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Abstract

Analog circuit design is a significant task in modern chip
technology, focusing on the selection of component types,
connectivity, and parameters to ensure proper circuit func-
tionality. Despite advances made by Large Language Mod-
els (LLMs) in digital circuit design, the complexity and
scarcity of data in analog circuitry pose significant chal-
lenges. To mitigate these issues, we introduce AnalogCoder,
the first training-free LLM agent for designing analog cir-
cuits through Python code generation. Firstly, AnalogCoder
incorporates a feedback-enhanced flow with tailored domain-
specific prompts, enabling the automated and self-correcting
design of analog circuits with a high success rate. Secondly,
it proposes a circuit tool library to archive successful designs
as reusable modular sub-circuits, simplifying composite cir-
cuit creation. Thirdly, extensive experiments on a benchmark
designed to cover a wide range of analog circuit tasks show
that AnalogCoder outperforms other LLM-based methods. It
has successfully designed 20 circuits, 5 more than standard
GPT-40. We believe AnalogCoder can significantly improve
the labor-intensive chip design process, enabling non-experts
to design analog circuits efficiently.

Code — https://github.com/laiyaol/AnalogCoder

Introduction

Analog circuits, essential for processing real-world signals
such as temperature, pressure, sound, and light, are indis-
pensable in modern integrated circuits. They facilitate ac-
curate sensing, amplification, and filtering, which is crucial
for linking digital systems with physical environments. This
functionality underpins reliable data acquisition and signal
processing across diverse applications.

The success of Large Language Models (LLMs) (Achiam
et al. 2023) has brought new opportunities for automatic
chip design (Zhong et al. 2023). Existing related research
primarily focuses on two tasks: the generation and correc-
tion of Verilog codes (Blocklove et al. 2023; Chang et al.
2023; Thakur et al. 2023a,b; Fu et al. 2023; Liu et al. 2023b;
Lu et al. 2024, Tsai, Liu, and Ren 2023; Liu et al. 2023c;
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Figure 1: Leaderboard of LLM analog circuit design.
LLMs are ranked by the number of analog circuits they de-
sign successfully. It displays several designs and lists the
LLMs that successfully created them.

Pei et al. 2024), and the writing of design scripts (Wu et al.
2024; Liu et al. 2023a). LLMs can convert natural language
descriptions of digital circuit design tasks into Verilog code,
a programming language for designing digital circuits. Once
the code is generated, it can be assessed for correctness by
LLMs or human experts, who attempt to fix errors by ana-
lyzing error information and simulation outputs (Blocklove
et al. 2023; Thakur et al. 2023b; Tsai, Liu, and Ren 2023;
Yao et al. 2024). Due to the scant representation of Verilog in
the public data for training (Guo et al. 2024), LLMs may not
perform as well in generating Verilog code as they do with
widely-used programming languages such as C and Python,
despite ongoing improvement efforts (Pei et al. 2024). Sim-
ilarly, generating design flow scripts is another form of code
generation, converting natural language descriptions of de-
sign requirements into script files. These scripts, written in
Python or Tcl, facilitate the chip design process by invoking
APIs at various stages (Ousterhout 1993; Wu et al. 2024; Liu
et al. 2023a). These design flow scripts typically implement
straightforward logic to transform fundamental workflows
into a series of API calls. However, these works are mainly
for digital circuit design, as listed in Table 1.

Analog circuit design presents significantly more chal-
lenges than digital circuit design (Johns and Martin 2008;
Razavi 2000a; Allen, Dobkin, and Holberg 2011), leaving
the field less explored by LLM-aided methods. The primary



Method Auto!  Fix Errors > Open-Source  Circuit
ChipChat X X v Digital
ChipGPT X X X Digital
VeriGen v X v Digital
AutoChip v v v Digital
VerilogEval v X X Digital
RTLLM v X v Digital
RTLfixer v v v Digital
RTLCoder v X v Digital
ChipNeMo v X X Digital®
BetterV v X X Digital
AnalogCoder v v v Analog

! Without human involvement. > Automatic error fix. > Analog for QA questions.

Table 1: Comparison of works. AnalogCoder is the first
LLM-based work on analog circuit design. It operates with-
out human feedback and features automatic error correction.

challenges include: (1) Complexity. Unlike digital circuit de-
sign, which predominantly employs simple logic gates, ana-
log circuits comprise diverse components such as voltage
and current sources, MOSFETsS, resistors, and capacitors.
The complexity is further compounded by the intricate in-
terconnections and settings required (Poddar et al. 2024).
Even minor adjustments can significantly alter the circuit’s
functionality, potentially leading to a combinatorial explo-
sion due to the vast search space. (2) Abstraction level.
Digital circuit design languages like Verilog (Thomas and
Moorby 2008) allow developers to write at a high level of
abstraction, such as assigning functionality directly, with-
out needing to specify the underlying hardware components
like logic gates. In contrast, analog circuit design requires a
direct representation of the physical components in the de-
sign code. It necessitates a more detailed and component-
specific design process, making it more difficult to utilize
LLM assistance effectively. For example, while a digital
adder can be succinctly implemented in a single line of Ver-
ilog code, constructing an analog adder requires meticulous
configuration and connection of approximately five MOS-
FETs and three resistors (Chaoui 1995). (3) Corpus data
volume. Although Verilog, used for digital circuit design,
constitutes a small fraction (less than 0.1%) of the repos-
itories on GitHub, SPICE (Simulation Program with Inte-
grated Circuit Emphasis) (Vladimirescu 1994), the predom-
inant language for analog design, is even less common. This
scarcity suggests that LLMs may find it more challenging
to learn the design rules for analog circuits compared to
digital ones. Thus, analog circuit design, particularly netlist
generation, is a time-intensive, challenging, and error-prone
process that relies heavily on the meticulous work of ex-
perienced engineers, often requiring several days to meet
specific functional requirements (Dong et al. 2022b; Allen,
Dobkin, and Holberg 2011). Some LLM-based circuit opti-
mization works (Liu et al. 2024a; Yin et al. 2024) have re-
cently been proposed, but all are based on the existing man-
ually designed circuit netlist.

To mitigate the shortcomings of traditional manual ana-
log circuit design and bridge the gap in LLM applica-
tions for such tasks, we introduce AnalogCoder, a novel
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training-free LLM-based agent that enables analog circuit
design through the generation of Python code. Specifically,
users can describe their desired analog circuit functionali-
ties in natural language. AnalogCoder automatically gener-
ates the corresponding Python code for the designed circuit,
leveraging the LLM’s strong Python programming capabil-
ities. To further enhance the design capabilities of LLMs,
we propose domain-specific prompt engineering, feedback-
enhanced design flow, and the circuit tool library, greatly in-
creasing the success rate of design.

In this work, we prioritize the correct functionality of
analog circuits, without extensive parameter optimization,
already well-addressed by existing advanced methodolo-
gies (Wang et al. 2020; Lyu et al. 2018; Krylov et al.
2023). Experiments demonstrate that AnalogCoder can au-
tonomously solve 20 out of 24 analog circuit challenges, as
shown in Fig. 1, which surpasses the performance of the
standard GPT-40 (15 solved) and the Llama-3 (11 solved).

This paper makes three main contributions: First, we in-
troduce AnalogCoder, which, to our knowledge, is the first
LLM-based agent for analog integrated circuit design. This
agent establishes a new paradigm by generating Python code
to design analog circuits. Second, we develop a feedback-
enhanced design flow and a circuit tool library, significantly
improving the LLM’s ability to design functional analog cir-
cuits. Third, we introduce the first benchmark specifically
designed to evaluate the ability of LLMs in designing ana-
log circuits. This benchmark comprises 24 unique circuits,
three times the number included in the ChipChat bench-
mark (Chang et al. 2023) and offers 40% more circuits than
the VeriGen benchmark (Thakur et al. 2023a). It features de-
tailed task descriptions, sample designs, and test-benches,
enhancing resources for future research.

Preliminary

Analog Circuits. Unlike digital circuits, which exclu-
sively process discrete binary signals, analog circuits man-
age continuous-valued signals, enabling a diverse array of
functionalities (Razavi 2000b). For example, an analog am-
plifier, as depicted in Fig. 2, is engineered to enhance the
amplitude of an input signal, expressed as Vi, (t) = A, X
Vin(t), where V;,, (t) and V,,.+(t) denote the time-variant be-
havior of the input and output voltage signals, respectively,
and A, represents the voltage gain of the amplifier. More-
over, operational amplifiers (op-amps) are high-gain voltage
amplifiers with differential inputs, featuring a non-inverting
input V;,,, and an inverting input V,,. The output of the
op-amp is expressed as Vo (t) = Ay X [Vingp () — Vipn (£)],
enabling it to be configured to perform a variety of analog
signal operations, including integration, differentiation, ad-
dition, and subtraction. When configured as an adder, for in-
stance, the operational amplifier can implement the function
Vout (t) = —[Vin1 (£)+Vin2(t)]. Moreover, when set up as an
integrator, it can integrate the input voltage signal, yielding
an output given by Vo, (t) = — [ Vi, (t) dt/7, where 7 rep-
resents the time constant associated with the resistance and
capacitance values within the circuit. These analog circuits
demonstrate how analog operations transform input signals
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Figure 2: Circuit Representation. We input the task into
the LLM, and it outputs Python code. Three interconvert-
ible representations of the designed circuit: (1) Circuit dia-
grams typically take days for human experts to design due
to the intricate and demanding process of selecting and con-
necting components. (2) SPICE code with formatted netlists.
(3) Python code with the PySpice library, achieving circuits
equivalent to those generated by SPICE code. Experts man-
ually sketch circuit diagrams due to the complexity and non-
intuitive nature of coding.
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into output signals, accomplishing computations more effi-
ciently than clock-dependent digital circuits. Testing an ana-
log circuit involves applying a specific input and verifying
that the output aligns with expected standards to ensure its
correct operation. After simulation, attributes such as gain
are identified as specifications. These specifications are es-
sential for validating the circuit’s performance against its de-
sign requirements.

Code Representation for Circuits. To facilitate the
description and simulation of analog circuit designs,
SPICE (Vladimirescu 1994) has been introduced. Often
used as a programming language, this tool allows design-
ers to specify the complex interconnections between elec-
tronic components within a circuit. With SPICE codes, the
behavior of circuits can be accurately simulated and ana-
lyzed, with each component, such as resistors, capacitors,
and voltage or current sources, carefully itemized and con-
nected in a notation recognized industry-wide. In the SPICE
syntax, the fundamental constructs are elements and nodes
(see Fig. 2). The elements refer to various electronic com-
ponents like resistors and transistors, while nodes denote the
points at which these elements are interconnected. As shown
in the circuit diagram in Fig. 2, the amplifier comprises four
elements: two voltage sources, V4 and V;,, for the power
supply and signal input, respectively; one N-channel MOS-
FET, M, for signal amplification; and one resistive load,
Rp. Four lines in the SPICE code describe these elements.
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Each line in the SPICE code starts with the element name,
followed by the names of the nodes to which the element
is connected. For instance, the resistor R is connected be-
tween nodes V4 and V,,,;. The corresponding SPICE code
lineis ‘RD Vdd Vout 10k’, where ‘10k’ denotes 10 k{2.
Specifically, since a MOSFET has four connection nodes,
the corresponding code line will include four node labels
delineating the drain, gate, source, and bulk connections.
PySpice (Salvaire 2021) integrates SPICE code with the
Python programming language, leveraging Python’s user-
friendly syntax and robust ecosystem to simplify circuit sim-
ulation and data processing, as demonstrated in the Python
code in Fig. 2. This integration allows for more accessible
and efficient design workflows, broadening the usability of
SPICE. Since LLMs excel at Python programming (Khan
et al. 2023; Zheng et al. 2023), we chose Python with the
PySpice library to automate the creation of circuits, replac-
ing the tedious manual process.

Our Approach

Method Overview. AnalogCoder is an LLM-based agent
that interprets task descriptions in natural language to gen-
erate Python code, automatically representing functionally
correct analog circuits. To enhance the agent’s design capa-
bilities, we implemented a comprehensive methodology as
shown in Fig. 3, including prompt engineering, a feedback-
enhanced design flow, and a circuit tool library. Prompt engi-
neering enhances the agent’s design thinking through strate-
gic, problem-solving prompts. The feedback-enhanced de-
sign flow uses multiple checks to provide error feedback
to the agent, facilitating the correction of failed designs by
LLMs. The circuit tool library, a modular sub-circuit reposi-
tory, systematically organizes designed circuits as tools, en-
abling straightforward retrieval and reuse by LLMs for com-
plex circuit designs.

Prompt Engineering. We initially established a well-
crafted design prompt to maximize the design capabilities
of LLMs. Our approach to prompt engineering encompasses
three main aspects: (1) programming language selection, (2)
in-context learning (Dong et al. 2022a), and (3) Chain-of-
Thought (Wei et al. 2022). Despite the capability of LLMs to
generate code in multiple programming languages, their per-
formance in Python surpasses that in most others (Cassano
et al. 2023; Zheng et al. 2023). Additionally, many promi-
nent code-generating LLMs, such as CodeLlama (Roziere
et al. 2023) and WizardCoder (Luo et al. 2023), are primar-
ily fine-tuned on Python datasets, indicating a bias towards
Python. Conversely, the training datasets for most LLMs,
which are based on GitHub, do not contain sufficient data
on SPICE code (Guo et al. 2024). Therefore, to mitigate
this limitation, we directly prompt the LLM to generate ex-
ecutable Python code compatible with the PySpice library.
Furthermore, we integrate in-context learning (Dong et al.
2022a) to enhance circuit design, providing a detailed ex-
ample of a two-stage amplifier with active and resistor loads
as one-shot learning (Brown et al. 2020). This example facil-
itates the LLM’s learning and imitation and standardizes its
output, minimizing errors. All design tasks are distinct from
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Figure 3: Method Overview. (a) Standard method. (b) Our method for basic circuit. Input the design prompts to the
feedback-enhanced design flow, enabling the automated error fix with LLMs. Successfully designed circuits are added to the
circuit tool library, while failed designs are returned to the LLM for automatic fixing. (¢) Our method for composite circuit.
The process adds a step of querying the library to retrieve invocation methods for subcircuits, which are then integrated into the

design prompt to facilitate the design of composite circuits.

the provided example to maintain evaluation fairness. Ad-
ditionally, the Chain-of-Thought strategy (Wei et al. 2022)
involves prompting the LLM to generate a detailed design
plan, including necessary components and their interconnec-
tions. This plan subsequently guides the generation of the
corresponding design code, simplifying the design task sig-
nificantly. Complete prompts can be seen in the Appendix.

Feedback-Enhanced Design Flow. Various errors are of-
ten observed in the code generated by LLMs. Consequently,
guiding LLM:s to correct the generated codes based on error
messages is crucial. Numerous studies (Hong et al. 2023;
Chen et al. 2023; Olausson et al. 2023; Tsai, Liu, and Ren
2023; Thakur et al. 2023a) have suggested that providing
LLMs with relevant error information helps LLMs fix faulty
code. However, for the analog circuit design, besides the
runtime errors that may occur when executing SPICE sim-
ulations, additional verification of circuit-related informa-
tion is necessary to ensure the correctness of the design.
In analog circuit design, when a design fails, we return ei-
ther runtime errors from the Python code or circuit-specific
test errors to the LLM, as illustrated in Fig. 4. We divide
the feedback-enhanced flow into four stages: (1) require-
ment check, (2) simulation and operating point check, (3)
DC sweep check, and (4) function check. The requirement
check is to verify whether the generated code meets the ba-
sic design requirements, such as the presence of requisite in-
puts and outputs, and the inclusion of essential circuit com-
ponents. The simulation and operating point check initially
assesses whether the generated analog circuit can success-
fully execute simulations, aiming to identify issues such as
floating nodes and other potential errors. Once the simula-
tion passes, the static operating point voltages of nodes are
achieved. Examining these operating point voltages ensures
that the MOSFET transistors are in their correct operational
states. The DC sweep check performs a direct current (DC)
analysis by changing the voltage at the input nodes and ob-
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serving the corresponding changes at the output nodes to
verify the integrity of the signal path from input to output.
This method also helps identify the optimal bias voltage, in-
creasing the success rate of the design. The function check
simulates specific input waveforms and observes the out-
puts to verify the analog circuit’s fundamental functionali-
ties. The simulation may involve DC, AC (alternating cur-
rent), or transient analyses depending on the circuit types.
For any errors occurring in these checks, the relevant error
information is returned to the LLM, which then prompts it
to regenerate complete and correct codes. Due to limitations
in the LLMs’ code repair capabilities, we allow up to three
times code generations.

Circuit Tool Library. As analog circuit design tasks be-
come more complex and the implementation code grows
more intricate, it becomes increasingly challenging for
LLMs to generate correct circuits. To address this complex-
ity, basic circuits can be encapsulated into subcircuit mod-
ules in the SPICE code, facilitating their integration into
more composite assemblies. Building on this modular ap-
proach and inspired by the tool-based LLM studies (Wang
et al. 2023; Qin et al. 2023), we adopted a circuit tool library
that stores correctly designed subcircuits for easy reuse in
more complex designs. As illustrated in Fig. 5, our approach
involves two main processes: adding circuits to the library
(top) and retrieving circuits from the library (bottom). Af-
ter an LLM-based agent completes a basic circuit design
task, we add the circuit codes and the specifications from
the simulation results to the circuit tool library. If a circuit
task has been successfully completed multiple times, store
the optimal circuit design based on the key specification,
such as gain. The task descriptions and circuit information
are stored as keys for queries, while the codes and calling
methods are stored as values. In composite circuit design,
the task description is used to formulate a query prompt, en-
abling the retrieval of the requisite subcircuit tools by LLMs.
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Figure 4: Feedback-Enhanced Design Flow. The flow facilitates autonomous error correction in designs by the LLM agent
without human intervention. Error messages are returned to the LLM to assist in refining the design. Suggestions are saved as
templates according to error types. The entire flow is adaptable to nearly all categories of analog circuits.

The agent initially retrieves the indices of the required sub-
circuits and then uses these indices to fetch all correspond-
ing specifications and calling methods. This information is
then integrated with the task description and automatically
re-entered into the LLM to design the circuit. At this stage,
the agent uses the retrieved subcircuits’ calling methods to
directly integrate them into the code, thereby designing com-
posite circuits. As shown in Fig. 5, when designing an op-
amp integrator, the LLM queries and retrieves the index cor-
responding to the required subcircuit, a single-stage op-amp.
Subsequently, the task description, along with the pertinent
information of this subcircuit, is input into the LLM, which
then generates the design code for the op-amp integrator.

Fine-tuning. Due to the scarcity of datasets for analog cir-
cuits and inspired by GPT-assisted data generation (Liu et al.
2024b), we collected samples of successful circuit designs
created by GPT-3.5, GPT-40, and Llama-3 to fine-tune GPT-
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3.5 by the provided API. We gathered successful designs for
each task and clustered them into three categories using text
vectorization (Sparck Jones 1972). One design from each
category was selected and paired with the input prompt to
form initial pairs, then refined through text filtering to create
the fine-tuning data.

Experiments

We extensively evaluate the capability of LLMs in
analog circuit design, including Mixtral-7x8B (Jiang
et al. 2024), CodeLlama-70B-Instruct (Roziere et al.
2023), Wizardcoder-33B-V1.1 (Luo et al. 2023), Llama3-
70B (Al@Meta 2024), DeepSeek-V2 (DeepSeek-Al 2024),
GPT-3.5-turbo (Brown et al. 2020), GPT-4-turbo (Achiam
et al. 2023) and GPT-40. CodeLLlama and WizardCoder are
code generation LLMs, fine-tuned on Llama?2 (Touvron et al.
2023) and StarCoder (Li et al. 2023), respectively. Llama-
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Figure 5: Circuit Tool library. Top: Addition of new tools derived from successfully designed basic circuits. Here, descriptions
and specifications are keys, while design codes are stored as values. Bottom: Retrieval of tools from the library for designing
composite circuits. The process begins with the LLM querying necessary tools using the task description. Subsequently, the
keys and values of the retrieved tools, with the task description, are employed as prompts for circuit design.

3 and DeepSeek-V2 are the newest open-source general
LLMs. WizardCoder, DeepSeek-V2, and Llama-3 are LLMs
that outperformed GPT-3.5 on the HumanEval (Chen et al.
2021) coding tasks (Liu et al. 2024c). Additional models can
be seen in the Appendix. Open-source models were evalu-
ated on 4 Nvidia A100 GPUs.

Metrics. We use ‘Pass@k’ (Kulal et al. 2019) (k=1, 5), a
metric widely used in code generation tasks (Roziere et al.
2023; Li et al. 2022; Luo et al. 2023; Liu et al. 2024c; Guo
et al. 2024), as the main evaluation metric. It is defined
as the ratio of correct generations within %k independent
trials, with higher values being better. We conduct n trials
(n > k), and compute Pass@k = 1 — (") /(}), where ¢
is the number of successful trials. For open-source LLMs
and GPT-3.5, we set n 30; for fine-tuned GPT-3.5,
GPT-4, and GPT-40, n = 15. ‘# Solved’ refers to the count
of distinct tasks for which a circuit design is successfully
achieved at least once in n trials.

Benchmark. We have developed a comprehensive bench-
mark of analog circuit design tasks, detailed in Table 2. The
difficulty of these tasks is determined by the number of com-
ponents and the complexity of their connections. Tasks 1-15
are basic circuits, while 16-24 are composite circuits.

Main Results. Table 3 compares our LLM agent, Analog-
Coder, based on GPT-40 and incorporates prompt engineer-
ing, flow feedback, and a circuit tool library with other
LLM-based methods. To ensure a fair comparison and high-
light the tool library’s impact, we applied our strategies
across all LLMs but specifically excluded the circuit tool li-
brary from GPT-40 to isolate its effects. The results indicate
that Llama-3 and DeepSeek-V2, the latest open-source mod-
els, demonstrate a marginally superior capability in circuit
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Figure 6: Visualization for successful and failed designs.
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design compared to GPT-3.5. However, other open-source
models still exhibit a certain gap compared to GPT-3.5, al-
though some surpassed GPT-3.5 in normal Python coding
tasks (Liu et al. 2024c). This is primarily because circuit de-
sign requires coding skills and specific background knowl-
edge; hence, general LLMs tend to perform better. GPT-40
is still the best LLM for analog circuit design, generally con-
sistent with other findings on its performance in coding tasks
(Luo et al. 2023; Bai et al. 2023; Liu et al. 2024c; Guo et al.
2024). Benefiting from the library, GPT-40 and Llama-3 can
further utilize existing circuits to design more challenging
composite circuits, enhancing their design capabilities.



Id | Type | Circuit Description | 1d | Type | Circuit Description
1 | Amplifier Common-source amp. with R load 13 | Opamp Common-source op-amp with R loads
2 | Amplifier 3-stage common-source amplifier with R loads 14 | Opamp 2-stage op-amp with active loads
3 | Amplifier Common-drain amp. with R load 15 | Opamp Cascode op-amp with cascode loads
4 | Amplifier Common-gate amp. with R load 16 | Oscillator RC Shift oscillator
5 | Amplifier Cascode amp. with R load 17 | Oscillator Wien Bridge oscillator
6 | Inverter NMOS inverter with R load 18 | Integrator Op-amp integrator
7 | Inverter Logical inverter with NMOS and PMOS 19 | Differentiator Op-amp differentiator
8 | Current Mirror | NMOS constant current source with R load 20 | Adder Op-amp adder
9 | Amplifier Common-source amp. with diode-connected load | 21 | Subtractor Op-amp subtractor
10 | Amplifier 2-stage amplifier with Miller compensation C 22 | Schmitt trigger | Non-inverting Schmitt trigger
11 | Opamp Op-amp with active current mirror loads 23 | VCO Voltage-Controlled Oscillator
12 | Current Mirror | Cascode current mirror 24 | PLL Phase-Locked Loop

Table 2: Benchmark Descriptions. Different difficulties are distinguished by background colors ( ,

, and hard).

Model CodeLlama-70B WizardCoder-33B DeepSeek-V2 Llama3-70B GPT3.5 GPT4o (w/o tool) AnalogCoder
Task ID | Pass@l Pass@5 | Pass@l Pass@5 | Pass@l Pass@5 | Pass@l Pass@5 | Pass@l Pass@5 | Pass@l Pass@5 | Pass@l  Pass@5
1 20.0 70.2 93.3 100.0 100.0 100.0 93.3 100.0 86.7 100.0 100.0 100.0 100.0 100.0
2 33 16.7 133 53.8 93.3 100.0 20.0 70.2 70.0 99.9 100.0 100.0 100.0 100.0
3 0.0 0.0 0.0 0.0 83.3 100.0 90.0 100.0 33 16.7 100.0 100.0 100.0 100.0
4 33 16.7 10.0 433 70.0 99.9 83.3 100.0 50.0 97.9 100.0 100.0 100.0 100.0
5 33 16.7 13.3 53.8 76.7 100.0 20.0 70.2 10.0 433 100.0 100.0 100.0 100.0
6 233 76.4 133 53.8 100.0 100.0 100.0 100.0 73.3 100.0 100.0 100.0 100.0 100.0
7 10.0 433 6.7 31.0 100.0 100.0 100.0 100.0 76.7 100.0 100.0 100.0 100.0 100.0
8 133 53.8 20.0 70.2 96.7 100.0 93.3 100.0 66.7 99.8 100.0 100.0 100.0 100.0
9 0.0 0.0 0.0 0.0 93.3 100.0 0.0 0.0 30.0 85.7 100.0 100.0 100.0 100.0
10 0.0 0.0 0.0 0.0 100.0 100.0 83.3 100.0 46.7 96.9 100.0 100.0 100.0 100.0
11 0.0 0.0 0.0 0.0 3.3 16.7 0.0 0.0 0.0 0.0 100.0 100.0 100.0 100.0
12 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 13.3 571 13.3 57.1
13 0.0 0.0 0.0 0.0 3.3 16.7 0.0 0.0 0.0 0.0 100.0 100.0 100.0 100.0
14 0.0 0.0 0.0 0.0 6.7 31.0 0.0 0.0 0.0 0.0 73.3 100.0 73.3 100.0
15 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 13.3 57.1 13.3 57.1
16 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 6.7 333
18 0.0 0.0 0.0 0.0 0.0 0.0 33 16.7 0.0 0.0 0.0 0.0 100.0 100.0
19 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 60.0 99.8
20 0.0 0.0 0.0 0.0 0.0 0.0 33 16.7 0.0 0.0 0.0 0.0 100.0 100.0
21 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 20.0 73.6
17,22-24 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0
Avg 32 12.2 7.1 16.9 38.6 443 28.8 36.4 21.4 35.0 54.2 58.9 66.1 75.9
# Solved 7 7 7 7 13 13 11 10 10 15 15 20 20

Table 3: Main results. LLMs have been enhanced by prompt engineering, design flow feedback, and the tool library.

Ablations. We evaluated the effectiveness of various com-
ponents within our approach using the GPT-3.5 model, with
results presented in Table 4. Specifically, “GPT-3.5 (w/
SPICE)” refers to GPT-3.5 in which the LLM is prompted
to generate SPICE codes rather than Python. The variants
“GPT-3.5 (w/o ICL)” and “GPT-3.5 (w/o CoT)” explore the
impact on performance when omitting in-context learning
and Chain-of-Thought reasoning from the prompts, respec-
tively. Furthermore, “GPT-3.5 (w/o flow)” indicates a setup
in which our proposed design flow was not utilized, and only
the first generated codes were applied for functional testing.
The findings consistently show that removing these compo-
nents leads to a decrease in design performance.

Method | Pass@1 | Pass@5 | #Solved
GPT-3.5 w/ SPICE 13.9 26.9 9
GPT-3.5 w/o ICL 8.1 18.5 7
GPT-3.5 w/o CoT 19.4 26.3 8
GPT-3.5 w/o flow 12.8 253 8
GPT-3.5 21.4 35.0 10
GPT-3.5 Finetune 28.1 39.6 10

Table 4: Ablations and fine-tuning.
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Fine-tuning. We employed a 3-fold cross-validation for
fine-tuning evaluation, using two subsets of design tasks for
fine-tuning and the remaining one for testing. Fine-tuning
was performed using the GPT-3.5 API with two epochs.
The results are shown in Table 4. Fine-tuned GPT-3.5 gen-
erally performs better on design tasks, as fine-tuning helps
standardize design outputs through correct examples and re-
duces common syntax and design errors. However, due to
the inherent limitations of the GPT-3.5 base model, fine-
tuned models struggle to design additional circuits when
data are limited. Further details are provided in the appendix.

Visualization. Several circuit design diagrams are in
Fig. 6, with bottom icons indicating the source LLM:s.

Conclusion

This paper introduces AnalogCoder, a training-free LLM
agent for automatic analog circuit design. By innovatively
transforming the task into Python code generation, it signifi-
cantly reduces the complexity faced by LLMs. It is equipped
with crafted prompts, a feedback-enhanced design flow, and
a circuit tool library, effectively enhancing the preformance.
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