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AI for Chip Design Automation

• Chip Design: Extensive domain knowledge required

• Diverse design knowledge: Logic design, physical design, 
verification, analog design, etc.

• Diverse EDA tool chains: DC Compiler, PrimeTime, ICC2, Innovus, 
reports, LEF/DEF, etc.

• AI for Chip Design Automation

• Significant improvement from agentic method 
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Agentic AI for Chip Design

RTLFixer [DAC’24]
(Yun-Da, Mingjie Liu, Mark Ren)

ReAct + RAG

Prompting, ReACT, 
CoT

Multi-Agent & Multi-
Modality Agentic 

System

Learning-Based 
Agentic AI

LLM

LLM for Standard Cell Design Optimization 
[NTECH’24, ICLAD’24 Best Paper]

(Mark Ho, Mark Ren)
ReAct+ Netlist Tools Reasoning

Timing Analysis Agent [NTECH’24]
(Jatin Nainani, Mark Ho, et al)

Multi-Agent +  TDRG

DRC-Coder [NTECH’24, ISPD’25]
(Chen-Chia Cheng, Mark Ho, Mark Ren)

Vision & Multi-Agent + ReAct

VerilogCoder [AAAI’25]
(Mark Ho, Mark Ren, Brucek Khailany)
Multi-Agents + Dynamic Task Graph + 

Customized Waveform Debugger

Marco [VLSIT’25]
(Mark Ho et al.)

Multi-Agents System for Chip Design

AssertForge [ICLAD’25]
(Yunsheng Bai et al.)

Knowledge Graph Reasoning SVAGen

Domain Adapted Foundation 
Model

ASPEN [MLCAD’25]
(Niansong Zhang et al.)

Egraph + Agent => RTL Rewrite

FVRuleLearner [VTS’26]
(Lily Wan, Mark Ho, et al.)

Agent Training, Structural Reasoning

FVDebug [DVCon’26]
(Yunsheng Bai et al.)

Causal graph + Jasper Gold

Knowledge Graph, 
Graph-Assisted Agentic 

Methods,
Tree Search (MCTS)

SchemaCoder [DAC’26]
(Lily Wan, Mark Ho, et al.)

Unsupervised Training + Gradient Boosting for 
Log Analysis

Polymath [ISPD’26]
(Mark Ho, et al.)

Self-Improved Workflow

Multi-Agent Self-Evolved ABC [DAC’26]
(Cunxi Yu et al.)

Self-Evolving Coding to Improve ABC

MAGE [DAC’25]
(Yujie Zhao et al.)

Multi-Agent RTL Generation

RTLRewriter [ICCAD’24]
(Xufeng Yao et al.)

Cost-aware MCTS for RTL Rewrite

ChipNemo [Arxiv’23]
(Mingjie Liu et al.) 
DAPT for Chip Design

ScaleRTL [MLCAD’25]
(Chenhui Deng et al.)

Reasoning model for RTL

CodeV [TCAD’ 25]
(Yang Zhao et al.)

Fine Tuned RTL Model
TopCell [DAC’26]
(Zhan Song et al.)

LLM-Based Schematic Topology Exploration

Pro-V-R1 [DAC’26]
(Yujie Zhao et al.)

Multi-Agent + GRPO for RTL 
Testbench

BRIDGE [ICLAD’25]
(Wei Li et al.)

Graph Modality + LLMChipAlign [DAC’ 25]
(Chenhui Deng et al.)
Instruction following
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HeaRT [ICLAD’26]
(Souradip Poddar et al.)

Hierarchical circuit reasoning tree

GRPO-SMu [ISQED’ 26]
(Dimple Kochar et al.)

Fine-Tuned LLM for Test Plan Generation

Note: There are many interesting works across different research groups. We selectively list the works due to space limits. 

Cursor + MCP + MCP Rule
[Commercial Agent]

Claude Code, Codex
[Commercial Agent]

LLM4Cov [ICML’26]
(Hejia Zhang et al.)

Stage-wise SFT with Agentic Dataset

AutoPD [ICCAD’26]
(Mark Ho et al.)

Auto-Research on EDA Algorithm

EDAFlowQA [MLCAD’26]
(Mark Ho et al.)

Q-Tree Driven QA Generation

SCALE [ASP-DAC’27]
(Mark Ho et al.)

VLM training for DRV Fixing

EvoDRC [ASP-DAC’27]
(Bing-Yu Wu et al.)

Skill Evolved DRC Fixing



Prompt Engineering, ReACT,  CoT

NVCell

Reasoning, Act

Observation

Cluster 
Constraints Cell PPA

LLM for Standard Cell Layout Design Opt. 
[ICLAD’24 Best Paper Award]

Ho, Chia-Tung, et al. "Nvcell 2: Routability-driven standard cell layout in advanced nodes with lattice graph routability model." Proceedings of the 2023 International Symposium on 
Physical Design. 2023.
Ren, H., & Fojtik, M. (2021, December). Nvcell: Standard cell layout in advanced technology nodes with reinforcement learning. In 2021 58th ACM/IEEE Design Automation Conference 
(DAC) (pp. 1291-1294). IEEE.

RTLfixer 
[DAC’24]



Multi-Agent System
Multi-Modality, Waveform, Knowledge Graph, MCTS

VerilogCoder [AAAI’25]: First using AST-based Waveform Tracer in 
Multi-Agent System 

DRC-Coder [ISPD’25]: First exploring VLM (image) for DRC rule 
coding in Multi-Agent System 



Self-Evolving, Learning-Based Agentic Method

• Challenges customized hand-crafted agentic system 

• Hard to scale

• Burning tokens but didn’t learn from previous experience

• Customized tools are not flexible and adaptable to various similar task

• Require updates once the advancement of LLM tool version to maintain efficiency

• …

• Learning-Based Agentic Methodology

• Evolving the coding & algorithm [AlphaEvolve, OpenEvolve]

• Self-Evolving rules for EDA algorithm evolution (Multi-Agent Self-Evolved ABC [DAC’26])

• Evolving Prompt & Workflow (Polymath [ISPD’26])

• Unsupervised agentic training for extract key schema from design artifacts to improve log analysis (SchemaCoder [DAC’26])

• Rule learning for hard problems (FVRuleLearner [VTS’26])

• Automated Research (AutoPD [ICCAD’26])

• Learning-Based DRV fixing (EvoDRC [ASP-DAC’27])

• …

• Post-training with Agentic Trajectories

• GRPO-SMu, ScaleRTL, LLM4Cov, Pro-V-R1, SCALE, …



Polymath: Self-Improving Hierarchical Workflow for
Multi-Domain Problem Solving [ISPD’26]

Self-Improving Prompt & MAS workflow using LLM judges score on the fly

Self-Reflection Guided Evolutionary Algorithm

• LLM Assistants 𝐴: Each assistant is a functional unit capable of performing a 
complete task, such as coding, reasoning, or file reading.

• Assistant Instruction Prompt P: The input instructions or task descriptions 
provided to

• Links 𝐿: The abstract structures define node relationships and govern execution 
flow.

Code Exe.

Code 1 Code k

Code 
Populations

Evolve

Evaluation

⋯

MAP-Elites and island-based 
population models.



Hardware Design Tasks

• Run the agent on a set of sampled questions; Prior experience + Self-Evolve (5 times) on the fly.



General Coding & Reasoning
Achieve > 10% solve rate on MATH level 5 questions than previous state-of-the-art methods



FVRuleLearner [VTS’26]
Poster: FVRuleLearner: An SVA Generation Agent with Rule Learning via Operator-Level Reasoning Trees

• Functional correctness of SVA generation is 
challenging

• 0.467 pass-rate GPT-4o (FVEval [DATE’25])

• Goal: Learning Op-Rules to improve functional 
correctness

• Dataset: 80% for training, 20% for testing

• Training Phase:

• Weak Learner Op-Tree (LLM-based)

• Learned Corrected Op-Trees 

• Testing Phase:

• Fetch Top-k reasoning traces from N weak learner 
Op-Trees

• Adaptation: mask unnecessary signal name.

• Generate Op-Rules

Kang, Minwoo, Mingjie Liu, Ghaith Bany Hamad, Syed M. Suhaib, and Haoxing Ren. "Fveval: Understanding language model capabilities in formal verification of digital hardware." In 2025 Design, Automation & Test in Europe Conference (DATE), pp. 1-6. IEEE, 

2025.



Experiment Results: Testing Phase

• FVRuleLearner achieves SoTA 85.50% functional correctness with 31.17% improvement over the strongest existing baselines.

• FVRuleLearner achieves 98.39% syntax correctness and 86.24% relaxed functionality on average.



AutoPD: Question-Driven MCTS from Paper Artifacts to
PPA-Adaptive Physical-Design Algorithms  [ICCAD’26]

• Given: 1) A corpus of physical-design research papers, 2) An initial EDA CTS codebase (e.g., OpenROAD) 

• Find: Algorithm-level code modifications that improve post-route PPA (WNS, TNS, power, area) across designs

• Subject to:

• No regressions on timing-clean designs

• Modifications must be implementable and integrable into the existing flow

• Solutions must generalize to unseen designs, not just the training set

• Key Difficulties: Paper ideas are not drop-in: most require non-trivial adaptation to work in a real flow

• CTS-stage gains can become post-route regressions (e.g., iCTS reduces buffer area by 92% but worsens WNS by 10x)

• The same change can help one design and hurt another

• The hypothesis space is combinatorial: which paper, which idea, which code location, which design

• Some findings in the study:

• Without expert knowledge, coding agent can not make meaningful improvement on EDA algorithm

• Without a systematic learning mechanisms, coding agent struggle to create competitive EDA optimization algorithms

• Agentic TCL Script Tuning + EDA Algorithm Co-Optimization for design -> avg 57.6%/63% WNS/TNS improvement



Flow Overview
• Retrieval: Given a Query, we retrieved the relevant seed nodes and perform Personalized Page Rank + Vendi Score

• Rewards: Normalized Delta Post-Route PPA + Coding Agent Execution Reward (Clean build, Crash, etc) 

• Actions: Explore (Questions), Expand (Ideas), Execute (State), Merge (States)



Testing Phase
Q-MCTS training is time consuming

• Scenario 1: Adapt Weak-Learner Traces to a New Design. 

• Profiles the unseen design under geometry, capacitance, and timing features, then retrieves successful directions from the most similar weak learners.

• Leverage coding agent and the successful traces to customize the CTS algorithm for a new design.

• Scenario 2: Distill Traces into a Merged CTS Algorithm.

• Retrieve the successful traces in the training phase.

• Generate a merged CTS algorithm for any unseen designs.



Main Experiment

SOTA Algorithms: OpenROAD, iCTS

SOTA Coding Agents:  Horizon

Ablation: Q-MCTS with batch eval harness env

Ours (WL): WeakLeaner for each design result

Ours (Merged): Merged algorithm result

Ours (Merged) / Ours (WL) vs OpenROAD baseline: 
• 15.9% / 9.5% WNS on avg
• 18.3% / 14.2% TNS on avg
• 0.0% / 6.7% mW on avg 

Ours (Merged) / Ours (WL) vs HORIZON (Coding Agent): 
• 8.6% / 1.7% WNS on avg
• 17.9% / 13.8% TNS on avg
• 0.0% / 6.7% mW on avg 



Agentic Tcl Script Flow Tuning Experiment

Script Tuning on Ours (Merged) vs. Untuned Baseline
• WNS: −27.10 → −11.48 ps (+57.6%)
• TNS: −538.34 → −199.40 ps (+63.0%)

Script Tuning on Ours (Merged) vs. Script Tuning on OpenROAD CTS
• WNS: −13.82 → −11.48 ps (+16.9%)
• TNS: −252.32 → −199.40 ps (+21.0%)



Conclusion & Future Works

• Self-evolving agents improve how they solve tasks: Polymath evolves prompts and multi-agent workflows through reflection and 
evaluation, reducing reliance on fixed, manually engineered systems.

• Self-learning agents retain and reuse experience: FVRuleLearner turns corrected reasoning traces into reusable rules for SVA 
generation. Learning from prior attempts—not simply spending more tokens—is key to improving functional correctness.

• Automated research advances from execution to discovery: AutoPD combines research-paper knowledge, question-driven search, and 
post-route feedback to develop CTS algorithm changes. Algorithm optimization and Tcl flow tuning are complementary, but gains must 
be checked across designs and PPA objectives.

• Agentic AI for chip design is progressing from hand-crafted workflows to self-evolving agents, reusable learned knowledge, and 
automated EDA research. 

• Domain expertise and tool-based harness are essential.

• Future directions: 

• EDA Harness Env for Agentic AI, and Agentic AI Evolving for EDA

• EDA Flow & Algorithm Co-Optimization for Design PPA

• Optimization with EDA Algorithm noise?

• EDA Algorithm optimization across various stages?
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SchemaCoder [DAC’ 26]

• Design Opt/Debugging: Besides RTL, the design artifacts of EDA tool chains are essential.

• Current SoTA commercial agents (i.e., Cursor, Claude Code) perform poorly on the EDA log analysis tasks.



Training: Residual Q-Tree Boosting

• Goal: SchemaCoder generates code to extract log file schemas from arbitrary unstructured or structured log files.

• Input: Log file and background knowledge (~100-400 words)

• Output: Parsing program (.py)

 

𝑚 is the log file content, 𝐿 is the loss function, 𝐹 is the parsing 
code, and 𝑆(𝑏, 𝑚) represent the methodology to generate the 𝐹.

• Optimization problem: Iteratively adding weak learners 
(Q-Tree) that correct the errors of previous iterations by 
following the negative gradient of the loss function.



Q-Tree and Evaluation Function 

• For log analysis tasks, designers typically aim to identify the root cause of bugs or anomalies by asking questions and examining the 
corresponding log segments

• Evaluation function is automatically collected from Segment Selection Layer in an unsupervised way

• Gradient provides faster convergence than using AlphaEvolve to optimize the parser code



Experimental Results

• Achieves an 11.7% and 2.9% improvement on pass@1 and 
pass@3 across GPT-5 and Sonnet-4.5. 

• Achieves >10% accuracy improvement on both pass@1 and 
pass@3 for complex QAs in CTS and across stages.

• For general logs (LogHub-2.0), 3.3% improvement in the 
average scores and outperforms SoTA baselines in 9 of 14 
applications on LogHub-2.0.
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