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Abstract– Since 2022, LLM adoption among ASIC/FPGA developers has grown, though privacy, availability, and
cost remain barriers. We present the Verilog Assistant Novel Chatbot Entity (VANCE): a 4-billion parameter, open-
weight model based on Qwen3. VANCE achieves competitive performance with GPT-4o in spec-to-RTL generation while
remaining small enough to run on a standard engineering laptop without a discrete GPU.

I. INTRODUCTION

We introduce VANCE, a SystemVerilog-tuned LLM that outperforms many foundation models and most domain-
specific models in generating RTL from natural-language specifications. By limiting the footprint to 4 billion
parameters, VANCE improves privacy and reduces cost by enabling local deployment on engineering laptops. This
paper details the data curation, training pipeline, and benchmark results.

II. ARCHITECTURE & METHODS

For VANCE, we chose Qwen3-4B-Base as our base model for its reasoning capabilities and permissive licens-
ing [1]. Training data is formatted using Qwen’s default chat templates and contains virtually no LLM-generated
HDL code – all HDL code samples pre-date ChatGPT’s release on Nov 30, 2022 or were created in-house.

A. Data Curation & Processing
Organic SystemVerilog examples were harvested from permissively licensed GitHub repositories (via BigQuery,

from a Nov 26, 2022 checkpoint) and a 2015 snapshot of OpenCores. Samples were syntax-checked via slang [2]
and filtered by AI agents for utility, clarity, practical use, and teaching value. Samples scoring below 50% were
rejected. From this, ∼5k code samples remain, and “specification” prompts were created by pairing interface data
harvested from slang with design descriptions created by AI agents.

To supplement this, we used rule-based code generators (including portions of CraftRTL [3]) to create 33k
correct-by-construction samples with prompts and testbenches. Additional data includes: 200 hand-coded spec-to-
RTL prompt and code pairs, 1k boolean algebra simplification prompts with step-by-step solutions, 94k synthetic
Q&A pairs generated from public SystemVerilog resources, 5k Stack Overflow/Electrical Engineering SE pairs, 10k
verified Python prompt-code pairs [4], and 600 verified C++ prompt-code pairs [5]. Training data was filtered to
exclude benchmark sources (e.g., HDLBits solutions on GitHub).

B. Model Training
VANCE was trained on four NVIDIA RTX 3090 GPUs using a two-stage process: Supervised Fine-Tuning (SFT)

followed by Reinforcement Learning with Verifiable Rewards (RLVR).
1) SFT: For SFT, we used Axolotl [6] and the full dataset described above. We configured our runs for a full

parameter fine-tune with a 12k token context window, a batch size of 1 with sample packing enabled, and a learn
rate of 7.5e-5 with cosine decay. The 94k synthetic SystemVerilog Q&A pairs are trained for only 2 epochs to
prevent overfitting while prioritizing code generation, while the remainder of the dataset is trained for 5 epochs.

2) RLVR: For RLVR, we employed VeRL [7] on a representative subset of 3k specification-code pairs. To fit
memory constraints, we used low-rank adapter (LoRA) parameter-efficient fine-tuning (PEFT) with a rank of 32
and alpha of 32. We further reduce the memory footprint by decreasing the context window from 12k tokens (used
in SFT) to 5k tokens and selected only samples where the reference code is shorter than 2k tokens. We used Group
Sequence Policy Optimization (GSPO) [8] as the RL algorithm. Rewards for the generated code samples (rollouts)
are binary (pass/fail), determined via Icarus Verilog [9] if a testbench is available, or via Yosys EQY [10] formal
equivalence checking against the golden reference code if no testbench is present.



TABLE I
COMPARISON OF VANCE TO POPULAR FOUNDATION MODELS AND VERILOG-SPECIFIC MODELS ON THE VERILOGEVALV2 SPEC-TO-RTL

BENCHMARK [11]. THE BEST RESULTS PER CATEGORY ARE HIGHLIGHTED IN BOLD.

Type Model Size Pass@1 (%) Source

Foundational

Gemini 3 Flash - 90.7 [12]
Gemma-4-31B-it 31B 88.0 [13]
Kimi-K2.5 1000B 87.2 [13]
GPT-5 mini - 81.8 [12]
DeepSeek R1-0528 685B 81.5 [13]
gpt-oss-120b 120B 78.8 [13]
gpt-oss-20b 21.5B 69.7 [13]
Claude Sonnet 4 - 67.2 [12]
GPT-4o - 64.1 [14]
Qwen3-4B-Thinking-2507 4B 45.4 This work
Qwen3-4B-Instruct-2507 4B 33.1 This work

Verilog-tuned

ScaleRTL (Qwen3) [15] 32B 76.3 [15]
CodeV-R1-7B (Qwen2.5-Coder) [14] 7B 68.8 [14]
CraftRTL (Starcoder2) [3] 16B 68.0 [3]
QiMeng-CRUX (Qwen2.5-Coder) [16] 7B 64.7 [16]
OriGen (DeepSeek-Coder) [17] 7B 54.2 [13]
CodeV (CodeQwen1.5) [18] 7B 48.4 [19]
HaVen (CodeQwen1.5) [20] 7B 47.3 [13]
RTLCoder (DeepSeek-Coder) [21] 7B 39.5 [13]
VeriReason (Qwen2.5) [22] 7B 34.4 [12]

Ours VANCE (Qwen3) 4B 69.4 This work

III. EXPERIMENTAL EVALUATION

We evaluated VANCE in a zero-shot setting on the VerilogEvalV2 benchmark [11], where it achieved a pass@1
rate of 69.4% and a pass@8 rate of 84.0% over n = 8 samples per prompt. Table I compares these results against
instruction-tuned and thinking variants of Qwen3-4B, which were evaluated in-house, as well as several foundational
and Verilog-specific models based on externally reported performance.

To verify the claim that VANCE will run on a laptop, we deployed 8-bit GGUF quantization of VANCE on
an HP laptop (AMD Ryzen 5 5500U, 32GB RAM), achieving a speed of 6 tokens/sec using llama.cpp [23] for
CPU-only inference.

IV. CONCLUSION

VANCE demonstrates that domain-specific tuning and verifiable rewards can allow a 4B parameter model to
reach GPT-4o-level RTL generation. This democratizes high-quality AI assistance by enabling local execution.
Future work includes extending VANCE to multi-file projects, agentic flows, and SVA/UVM generation.
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