100 design specification samples, covering
frequencies from 0.9GHz to 160GHz, substrate materials like FR4,
Rogers, and printer paper, programmable and passive surfaces, trans-
missive and reflective metasurfaces, phase control and amplitude
control metasurfaces. We exclude programmable transmissive phase-
shifting metasurface from the samples due to the lack of a suitable
template design, while we expect the extension is straightforward by
adding a corresponding template in the future. Similarly, we create
50 antenna design demands, covering frequencies from 0.9GHz to
10GHz and different substrate materials.

Baseline methods. As discussed in subsection 2.3, there is no direct
baseline for AutoRF, as we aim for generalizable few-shot design
generation. For antenna design automation, a direct baseline is the
antenna toolkit from HFSS [12]. It synthesizes antenna designs
based on equations, according to user’s selection of template design,
operating frequency and substrate material as input. We compare
AutoRF with the HFSS toolkit in Table 4.

Experimental setup. We use SNA5032A vector network analyzer
(VNA) to measure hardware operating below 26GHz and another
high-frequency VNA to measure hardware operating above 26GHz.
With standard horn antennas or Vivaldi antennas connected to VNA
ports and pointing towards the surface, we measure power and phase
of signals passing through or being reflected by the surface.

Table 4: Comparison with other design automation methods.
AutoRF achieves the best accuracy for operating frequency with a
short time.

Freq Error Time (iterations) Metasurface
HFSS Toolkit 8.6% 0 No
Toolkit +
Gradient Opt

2.1% 79.5 No

Toolkit +
Genetic Algo

4.2% 9.53 No

Ours 0.95% 2.1 Yes

5.2 Metasurface Design Automation
Success rate. We achieve a success rate of 92% for 100 metasurface
design tasks (Figure 6). Considering the complexity and diversity of
surface hardware we cover, this is a very high success rate. Without
the fine-tuned model of design maker module, the success rate drops
to 80%, which shows the effectiveness of our fine-tuning process.
The common failure cases are: (1) the design does not meet the
target specifications after reaching maximal tuning iterations, 5 for
our setting. We set this number low to save time. (2) LLM of the
design maker skips one of the design constraints or design rules,
leading to a wrong design. The design reviewer can help catch some
of these mistakes, but not all. Our rejection sampling fine-tuning
process further helps reduce such mistakes.
Impact of different LLMs. We evaluate AutoRF using different
LLMs, including OpenAI o3, o3-mini and DeepSeek-r1. Despite
showing similar performance for various benchmarks, we find that
o3 outperforms others, while o3-mini performs the worst with a
55% success rate. We find that o3-mini more often skips design con-
straints and rules, leading to incorrect designs, such as an unrealistic
substrate thickness. o3-mini also tends to reply tersely, which can
lead to incomplete design edits. Moreover, DeepSeek-r1 provides a
good balance between the LLM API cost and performance, achiev-
ing 62% success rate. The primary issue for DeepSeek-r1 is that it
often fails to follow desired output format. Overall, AutoRF works
with different LLMs with varying but good performance.
Ablation study. In subsubsection 3.2.2, we present scaffolding in-
structions and design reviewer as two key methods. We evaluate
their impact on the performance by removing them and observe the
performance loss; the higher loss, the more helpful the method is.
As shown in Figure 7, the success rate of AutoRF without design
reviewer is 66%, 40%, and 48% for o3, o3-mini and DeepSeek-r1
respectively, which is around 10% lower because mistakes made
by design maker are not caught. If we further remove the scaffold-
ing instructions by only prompting with the overall context and
one output question, which leads to unstructured reasoning process
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“Design a metasurface for 
160GHz signal control. The 
surface should be low cost.”

“Design a reflective surface 
for beamforming at 120GHz 
band.”

“Design a low-cost surface 
for 79GHz mmWave signal 
reflection control.”

“Design a phase control 
metasurface for 79GHz 
radar sensing using FR4 
substrate.”

“I want a metasurface for 
24GHz cellular coverage 
enhancement. It should use 
PCB fabrication process.”

Demands

160GHz, Reflective, 
Phase control, Paper …

120GHz, Reflective, 
Phase control, Paper …

79GHz, Reflective, 
Phase control, Paper…

79GHz, Reflective, 
Phase control, FR4 …

24GHz, Reflective, 
Phase control, FR4 …Specifications

Surface 
element 
design

Fabricated 
Surfaces

6.25mm
1.9mm

1.9mm
1.25mm

0.9mm

Figure 9: Case Study: mmWave and sub-THz metasurface generalization across frequencies and substrate materials.

and response, the success rate drops further by around 10% for all
LLMs. The results show that both methods are important for the
performance of AutoRF.

Circuit model simulator accuracy and speedup. Here, we evaluate
the accuracy of the circuit model simulator by comparing with HFSS
simulation results for the second and third cases in subsection 5.4. As
we can not simulate the entire design space with HFSS due to high
computation load, we focus on exploring the best substrate thickness
for two surfaces. As shown in Figure 8, the circuit model simulator
can accurately predict (a) the phase range of programmable phase-
shifting surface and (b) transmissive power for the transmissive
mmWave metasurface. Meanwhile, the time taken by the circuit
model simulator is less than 0.1 second, while HFSS takes hours to
simulate the same designs.

Token cost and design time. We measure the token usage of Au-
toRF across 40 design tasks. On average, each design consumes
approximately 92K tokens (71K input, 21K output), costing less
than $1 per design at current frontier LLM API pricing. The average
end-to-end design time is approximately 2 hours, dominated by the
computationally intensive EM simulations. The wall-clock time per
iteration varies with available resources and configurations (e.g.,
CPU cores, parallelism, simulation accuracy settings); accordingly,
we focus on minimizing the number of iterations required (table 4).
In contrast, human designers typically require days to master a spe-
cific metasurface design task and tools like HFSS, highlighting the
substantial cost and time advantages of our system.

5.3 Antenna Design Automation

Success rate. For antenna design automation, we achieve a success
rate of 93% for 50 testing design tasks (Figure 6). The success rate
is higher than metasurfaces because the antenna specification range
we set is smaller, while metasurface designs cover a wider frequency
range and different signal control capabilities. The cause of failure
cases is similar to metasurface design automation. The results show
that AutoRF can generalize to antenna design with high success rate.

Comparison with conventional tools. We compare AutoRF against
the HFSS antenna toolkit [12] and conventional optimization al-
gorithms on 15 antenna design tasks. The toolkit synthesizes an-
tenna designs via equation-based calculations given a user-selected
template, operating frequency, and substrate material. However,
this approach cannot accurately predict the resulting operating fre-
quency, particularly when both frequency and substrate material are
changed simultaneously. We quantify design accuracy as the relative
center-frequency error (%). AutoRF achieves less than 1% error,
whereas the HFSS toolkit yields 8.6% error (Table 4). Applying the
HFSS gradient-based optimizer on top of the toolkit reduces the
error to 2.1%, but requires 79.5 iterations on average to converge—
significantly more than the 2.1 iterations needed by AutoRF, which
leverages domain knowledge (e.g., scaling antenna dimensions pro-
portionally to shift frequency). Moreover, neither the toolkit nor the
gradient optimizer supports metasurface design. Although gradient
optimization is general-purpose, its high iteration cost restricts it to
tuning only a few variables over limited ranges, making it suitable
only as an aid to expert designers. We additionally compare with a
genetic algorithm, widely used for design optimization (e.g., in Au-
toOED [67]); it achieves 4.2% error with 9.53 iterations on average,
which is both less accurate and slower than our system.

5.4 Case Studies
Next, we conduct four design case studies to demonstrate the gener-
alizability and capability of proposing new designs.

mmWave metasurface design generalization. We show the gener-
alizability of AutoRF by designing mmWave metasurfaces across
a wide frequency range from 24GHz to 160GHz and different sub-
strate materials. In Figure 9, we list 5 different user demands and the
corresponding design specifications, output designs, and the fabri-
cated surfaces. AutoRF accurately captures the design specifications,
selects AutoMS [45] as the closest template, and generates the cor-
responding designs that achieve required hardware specifications,
such as 2𝜋 phase control range. Note that simply scaling all design
variables for different frequencies would not work. First, besides
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Spec: 
2.4GHz, Reflective, programmable, phase 
control…
Template: Programmable impedance matching 
surface (RF-Mediator)
Proposal: 
Adding a metal sheet to convert operation mode.
Circuit Model Block:
Air  - Surface – Substrate – Metal
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Figure 10: Case study: Reflective programmable phase-shifting metasurface. (a) User demand (b) Summarized LLM outputs. (c) Generated
surface design (d-e) Fabricated surface and measurement setup. (f) Simulated reflection phase control range with different capacitance. (g)
Measured reflection phase versus different biasing voltages applied to the surface.

updating the parameters, our system edits substrate intelligently,
i.e., replacing material or removing PVC layer to suit the design
need. Second, our output designs must allow practical fabrications
by following design constraints, such as paper substrate can only be
0.15 mm. Lastly, the intricate EM coupling requires careful iterative
tuning.

We fabricate four surfaces with phase configurations set to steer
the beam towards 45 degrees and test the beam steering performance.
We see over 20 dB power gain towards the target directions, which
shows that the generated surfaces provide the desired phase control
capabilities at the target frequencies.

Programmable phase-shifting metasurface. Next, we show the
capability of AutoRF to create a new design by adding a metal sheet
layer (Figure 10). AutoRF first interprets the user demand to get
the specifications – a programmable phase-shifting metasurface at
2.4 GHz, with reflective being the default mode. Then it selects
the RF-Mediator surface as the template design, which is a pro-
grammable impedance matching surface. By adding a metal sheet,
we can convert the design to a programmable phase-shifting meta-
surface by reflection resonance. The design maker automatically
generates the design proposal and circuit model block description.
Then, the circuit model simulator fetches impedance values of the
template from the design library, verifies the viability of the design
and finds the best substrate thickness to be around 5 mm. The design
maker then generates the final design by adding a metal sheet design
object and tune related design parameters. The final design shows a
high reflection power and near-2-pi phase control range as shown
in Figure 10 (f). We fabricate the design and measure the reflection
phase control range as shown in Figure 10 (d-e). By varying differ-
ent voltages applied to the varactor diodes on the surface, we can
control the capacitance of the diodes and subsequently the reflection
phase of the surface. The measured phase shifts from 2 GHz to

3 GHz match well with the simulation, which verifies the design
correctness.
Novel low-loss transmissive mmWave metasurface. We show a
case study of designing a novel transmissive low-loss mmWave
metasurface with two paper-based pattern layers in Figure 11. Au-
toRF chooses transmissive split ring resonator [31, 61] as the tem-
plate design. Despite having a large phase control range for cross-
polarization signals, the template design has a low cross-polarization
power efficiency, which does not meet the user demand. The design
maker then proposes adding a second layer of metallic pattern to
improve the power efficiency and uses the circuit model simulator
(cross-polarization is also supported by circuit model) to verify and
suggest suitable surface pattern combinations and substrate thick-
ness. Then, the design maker edits the design in HFSS and fine-tune
the design parameters.

This leads to the final design, the first high-efficiency phase-
control transmissive mmWave metasurface that allows low-cost hot-
stamping fabrication. For mmWave transmissive surfaces, we often
either sacrifice power efficiency or use very expensive low-loss PCB
substrate. This novel design brings new opportunities for low-cost
metasurface based mmWave sensing and communication systems.
We fabricate the design and measure the transmissive power and
phase control range as shown in Figure 11 (d-h). We use a 3D-printed
plastic frame to create an air gap between the two hot-stamped paper-
based metallic pattern layers and assemble them, with a size of 20 cm
by 25 cm. The fabricated surface shows a high transmitted through
power (S21) of -2.5 dB at 24Ghz, which is over 4dB higher than
the original one-layer template design. We have a 2-𝜋 phase control
range measured with different patterns, which is further verified with
a beam steering surface towards 45 degrees in Figure 11 (h).
Antenna design adaptation. We show two antenna design examples
in Figure 12. AutoRF automatically adapts the designs to 2.4GHz
and 5.8GHz by tuning the design parameters, such as feedline width,
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Design a transmissive 
mmWave surface for 
sensing applications at 
24GHz. It should be 
low-loss and low-cost.

Spec: 
24GHz, Transmissive, low loss, 
passive, phase control, paper …

Template: Transmissive Split Ring on Paper

Proposal: 
Adding an extra pattern layer for better S21
Circuit Model Block:
Air  - Surface – Substrate – Surface - Air
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Figure 11: Case Study: Transmissive low-loss paper-based mmWave metasurface. (a) User demand (b) Summarized LLM outputs (c)
Generated surface design (d-e) Fabricated surface and measurement setup. (f) Measured transmission power efficiency (normalized). (g)
Measured phase shifts versus different patterns. (h) Measured beam steering performance towards 45 degrees.
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Figure 12: Case study: Antenna design automation. We show
results for (a) a 5.8GHz elliptical patch antenna and (b) a 2.4GHz
rectangular patch antenna.

patch length. As shown in Figure 12, we fabricate the designs from
AutoRF and measure the port reflection power (S11). Low S11
means signal power is transmitted away from antenna to air; the
range with S11 below -10dB shows the operating frequency range,
which matches with targets. These two designs are nontrivial, repre-
sentative examples because they each include 3 structures: a feedline,
a patch and an impedance matching structure, tuning these three
structures rely on different equations and reasoning.

6 Conclusion
We presented AutoRF, the first agentic framework for automated RF
hardware design, bringing LLM-based reasoning to RF hardware
design. AutoRF efficiently searches and optimizes designs, with cir-
cuit model simulator for coarse exploration followed by fine-grained
EM simulator-based optimization. We also tailored feedback mech-
anisms to train a reliable and performant language model. AutoRF
achieves around 90% end-to-end success rate for metasurfaces and
antennas, while delivering over 10X optimization time speedups.
Fabricated case studies match simulations well, demonstrating gen-
eralizability and capability for novel designs. We believe this work
takes a concrete step toward a faster, more scalable, and more ac-
cessible RF design process for next-generation wireless systems.
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Design a metasurface that can improve 
60GHz mmWave wireless coverage

You’d pick a surface made of tiny, carefully arranged elements that can 
tweak ... By tuning the geometry .., you can steer the 60 GHz waves.

Write python  code to design and simulate 
and tune a metasurface for 60GHz mmWave 
using pyAEDT package

Here’s a simple way to set things up:
from pyaedt import Hfss
# For example, draw a patch 
patch = hfss.modeler.create_rectangle( [0, 0], [1, 1], name="Patch" ) ... 

❌ Brief and vague guidance

❌Minimal code example with errors

Figure 13: Example LLM responses without AutoRF. Without
our system design, ChatGPT does not provide helpful answers for
metasurface design.

Port0 Port1

𝐸!, 𝐻! 𝐸", 𝐻"

Figure 14: Definition of transmission (ABCD) matrix.

A Appendix
A.1 Circuit Model Theory
We consider the circuit model as a cascade of two-port microwave
circuit networks, following microwave network analysis theory [55].
Each block, as a two-port network, can be characterized with a
ABCD matrix, which is defined by the ratios of total electronic and
magnetic fields at the two ports (Figure 14):[

𝐸0
𝐻0

]
=

[
𝐴 𝐵

𝐶 𝐷

] [
𝐸1
𝐻1

]
(1)

We take Figure 4 (b) as an example, which includes 3 two-port
networks, each block with ports marked as circles. We model the
metasurface pattern as a shunt circuit component, and model the
substrate or air gap as a transmission line, as shown in Figure 4 (c),
following common practice for circuit modeling of metasurfaces [53,
72].

The ABCD matrices for the shunt circuit component and transmis-
sion line are well-understood [55]. Therefore, we have the ABCD

matrix for each layer of surface pattern:[
𝐴1 𝐵1
𝐶1 𝐷1

]
=

[
1 0
𝑌1 1

]
(2)

where𝑌1 is the admittance of the shunt circuit component, the inverse
of the surface impedance. We can characterize the specific value
based on HFSS simulations for this single-layer metallic pattern.

The ABCD matrix for the substrate or air gap is[
𝐴𝑠 𝐵𝑠
𝐶𝑠 𝐷𝑠

]
=

[
cos 𝛽𝑘𝑙 𝑗𝑍𝑠 sin 𝛽𝑙

𝑗 sin 𝛽𝑙/𝑍𝑠 cos 𝛽𝑙

]
(3)

where 𝑍𝑠 is the characteristic impedance of the substrate, 𝑙 is the
“length" (thickness) of the substrate, and 𝛽 is the phase constant of
the substrate decided by the dielectric constant 𝜖𝑟 and the frequency
𝑓 .

The key benefit of using the ABCD matrix is that we can easily
compute the transmission matrix for a cascaded circuit model by
multiplying the individual matrices. This helps us model the compli-
cated interactions among the surface patterns and the substrate or air
gap. For our example here, the ABCD matrix for the entire circuit
model is[

𝐴 𝐵

𝐶 𝐷

]
=

[
𝐴1 𝐵1
𝐶1 𝐷1

] [
𝐴𝑠 𝐵𝑠
𝐶𝑠 𝐷𝑠

] [
𝐴2 𝐵2
𝐶2 𝐷2

]
(4)

where 𝐴1, 𝐵1, 𝐶1, 𝐷1 are the ABCD matrices for the first layer
of surface pattern, 𝐴𝑠 , 𝐵𝑠 , 𝐶𝑠 , 𝐷𝑠 are the ABCD matrices for the
substrate or air gap, and 𝐴2, 𝐵2, 𝐶2, 𝐷2 are the ABCD matrices for
the second layer of surface pattern.

Finally, by converting the result transmission matrix to a scatter-
ing matrix (S-matrix), we can efficiently estimate key performance
metrics, such as the transmission coefficient (S21) and reflection
coefficient (S11), as

𝑆11 =
𝐴 + 𝐵

𝑍0
−𝐶 𝑍0 − 𝐷

𝐴 + 𝐵
𝑍0
+𝐶 𝑍0 + 𝐷

,

𝑆21 =
2

𝐴 + 𝐵
𝑍0
+𝐶 𝑍0 + 𝐷

,

which includes both power and phase information.
We also support modeling the polarization information, by ex-

tending the theory above. Specifically, both the ABCD matrix and S-
matrix are extended to 4x4 matrices, where the first two rows/columns
are for the horizontal polarization and the last two rows/columns are
for the vertical polarization.
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