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Abstract001

Generating accurate circuit schematics from002
high-level natural language descriptions re-003
mains a persistent challenge in electronics004
design, as large language models (LLMs)005
frequently hallucinate in granular details,006
violate electrical constraints, and produce007
non-machine-readable outputs. We present008
CircuitLM, a novel multi-agent LLM-aided009
circuit design pipeline that translates user010
prompts into structured, visually interpretable011
CircuitJSON schematics through five sequen-012
tial stages: (i) LLM-based component iden-013
tification, (ii) canonical pinout retrieval, (iii)014
chain-of-thought reasoning by an electron-015
ics expert agent, (iv) JSON schematic syn-016
thesis, and (v) force-directed SVG visualiza-017
tion. Anchored by a curated, embedding-018
powered component knowledge base. While019
LLMs often violate electrical constraints, Cir-020
cuitLM bridges this gap by grounding gen-021
eration in a verified and dynamically ex-022
tensible component database, initially com-023
prising 50 components. To ensure safety,024
we incorporate a hybrid evaluation frame-025
work, namely Dual-Metric Circuit Validation026
(DMCV), validated against human-expert as-027
sessments, which achieves high fidelity in028
microcontroller-centric designs. We evalu-029
ate the system on 100 diverse embedded-030
systems prompts across six LLMs and intro-031
duce DMCV to assess both structural and elec-032
trical validity. This work bridges natural lan-033
guage input to deployable hardware designs,034
enabling reliable circuit prototyping by non-035
experts. Our code and data will be made pub-036
lic upon acceptance.037

1 Introduction038

Electronics design traditionally demands deep do-039

main expertise, precise component knowledge,040

and painstaking schematic drafting—barriers that041

exclude novices, hobbyists, and rapid proto-042

typers from innovation. Recent advances in large043
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Figure 1: Example of a circuit schema generated by
CircuitLM from one of our benchmark prompts.

language models (LLMs) have sparked interest 044

in automating this process via natural language 045

prompts, such as “Build a circuit to blink an LED 046

with a button using Arduino.” Yet, LLMs fal- 047

ter here: they hallucinate non-existent pin labels 048

(e.g., inventing “LEDPIN” instead of “D13”), ignore 049

power rails or safety resistors, and output prose 050

rather than machine-readable formats ill-suited for 051

tools like Fritzing1 or Proteus Design Suite.2 052

Prior efforts, such as PINS100 and MICRO25 053

benchmarks (Jansen, 2023), rely on automated 054

pinout matching or manual expert review of 055

schematics and code, but overlook holistic elec- 056

1https://fritzing.org/
2https://www.labcenter.com/
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trical validity, structured outputs, and visualiza-057

tion. This gap motivates CircuitLM, our multi-058

agent LLM framework that decomposes prompt-059

to-circuit generation into modular stages with060

agent-enforced rules and criteria for automated061

verification. By integrating LLM reasoning with062

a local vector database of canonical components,063

CircuitLM grounds designs in real hardware while064

enforcing logical wiring (e.g., SDA-to-SDA nets,065

current limiting).066

Our system includes a five-stage pipeline: (i)067

Identification (NER for components), (ii) Re-068

trieval (Qwen3 embeddings over a ChromaDB in-069

dex with auxiliary fuzzy string matching), (iii)070

Reasoning (CoT for pin-level logic), (iv) Genera-071

tion (CircuitJSON), and (v) Visualization (force-072

directed SVG layouts). A curated knowledge073

base for electrical components, enabling semantic074

matching and strict pin enforcement.075

We rigorously evaluate six frontier LLMs on076

100 prompts using an independent QA agent.077

Our scoring metric combines Library Compli-078

ance (checking exact pins/IDs) and Electrical079

Logicality (verifying functional soundness) into080

a weighted total. Furthermore, we provide081

a suite of open-source artifacts—including our082

dataset, database, and visualizer—to facilitate083

reproducibility. Our results demonstrate Cir-084

cuitLM’s efficacy, and overall performance av-085

erages across all benchmarks range from 8.503086

to 7.865. This work makes four primary con-087

tributions: (1) CircuitLM, a modular multi-agent088

pipeline that transforms natural language into089

structured circuit connections; (2) CircuitJSON,090

a schematic description format; (3) Dual-Metric091

Circuit Validation (DMCV), a dual-metric evalua-092

tion framework for verifying both library compli-093

ance and electrical logic; and (4) a grounded ar-094

chitecture that reduces pin hallucinations through095

local vector database retrieval.096

2 Related Works097

Electronic circuit design automation has evolved098

from deterministic, heuristic-driven algorithms to-099

ward stochastic, agentic AI frameworks, reflect-100

ing the increasing complexity of embedded sys-101

tems and the demand for higher-level abstraction102

in hardware synthesis. Early applications of Ma-103

chine Learning (ML) in Electronic Design Au-104

tomation (EDA) focused on localized optimiza-105

tion within the physical design flow, employ-106

ing Convolutional Neural Networks (CNNs) for 107

routability prediction and Graph Neural Networks 108

(GNNs) for netlist representation and parasitic es- 109

timation (Talebzadeh et al., 2021). While effective 110

at specific VLSI stages, these approaches lacked 111

the semantic capacity to interpret high-level user 112

intent or natural language specifications. The suc- 113

cess of Large Language Models (LLMs) in soft- 114

ware engineering subsequently motivated research 115

into hardware generation, particularly in Hard- 116

ware Description Languages (HDLs). Systems 117

such as VerilogEval (Thakur et al., 2023) and 118

ChipChat (Blocklove et al., 2023) demonstrated 119

LLM-based RTL generation via conversational in- 120

terfaces. However, generating complete electronic 121

schematics introduces substantially higher com- 122

plexity, requiring physical grounding through ac- 123

curate pin mappings, power management, and in- 124

tegration of heterogeneous peripherals. A key 125

challenge in autonomous schematic generation 126

is the hallucination of connectivity, where mod- 127

els invent invalid pin labels or violate electri- 128

cal constraints. Recent work has explored struc- 129

tured intermediate representations to mitigate this 130

issue. Schemato (Matsuo et al., 2025) recon- 131

structs schematics from formal netlists, while 132

EESchematic (Liu and Chitnis, 2025) investigates 133

end-to-end generation using standardized sym- 134

bol libraries. Nonetheless, existing datasets and 135

frameworks—such as LLM4Netlist (Ye et al., 136

2025)—remain focused on synthesizable digi- 137

tal logic, leaving embedded systems and analog 138

sensor-rich designs largely unaddressed. 139

To mimic human engineering workflows, re- 140

search has pivoted toward Multi-Agent Systems 141

(MAS), which have already demonstrated good 142

efficacy in mathematical (Wan et al., 2025) 143

and physics (Siddique et al., 2025) reason- 144

ing. By decomposing design into specialized 145

roles—such as design, verification, and rout- 146

ing agents—MAS frameworks employ “debate 147

and critique” mechanisms to reduce error rates 148

(Hong et al., 2024). Cutting-edge frameworks like 149

MenTeR (Chen et al., 2025) utilize diagram-aware 150

RAG (Retrieval-Augmented Generation) and “cir- 151

cuit think tanks” for automated RF/analog de- 152

sign. Furthermore, studies on agent topologies 153

suggest that distributed reasoning consistently out- 154

performs monolithic models by isolating sub-task 155

complexity (Pan et al., 2025). 156

CircuitLM bridges these gaps by introduc- 157

ing a novel multi-agentic pipeline that enforces 158
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Figure 2: An overview of the CircuitLM framework.

physical grounding through a canonical retrieval159

database. By moving beyond simple text genera-160

tion to a structured, reasoning-first approach, this161

study provides the first comprehensive evidence162

that agentic frameworks can handle the multi-163

dimensional constraints of real-world embedded164

prototyping, producing manufacturing-ready out-165

puts that are both logically sound and visually in-166

terpretable.167

3 Methodology168

We bring forth a multi-step, multi-agent pipeline169

that transforms a high-level, natural language170

project idea (the user prompt) into a structured,171

logically sound circuit definition. The pipeline172

contains the following stages:173

3.1 Stage I: Components Extraction174

(Identification Agent)175

In the initial phase, a specialized Identification176

Agent, powered by an LLM, parses the user’s nat-177

ural language project idea. The agent’s primary178

objective is to perform named entity recognition179

(NER) and intent analysis to extract a comprehen-180

sive list of necessary hardware. We gave the Iden-181

tification Agents the generic names of components182

(i.e. Pressure Sensor, Arduino Uno, IMU Sensor183

etc.) so they could use the available components. 184

In order to minimize the number of input tokens, 185

we just sent fixed keywords as component names 186

rather than the complete component data. The out- 187

put of this stage is a structured JSON array con- 188

taining the component names (e.g., [“Arduino”, 189

“Motor Driver”, “DC motor”]), which serves 190

as the inventory for the subsequent stages. Figure 191

3 depicts a component identification LLM agent 192

receiving user input and returning an array of re- 193

quired components. 194

3.2 Stage II: Component Matching 195

(Retrieval Agent) 196

To ensure the design is grounded in physically re- 197

alizable hardware, the list from Stage I is passed 198

to the Retrieval Agent. First, the agent applies an 199

embedding model to carry out a similarity search 200

over a local vector-based knowledge base (Lewis 201

et al., 2021) containing canonical electronic com- 202

ponents. Because semantic search alone can- 203

not identify every component, a secondary fuzzy 204

search is performed using a dictionary of equiv- 205

alent components. The results from the seman- 206

tic and fuzzy searches are then amalgamated. By 207

mapping the identified component names to corre- 208

sponding records in the component database, the 209

agent constructs a dictionary that associates each 210

component with its verified canonical name and 211

precise pin-out definitions, as illustrated in Fig- 212

ure 4. This step is crucial as we need the ex- 213

act pin names and numbers to create a circuit 214

schematic. LLMs often hallucinate such details, 215

so we retrieve this information directly from a cu- 216

rated database. To prevent hallucinations when 217

a user requests hardware not present in the local 218

knowledge base, the system triggers an OOD (out- 219

of-distribution) flag, halts execution, and requests 220

human evaluation. 221

3.3 Stage III: Design Reasoning (Electronics 222

Expert Agent) 223

The Electronics Expert Agent acts as the cogni- 224

tive core of the pipeline. Taking the original user 225

prompt, the validated component list, and the as- 226

sociated pin definitions as input, this agent per- 227

forms high-level engineering reasoning. It pro- 228

duces a structured Chain-of-Thought (CoT) doc- 229

ument (Wei et al., 2023). This document explic- 230

itly details the circuit’s functional goals, power 231

requirements, safety considerations, and the pin- 232

level wiring logic required to achieve the desired 233
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behavior. By decomposing the complex electron-234

ics requirements into these hierarchical sub-tasks,235

the agent utilizes a least-to-most prompting strat-236

egy (Zhou et al., 2023). This intermediate step237

reduces complicated significant circuit problems238

into smaller, multi-step problems and enhances the239

circuit’s electrical logicality (Wang et al., 2023)240

before any code is generated. Figure 5 illustrates241

how the retrieved component information and user242

prompt are fed into the CoT agent, which then re-243

turns a detailed reasoning text.244

3.4 Stage IV: Schematic Generation (Circuit245

Generation Agent)246

This stage is handled by the Circuit Generation247

Agent, which interprets the detailed CoT doc-248

ument and canonical pin data into a machine-249

readable format, as shown in Figure 7. The agent250

outputs a strictly formatted CircuitJson object,251

which is largely inspired by the Wokwi3 simula-252

tion platform by Asparuhova et al. (2024). This253

object includes precise component placement (co-254

ordinates and rotation) and a comprehensive list of255

pin-to-pin connections. The resulting JSON file is256

ready for downstream rendering in the schematic257

viewer. The pseudocode in Listing 1 shows the258

structure of CircuitJSON.259

3.5 Stage V: Schematic Visualizer260

A visualization engine converts the gener-261

ated CircuitJSON into an interpretable circuit262

schematic using SVG-based component represen-263

tations rendered directly in the browser. Each264

component in the local database is mapped265

to a corresponding SVG symbol, enabling de-266

terministic, platform-agnostic visualization via267

TypeScript-based SVG manipulation. For previ-268

ously unseen or undefined components, the engine269

dynamically generates a generic rectangular sym-270

bol with labeled pins, ensuring graceful handling271

of unknown component specifications. Layout272

generation begins with a force-directed placement273

algorithm (Schönfeld and Pfeffer, 2019), model-274

ing components as nodes and electrical connec-275

tions as spring forces. Repulsive forces prevent276

overlap, while attractive forces promote proximity277

between connected components, producing a com-278

pact and readable initial layout. Wire routing is279

then performed using a multi-strategy Manhattan-280

style approach (Lee, 1961), evaluating straight,281

3https://wokwi.com/

L-, Z-, and U-shaped paths. Routing heuristics 282

prioritize shorter paths, fewer bends, and mini- 283

mal crossings to reduce visual clutter and improve 284

schematic clarity (Figure 7). The overall prompt- 285

to-circuit pipeline is summarized in Figure 2. 286

Unlike traditional EDA workflows that focus 287

on netlist generation for fabrication, our sys- 288

tem adopts a visual-first synthesis paradigm. By 289

omitting the netlist stage, we prioritize human- 290

readable schematics that emphasize functional 291

structure and spatial relationships, making the sys- 292

tem lightweight and well-suited for early prototyp- 293

ing and educational use. 294

3.6 Firmware Code Generation 295

While the primary pipeline focuses on circuit 296

generation and evaluation, a firmware code- 297

generation agent is also included to demonstrate 298

the potential for automated firmware deployment, 299

although it is not part of the core design workflow. 300

We include firmware code generation for ESP32 301

and Arduino boards, if available, in the follow- 302

ing circuit. We pass the prompt and the generated 303

CircuitJSON to the code-generation agent. LLMs 304

have already demonstrated state-of-the-art perfor- 305

mance in standard software engineering bench- 306

marks, such as HumanEval (Chen et al., 2021) 307

and MBPP (Austin et al., 2021). Given that the 308

software-side logic for basic embedded tasks of- 309

ten follows well-documented, repeatable patterns, 310

we consider that generating syntactically correct 311

firmware is a relatively trivial task for frontier 312

models compared to hardware synthesis. 313

3.7 SPICE Simulation and ERC 314

Although circuit simulation and electrical rule 315

checking (ERC) are integral components of tradi- 316

tional electronic design automation (EDA) work- 317

flows, they were intentionally excluded from the 318

proposed system due to both technical limitations 319

and misalignment with the system’s objectives. 320

SPICE-based simulators are fundamentally de- 321

signed for continuous-time analog modeling, ex- 322

celling at transistor-level and passive component 323

analysis. However, the circuits generated by our 324

system are microcontroller-centric, frequently in- 325

corporating platforms such as Arduino or ESP32, 326

whose behavior is dominated by firmware exe- 327

cution, digital I/O state machines, and peripheral 328

configuration. Electrical Rule Checking (ERC) 329

typically operates on a formal netlist with pin- 330

level electrical constraints (drive strength, volt- 331
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age domains, pin direction, and power classes).332

CircuitLM deliberately bypasses netlist generation333

in favor of producing human-readable, visually334

structured schematics intended for early-stage de-335

sign exploration, education, and prototyping.336

4 Experimental Setup337

The experiment was designed to ensure fair and338

robust benchmarking of the candidate LLMs. We339

run the experiments multiple times, and the fi-340

nal score is calculated as the mean across all341

runs. This setup contains the implementation of342

the knowledge base and the configuration of the343

LLM agents.344

4.1 Local Knowledge Base345

A key element of the system is the curated com-346

ponent library, stored in a ChromaDB vector347

database. This database serves two primary func-348

tions:349

• Components List: Providing a finite and au-350

thoritative set of components, including their351

canonical identifiers, mandatory pin labels,352

and known aliases. This enables strict evalua-353

tion while still supporting flexible component354

retrieval.355

• Semantic Component Resolution: Translat-356

ing verbally requested components generated357

by the LLM in Stage I into definitive canoni-358

cal component keys and pin sets required for359

the final CircuitJson representation in Stage360

IV.361

• Database: ChromaDB (persistent client). Its362

lightweight architecture and schema flexibility363

allow rich component metadata (pins, aliases,364

specifications) to be stored alongside embed-365

dings, simplifying the mapping from semantic366

queries to canonical component definitions.367

• Embedding Model: Qwen3-Embedding-0.6B368

(Yang et al., 2025) model is used to compute369

dense vector representations of component de-370

scriptions. Component matching is performed371

using cosine similarity with an empirically de-372

termined similarity threshold. The Qwen3 em-373

bedding model provides high-quality semantic374

representations for short, technical phrases and375

structured component metadata in electronics376

domains. The model offers a favorable bal-377

ance between retrieval accuracy and computa-378

tional efficiency (Zhang et al., 2025b), mak-379

ing it well-suited for persistent vector search380

(Lewis et al., 2021) in ChromaDB. 381

• Library Structure: Each component entry 382

includes a canonical name (key), mandatory 383

pin labels, physical dimensions (width and 384

height), aliases, a natural language description, 385

category, typical usage, and technical specifi- 386

cations. Strict adherence to the defined pin la- 387

bels (e.g., D21, GND, VCC) is enforced during 388

final evaluation (Dimension 1). 389

4.2 Benchmarked Large Language Models 390

A total of 6 distinct LLMs are benchmarked as 391

candidate models across the key text-generation 392

stages of the proposed multi-agent pipeline 393

(Stages I, III, and IV). The evaluated models are 394

as follows: 395

• openai/gpt-5-mini 396

• google/gemini-2.5-flash 397

• deepseek/deepseek-chat-v3.1 398

• qwen/qwen3-235b-a22b-2507 399

• x-ai/grok-code-fast-1 400

• meta-llama/llama-3.3-70b-instruct 401

All models were accessed through a unified API 402

interface to ensure consistency in prompt format- 403

ting and execution conditions. The temperature 404

parameter was fixed at 0 for all experimental runs. 405

4.3 Dataset (User Prompts) 406

Ye et al. (2025) provides a prompt-based dataset 407

for netlist generation; it focuses exclusively 408

on synthesizable digital logic circuits in Ver- 409

ilog, excluding embedded systems, sensors, IoT, 410

or Arduino-specific components, PWM motor 411

drivers and sensor interfaces. Our experiment uti- 412

lizes a set of 100 diverse user prompts covering a 413

broad range of embedded systems projects, from 414

basic LED control and motor speed control to 415

complex multi-actuator circuits, communication 416

bus interfacing (I2C, SPI, UART), and sensor inte- 417

gration (IMU, DHT, PIR, LDR etc.). This ensures 418

a rigorous test of the system’s ability to handle 419

complexity, ambiguity, and technical constraints. 420

The CircuitLM benchmark prompts primarily fo- 421

cus on physical embedded systems. 422

4.4 Expert Human Validation 423

To calibrate the LLM-based Evaluation Agent and 424

validate the proposed DMCV metric, we con- 425

ducted a rigorous manual audit of 25% of the 426

synthesized circuits. This validation phase uti- 427
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lizes a panel of three electrical engineers serv-428

ing as domain experts to evaluate the schematics429

for functional viability, safety, and industrial best430

practices. Beyond static schematic review, they431

performed dynamic functional verification. Sam-432

ples from the generated dataset were reconstructed433

within high-fidelity virtual prototyping environ-434

ments, specifically Wokwi and Tinkercad Circuit435

Simulator. We see that expert judgments correlate436

strongly with the evaluation agent scores.437

4.5 Evaluation and Scoring438

While existing benchmarks such as PINS100439

and MICRO25 evaluate component pinout knowl-440

edge through automated JSON matching and441

microcontroller-based circuit generation via man-442

ual expert review of schematics and code (Jansen,443

2023), they lack machine-processable output444

formats and fine-grained electrical correctness445

checks, such as net assignment validation, power446

integrity, or pin-level compatibility. PINS100 fo-447

cuses narrowly on binary pin accuracy without448

wiring logic, while MICRO25’s PASS@1 relies449

on human verification of functionality. Conse-450

quently, these benchmarks provide limited cover-451

age of practical electrical validity.452

To address this gap, we introduce DMCV (De-453

terministic and Model-assisted Circuit Valida-454

tion), a hybrid evaluation framework for assess-455

ing the correctness of LLM-generated electronic456

circuit designs. DMCV combines deterministic,457

rule-based validation with LLM-powered electri-458

cal reasoning to produce a unified quality score on459

a 0–10 scale. This hybrid design enables both pre-460

cise detection of structural errors and contextual461

assessment of electrical plausibility.462

Electrical rationality is evaluated using an463

independent QA Agent instantiated with the464

anthropic/claude-sonnet-4.5 model, se-465

lected for its strong long-context reasoning and466

instruction-following performance. Prior work467

has shown that Claude Sonnet models exhibit468

lower rates of format violations and higher con-469

sistency when performing structured, rule-based470

evaluation tasks (Zhang et al., 2025a; Zheng et al.,471

2023). Importantly, utilizing a model family472

distinct from the generation models reduces473

potential bias arising from self-evaluation.474

DMCV Scoring. The score SDMCV ∈ [0, 10] is475

computed as a weighted combination of an electri-476

cal logic score and a library compliance score: 477

SDMCV = 0.6Slogic + 0.4Scomp 478

The weighting puts more gravitas on electrical 479

correctness over syntactic or library-level compli- 480

ance, reflecting the higher safety and functionality 481

risks associated with electrical design errors. 482

Library Compliance Score. The library com- 483

pliance score captures violations related to com- 484

ponent schemas and pin-level connectivity. Let ns 485

denote the number of component definition errors 486

and np the number of pin assignment or net con- 487

nection errors. The compliance score is computed 488

using a penalty-based formulation: 489

Scomp = max

(
0,

100− 10ns − 5np

10

)
. 490

The penalty weights for ns and np are assigned 491

based on the principle of structural integrity. We 492

weight component definition errors (ns) twice as 493

heavily as pin assignment errors (np) because the 494

former represents a failure in physical ground- 495

ing—hallucinating a component footprint renders 496

all associated nets logically void. Conversely, pin 497

assignment errors are treated as localized logical 498

faults that, while disruptive to functionality, do not 499

violate the fundamental hardware schema defined 500

in our canonical database. 501

This formulation begins with a nominal score 502

of 100, applies fixed penalties based on detected 503

errors, and rescales the result to the 0–10 range to 504

match the electrical logic score. 505

Electrical Logic Score. The electrical logic 506

score evaluates the circuit’s functional plausibility, 507

safety, and adherence to fundamental electrical de- 508

sign principles. The QA Agent acts as a Lead QA 509

Engineer, identifying and categorizing issues by 510

severity: 511

1. Fatal Errors (−2.0 each): Power rail shorts, 512

direct GPIO-to-supply conflicts, critical bus 513

miswirings etc. 514

2. Major Errors (−1.0 each): Missing cur- 515

rent limiting on driven loads, voltage level 516

mismatches, floating grounds, or insufficient 517

power isolation. 518

3. Minor Errors (−0.5 each): Passive com- 519

ponent omissions affecting reliability (e.g., 520

LED without a resistor) or ambiguous polar- 521

ity. 522
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4. Logical Warnings (−0.25 each): Non-fatal523

design concerns such as power budget margin524

issues or missing decoupling capacitors.525

Let nf , nm, nmi, and nw denote the number of526

fatal errors, major errors, minor errors, and logical527

warnings, respectively. The electrical logic score528

is computed as:529

Slogic = clip
(
10− 2.0nf − 1.0nm

− 0.5nmi − 0.25nw, 0, 10
)
.

530

The score begins at 10 and is reduced according to531

detected issues, with the final value clamped to the532

interval [0, 10].533

5 Results534

We evaluated six state-of-the-art LLMs on a535

benchmark set of circuit design tasks using the536

proposed DMCV evaluation framework. For each537

generated circuit, DMCV assigns scores along538

two complementary dimensions: Library Com-539

pliance (Scomp, 40%) and Electrical Logicality540

(Slogic, 60%). These scores are combined into a541

single overall performance metric SDMCV Table 1542

reports the mean library compliance score, electri-543

cal logic score, and aggregated DMCV score for544

each model, averaged across all benchmark tasks.545

Table 1: Benchmark results across LLMs (µ± σ)

Model Scomp
µ

Scomp
σ

Slogic
µ

Slogic
σ

Overall

Gemini 2.5 Flash 9.960 0.06 7.532 0.14 8.503
Qwen-3 235B 9.941 0.07 7.285 0.15 8.347
Deepseek v3.1 9.881 0.08 7.374 0.13 8.377
Grok Fast Code 9.861 0.08 7.381 0.13 8.373
GPT-5 Mini 9.054 0.13 7.658 0.12 8.217
Llama-3.3 70b Instruct 9.479 0.09 6.789 0.16 7.865

The evaluation outputs from each model are546

processed to compute average per-dimension547

scores and weighted total scores, which are visu-548

alized in Figure 8, which is a grouped bar chart549

showing library and electrical scores, and Figure550

9, a scatter plot chart comparing all six LLMs.551

These results reflect the behavior of models as552

served by OpenRouter4 at the time of evaluation;553

due to the dynamic nature of unpinned model ver-554

sions, exact reproducibility across different times-555

pans is not guaranteed.556

The aggregated DMCV scores (Table 1) range557

from 7.865 (Llama-3.3 70B) to 8.503 (Gemini558

4https://openrouter.ai/

2.5 Flash). Gemini 2.5 Flash achieves the high- 559

est overall score, driven by near-perfect Scomp = 560

9.960 and robust electrical reasoning. Deepseek 561

v3.1 and Grok Fast Code exhibit nearly identi- 562

cal overall performance (8.377 and 8.373 respec- 563

tively), indicating a stabilization in design capabil- 564

ities among frontier models. Notably, GPT-5 Mini 565

presents a unique profile: despite having the low- 566

est Scomp = 9.054 due to minor pin-labeling hallu- 567

cinations, it achieves the highest Slogic = 7.658 in 568

the cohort. Conversely, Llama-3.3 70B represents 569

the benchmark’s lower bound, suggesting that al- 570

though it can identify components, it faces signif- 571

icant challenges in reasoning. Figures 10 and 11 572

show the scores of each LLM by prompts. 573

6 Discussion 574

The evaluation of LLMs’ performance in auto- 575

mated circuit synthesis reveals robust capabil- 576

ity in digital protocol mapping, contrasted with 577

pervasive failure in functional analog reasoning. 578

Across the compiled metrics, models consistently 579

achieve a Scomp ≈ 10.0 for standard compo- 580

nent interfacing, yet demonstrate significant vari- 581

ance in Slogic when transitioning from logical pin- 582

mapping to complex topological synthesis. High- 583

precision models, specifically DeepSeek v3.1 and 584

Grok Fast, maintained high fidelity in digital com- 585

munication tasks such as SPI, UART, and I2C in- 586

terfacing. In contrast, models like GPT-5 Mini 587

exhibited extreme performance volatility, achiev- 588

ing perfect scores of 10.0 on logic-heavy security 589

system prompts while scoring 0.0 on fundamental 590

sensor integrations such as the Real-Time Clock. 591

A critical “analog reasoning gap” is evident in 592

tasks requiring the design of RC low-pass filters 593

or LC smoothing circuits, in which most models 594

failed to produce electrically valid outputs, yield- 595

ing scores of 0.0. This suggests that while LLMs 596

excel as digital librarians for ubiquitous platforms 597

like the ESP32 and Arduino, their limited ability to 598

generalize to niche hardware ecosystems—such 599

as the Franzininho—and their lack of systemic 600

electrical intuition render them unreliable for au- 601

tonomous analog design or safety-critical power 602

applications without expert human oversight. 603

These results highlight the importance of a 604

strong, high-density component library as a fun- 605

damental prerequisite for preventing LLM-driven 606

design errors and guaranteeing schematic validity. 607

One of the primary goals of our research is to as- 608
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sess the design reasoning and one-shot schematic609

generation capabilities of state-of-the-art LLMs610

when grounded by a canonical database. Introduc-611

ing an automated repair loop would obscure the612

raw performance of the underlying models. More-613

over, we adopted a feed-forward multi-agent ar-614

chitecture to minimize computational latency.615

7 Ablation Study616

To assess the contribution of explicit reasoning to617

circuit generation quality, we conducted an ab-618

lation study by removing the Design Reasoning619

(Chain-of-Thought) Agent from the proposed620

pipeline. In this ablated configuration, the Circuit621

Generation Agent receives only the user prompt622

and the validated component list, without access623

to the intermediate reasoning document.624

7.1 Ablation Setup625

All other stages of the pipeline remain unchanged,626

including component identification, component627

retrieval, and schematic generation. Instead of628

passing the CoT trace to schematic generation, we629

only pass the user prompt, retrieved components630

to the schema generation agent. The ablated sys-631

tem is evaluated using the same two-dimensional632

scoring rubric. The experiment is repeated multi-633

ple times on the same prompts, and the final score634

is reported as the mean across all runs.635

7.2 Ablation Results636

Table 2 details the impact of removing the De-637

sign Reasoning Agent from the pipeline. While638

most models showed performance gains through639

their removal—most notably DeepSeek v3.1640

(∆Slogic = +0.750) and Gemini 2.5 Flash641

(∆Slogic = +0.482)—Llama-3.3 70b demon-642

strated the highest output stability (σ = 0.11).643

Conversely, GPT-5 Mini exhibited a significant644

degradation when the reasoning agent was inte-645

grated, with its electrical accuracy dropping by646

0.638 (σ = 0.25).647

Table 2: Impact of removing the CoT agent

Model Full
Overall

No CoT
Overall

Slogic
∆

Slogic
σ

Gemini 2.5 Flash 8.503 8.314 ↑ +0.482 0.18
Qwen-3 235B 8.347 8.173 ↑ +0.290 0.15
DeepSeek v3.1 8.315 7.880 ↑ +0.750 0.24
Grok Code Fast 1 8.373 8.176 ↑ +0.328 0.16
GPT-5 Mini 8.217 8.367 ↓ −0.638 0.25
Llama-3.3 70b Instruct 7.865 7.840 ↑ +0.092 0.11

These findings reinforce recent evidence that 648

Chain-of-Thought prompting is not universally 649

optimal (Meincke et al., 2025). While CoT can 650

improve average performance for some models, 651

it may also introduce variability or reduce accu- 652

racy on tasks the model would otherwise solve 653

correctly, particularly for models with built-in rea- 654

soning capabilities. In such cases, explicit lin- 655

guistic reasoning may interfere with internal rep- 656

resentations—a phenomenon consistent with ver- 657

bal overshadowing (Liu et al., 2025). Moreover, 658

the added token cost and latency of CoT prompt- 659

ing often outrank its marginal accuracy gains for 660

reasoning-oriented models (Meincke et al., 2025). 661

We therefore advocate a model-aware reasoning 662

strategy that selectively applies Chain-of-Thought 663

prompting only when it yields measurable gains, 664

rather than adopting it as a default. 665

8 Conclusion and Future Work 666

We present a multi-agent framework that bridges 667

the gap between high-level natural-language in- 668

tent and physically realizable electronic schemat- 669

ics. By decomposing the design process into mod- 670

ular agents for retrieval, reasoning, and synthe- 671

sis, we mitigate the pervasive issues of pin hal- 672

lucination and structural inconsistency inherent in 673

general-purpose LLMs. Our results demonstrate 674

that grounding design logic in a curated, canonical 675

component knowledge base allows frontier models 676

to achieve high levels of library compliance. 677

Future work aims to evolve the current frame- 678

work into an industrial-grade EDA system. A 679

key objective is the adoption of a heterogeneous 680

multi-agent architecture, replacing a monolithic 681

model with specialized agents assigned to distinct 682

stages—using high-level reasoning models for 683

logic design and syntactically constrained models 684

for structured JSON generation. To improve re- 685

liability, we plan to incorporate an Evaluation- 686

Feedback-in-the-Loop (EFIL) mechanism, en- 687

abling iterative correction based on evaluation er- 688

rors and warnings. Furthermore, we will also 689

explore a Consensus-Based Evaluation Ensem- 690

ble, utilizing multiple frontier models to conduct 691

a “cross-check” of electrical logic, thereby further 692

reducing the probability of undetected design fail- 693

ures. We encourage future researchers to adopt the 694

proposed CircuitJSON format as a standard for 695

dataset creation, helping bridge natural language 696

specifications and hardware design. 697
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9 Limitations698

Our framework presents specific limitations, pri-699

marily regarding computational overhead and la-700

tency. Due to the multi-agent architecture requir-701

ing iterative queries for each prompt, inference702

times can be significant. We observed variable703

latency contingent upon the specific model tier704

and external API network conditions. To miti-705

gate this in future iterations, we intend to explore706

local model quantization to ensure deterministic707

response times. Additionally, our experimental708

scope was constrained to a knowledge base of 50709

components; while this set was selected to repre-710

sent a broad taxonomy of electrical categories and711

easily scalable, it remains a limited subset. Fur-712

thermore, regarding validation, the extensive vol-713

ume of circuits generated by the six LLMs pre-714

cluded exhaustive manual verification. Instead,715

we used a random sampling strategy to validate716

the automated assessment. Moreover, relying on a717

single LLM model as the primary evaluator intro-718

duces a limitation due to potential stochastic bias.719

Finally, the reliance on the fixed CircuitJSON720

structure constitutes a limitation on interoperabil-721

ity.722
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A Appendix 858

How do I connect Sonar
sensor with arduino which
will be on top of a servo

Component
Identification LLM

Agent

   [
      "arduino",
      "sonar",
      "servo",
      "capacitor"
    ]

Figure 3: Input output data of component identification
agent

   [
      "arduino",
      "sonar",
      "servo",
      "capacitor"
    ]

Component Database

  {
        "arduino-uno": {
           "height": 213, "width": 290, "key": "arduino-uno",
            "pins": "AREF,GND,D13,D12,D11, ... ,A3,A4,A5"
        },
        "servo": {
            "height": 66, "width": 170, "key": "servo",
            "pins": "GND,VCC,DATA"
        },
        "capacitor": {
            "width": 28, "height": 52, "key": "capacitor"
            "pins": "+,-",
       },

....
  }

Figure 4: Components pin out information is retrieved
by using the component’s name from the database

  {
        "arduino-uno": {
           "height": 213, "width": 290, "key": "arduino-uno",
            "pins": "AREF,GND,D13,D12,D11, ... ,A3,A4,A5"
        },
        "servo": {
            "height": 66, "width": 170, "key": "servo",
            "pins": "GND,VCC,DATA"
        },
        "capacitor": {
            "width": 28, "height": 52, "key": "capacitor"
            "pins": "+,-",
       }
  }

User Input: How do I connect Sonar
sensor with arduino which will be on

top of a servo

CoT Agent

Circuit Design: HC-SR04 Sonar Sensor and Servo Mounted on Arduino Uno Objective: Create a circuit
where an HC-SR04 ultrasonic distance sensor is physically mounted on a servo motor, both controlled by an
Arduino Uno. The Arduino will trigger the sensor, read the echo pulse, and adjust the servo position based on
distance measurements. The system operates from a 9V battery supply.

Key Electrical Constraints:

Supply voltage: 9V DC input to Arduino Vin (7-12V range acceptable).\n- Arduino provides regulated 5V and
3.3V rails; HC-SR04 and servo require 5V.\n- HC-SR04 operates at 5V logic; TRIG and ECHO pins are 5V-
tolerant.\n- Servo motor typically operates at 4.8-6V; powered from Arduino 5V rail if current draw is within
limits (<500mA).
Environment: Typical indoor/outdoor robotics; consider decoupling for noise...

Figure 5: Workflow of the chain of thought agent, it
takes the user’s prompt and the retrieved components
list and generates a reasoning for building the circuit
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Figure 8: Stacked bar chart showing the average
scores for Library Compliance, Electrical Logicality,
and Overall score across all LLMs.

Figure 6: Circuit Schematic generated by the visualiza-
tion engine

CircuitJson {
    version: number; author: string;
    parts: Array<{
        type: string; id: string;
        top: number; left: number;
        attrs: Record<string, any>; rotate?: number;
    }>;
    connections: Array<[ string, string, string, string[] ]>;
};

Schematic Generation Agent

Retrieved
Components with

PINS

Chain of Thought
(Text)

Figure 7: The circuit schematic generator agent takes
the chain of thoughts along with a components list to
create a high-level JSON representation of the circuit.
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Model Performance Trade-off: Library vs Electrical
Models

Gemini 2.5 Flash
Qwen-3 235B
Deepseek v3.1
Grok Fast Code 1
GPT 5 Mini
Llama-3.3 70B Instruct

Figure 9: Scatter plot chart illustrating normalized av-
erage scores per dimension for all LLMs. This visual-
ization highlights the relative strengths and weaknesses
of each model in Library Compliance and Electrical
Logic.

859
1 CircuitJson 860
2 version : Number 861
3 author : String 862
4 parts : List of Part 863
5 connections : List of Connection 864
6 865
7 Part 866
8 type : String // e.g. "arduino -uno" 867
9 id : String // unique instance ID 868

10 top : Number // Y-coordinate 869
11 left : Number // X-coordinate 870
12 attrs : Map <String , Any > 871
13 rotate: Number (optional) 872
14 873
15 Connection 874
16 startPin: String // e.g. "arduino :5V" 875
17 endPin : String // e.g. "l298n:5V" 876
18 color : String // wire color 877
19 route : List <String > // routing 878

instructions 879880

Listing 1: CircuitJSON Schema Definition
The top, left, rotate are for placement of components,
attrs is a flexible map for additional information
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Figure 10: The matrix plot chart illustrates the performance of six LLMs with regard to the electrical logic score
(Slogic) for each prompt.
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Figure 11: The matrix plot chart illustrates the performance of six LLMs with regard to the library compliance
logic score (Scomp) for each prompt.
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