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Al for RTL Coding Today

i ™ Volume Tokens Mean/Max (k)
Question Prompt: ID | Category Description Non- Agentic |Non- Agentic
Implement the Verilog module based on the following description. As- Agentic Agentic
sume that signals are positve clockfclk edge triggered unless otherwise Code Ceneration
stated. ) cid02 | RTL - Code Completion 94 0 1.5/4.5 -

- ) cid03 | RTL - Natural Language Spec to Code 78 37 1.2/6.9 2.771.9
Problem Description: ¢id04 | RTL - Code Modification 56 26 20146 |5.7/19.5
Given an 8-bit input vector [7:0], reverse its bit ordering. cid05 | RTL - Spec to RTL (Module Reuse) 0 26 —~ 7.4/28.5

cid07 | RTL - Code Improvement (Linting/QoR) 41 0 1.9/5.9 -

module top _module |

input [7:0] in cid12 | Design Venfication - Testbench Stimulus Gen. | 68 18 1.4/6.2 2.1/4.6
nufuut | _, L | D; . cid13 | Design Verification - Testbench Checker Gen. | 53 18 2.8/1.3 4.5/10.7
) P o cid14 | Design Verification - Assertion Generation |68 30 2615 |[4.8/14.6
X ) cid16 | Design Venfication - Debugging / Bug Fixing | 36 11 2.3/6.5 3.9/14.5
LY
- Code Comprehension
Canonical Solution: cid06 | Correspondence - RTL to/from Specification | 34 0 1.6/5.5 -
_ cid08 | Correspondence - Testbench to/from Test Plan | 29 0 3.1/6.1 -
assign {out [C],out[l],ocut[2],out[3],out[4], cid09 | Question & Answer - RTL 34 0 1L.1/50 |-
— out[>],out[&],out[/1} = in; cid10 | Question & Answer - Testbench 26 0 1.6/48 |-
endmodule Total # of Problems 617 166
.. A
VerilogEval (2023) CVDP (2025)
/0+% pass rate 10%-40% pass rate
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RTL Code Data Inefficiency

Synthetic Data Generation to the Rescue

mmVolume —--—Num_files

StarCoder: may the source be with you!
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Use Frontier models to generate both instructions
and code for training

+ Code
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CraftRTL: Crafting SDG for VerilogEval

Conventional SDG:

80.1K x [Instruction = code]

Generate data for problems such as : Karnaugh map, FSM and waveform:

28.5K x [non-textual problem instruction =2 code]

Generate data by automatically analyzing common generation errors and injecting these errors to open-
source code shippets:

1.4K x [instruction, wrong code = correct code]

Use NVIDIA nemotron-4-340b-instruct as LLM for SDG

Mingjie Liu and Yun-Da Tsai et al., CraftRTL: High-quality Synthetic Data Generation for Verilog Code Models with Correct-by-

Construction Non-Textual Representations and Targeted Code Repair 4 < nvibia



CraftRTL Models (7B/15B) were SOTA when published

VerilogkEval-Human RTLLM
Arrows represent fine-tuning with CraftRTL Arrows represent fine-tuning with CraftRTL

100 -~ 100 -

80 - 80 -
= CraJtRTL -
® CraftRTL ®
S 60 - GPT-40 S 60 -
5 CodeV-7B = CrRIL craftRTL
s s
p Deepseek-Codef-6.7B p
0 40 - s N 40 - CodeV-7B GPT.4
o Starcoder2-15B o -0

20 - 20 - Deepseek-ﬁc}derﬁ.?ﬁ

Starcoder2-15B
EID EID
Model Parameters (Billions) Model Parameters (Billions)
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Two Ideas

Reasoning

Finetuned GPT-3 175B

Prior best

|| PalLM 540B: standard prompting

Il PalLM 540B: chain-of-thought prompting
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Math Word Problems (GSM8K)

Chain-of-Thought Prompting Elicits Reasoning in Large Language
Models

45
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MATH Accuracy (%)

M
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Test time compute

Compute Optimal Revisions

= == Majority

— Best-of-N Weighted
® Compute Optimal
® Parallel

21 23 2° 27
Generation Budget

Scaling LLM Test-Time Compute Optimally can be More Effective
than Scaling Model Parameters

6 <InviDIA I



ScaleRTL: Scaling LLMs with Reasoning Data and Test Time Compute

Phase 1: Fine-Tuning on Large-Scale CoT Data Phase 2: RTL Reasoning with Test-Time Scaling

Corrective Prompt for Reasoning Extension

Training Sample

<think>
Alright, let’s tackle this problem. The goal is ..., let’s break it down step by step

* First, | need to model the seconds, minutes, and hours counters, ...

* Starting with the reset condition: when reset is high, the time should be ...
* Wait, but how to handle the BCD increment? Let’s think ...

* But this could get complex. Alternatively, handle the entire increment as ...
* Wait, but how to handle BCD increment for hours. For example, ...

*

Training Sample

Training Sample

Specification
Build a counter that counts from 0 to 999, inclusive, with a period of 1000
cycles. The reset input is active high synchronous, ...

CoT Reasoning Trace Yes. This covers the necessary transitions. So the code should work.

<think> Test Sample : : . : :

_ . Wait, my reasoning must be incorrect. Let's check the reasoning rules:
Okay, so | need to design a counter that goes from 0 to 999 ... General Reasoning Model Specification {Reasoning Rules}. Wait, | did not follow the rules. Let's try again.
" First, the counter has to increment on every clock cycle. So ... C O () Create a set of counters suitable for use as a 12-hour clock
* That makes sense. But how are the bits handled? Since the output ... (e 8 H C (with am/pm indicator) ... hh, mm, and ss are two BCD (Binary-
* Wait, when you write 999, ... N EA oA KX Coded Decimal) digits each for hours (01-12), minutes (00-59), . )
* Let me think about edge cases. What happens when q is 999 ... (Q : {\} V¥ YK O and seconds (00-59). Reset is the active high synchronous ... \ Iteratlvely extendlng
* Testing scenarios: reset is high, then q stays 0. When reset is low, ... @, f_‘\ _ {,\ | C reasoning process
Yes. Th de should handle all that. Y — . .
jti : code shotid andie i ind O O \ / via corrective prompt

In
Model Output

Code Solution
<answer>
always @(posedge clk) begin

if (reset) begin Q&MQ—QH

<think>
Alright, let’s tackle this problem. The goal is ..., let’s break it down step by step
* First, | need to model the seconds, minutes, and hours counters, ...

DO

< 0 * - : - - -
<= 10'b0: SRS CH YRR, Starting with the reset condition: when reset is high, the time should be ...
eng else begin O {,x"f;@%iﬁaﬁio * Wait, but how to handle the BCD increment? Let’s think ...
— . 3.; g i k 7 ‘“-?" — * . . . .
if (q == 999) begin O N &Em O But this could get complex. Alternatively, handle the entire increment as ...
q ;: 0 9 gy O a2 “*éf“f‘}”:;}__‘ * Wait, but how to handle BCD increment for hours. For example, ...
end else begin ) : O
q<=q+ ? O - .I. Yes. This covers the necessary transitions. So the code should work.
end ScaleRTL : ScaleRTL </think>
end . : . <answer>
ena (Cap‘:dble Of RTL rea.somng (Enhanced RTL reasonlng [Code is omitted due to space constraints]
</answer> via CoT fine-tuning) with test-time scaling) </answer>

Chenhui Deng, et al, ScaleRTL: Scaling LLMs with Reasoning Data and Test-Time Compute for Accurate RTL Code Generation 7 <ANVIDIA I



Chain-of-Thought (CoT) Reasoning Data Curation

* High-quality RTL scripts curation
* Collect 5M RTL scripts from public web sources
* Obtain 62K high-quality scripts after extensive filtering

* Ensure no benchmark data contamination
Golden Code Snippet

+ Specification

Golden Code Snippet

DeepSeek-R1 DeepSeek-R1

* Chain-of-thought (CoT) data distilled from
DeepSeek-R1

* 62K CoT data samples, with each sample
containing ~56K tokens

Specification-Code Generation CoT Data Generation

Chain of Thought

8 <nviblAa I



ScaleRTL (32B) is the SOTA small LLM on VerilogEval

o
. SoaleATL
hthlT'l._ﬁr ¥y
E " CriiGes CiaHTL
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VarilagEval-Human [pesait )

Figure 1. Companson of LIMs on KTL Coding benchmark s

ScaleRTL' refers 1o the test-ime scaling vanand of ScaleRTL
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Test-Time Scaling Law for RTL Coding

Pass rate improves with more reasoning tokens

 Blue dots: ScaleRTL with truncated reasoning traces
* Green dot: ScaleRTL

e Purple dots: ScaleRTL' with extended reasoning traces
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5 Levels of Al according to OpenAl

Stage Level 1: Chatbots, Al with conversational language
Stage Level 2: Reasoners, human-level problem solving
Stage Level 3: Agents, systems that can take actions
Stage Level 4: Innovators, Al that can aid in invention

Stage Level 5: Organizations: Al that can do the work of an organization

11 NVIDIA.



Two Types of Agents

I I p——
. I
ReACT
Step N
ReACT

Think while acting - adaptive, exploratory Think before acting — structure and efficiency

12 NVIDIA.



RTLFixer: fix RTL syntax errors generated by LLM with RAG

55% of GPT-3.5 Verilog generation errors are Syntax

errors Tools
RTLFixer Agent can fix 99% of Syntax Errors Compiler
. ide syntax error message
Leverage ReACT promptin Provi
: PIOMPHNS =
Get feedback/error messages from Verilog compiler Guidance RAG
| | . Database [~ | retrieve h id
Retrieve human guidance for each syntax error with retrieve numan guidance

N— -

RAG

Action Observation

Compiler Logs:

Object ‘clk’ is not declared. Verify the object name is correct. If the name
1s correct, declare the object.

Human Expert Guidance: Rea Sc)ning
Check if ‘clk’ is an input. If not, and if ‘clk’ is used within the module, Th h
make sure the name is correct. If it's meant to trigger an ‘always’ block, Oug ts

replace posedge clk with ™.

N/

Yun-Da Tsai, et al, RTLFixer: Automatically Fixing RTL Syntax Errors with Large Language Models

13 NVIDIA



VerilogCoder

Leverage Planning and Multiple Tools

Module in Natural Language é
Problem Description

The task planning stage generates a task plan ¥
. . . Task Pl ing: TCRGD d Task Pl
The code implementation stage writes code for each R o
High-level Circuit Signal, Transition,

planned task Planner Agent Example Extraction Agent

Leverage SpeCial knowledge base and tools Task and Circuit Relation Graph Construction
Task Planning
Task-Driven Circuit Relation Graph (TCRG) 'V

Code Implementation

. -
AST-guided waveform debugging tool

Dynamic task plan and knowledge base Verilog Code Implementation

Task1: Define the module input, and output.
Code Agent

Task2: Implement the next state logic for state SO.
(Code Agent)

Task N: Check and correct the functionality
Debug Agent

Chia-Tung Ho, et al, VerilogCoder: Autonomous Verilog Coding Agents with Graph-based
Planning and Abstract Syntax Tree (AST)-based Waveform Tracing Tool Verilog Code of Module

14 ZnvibDiA I



VerilogCoder Agent Solves most of problems in VerilogEval

Model
Capability
Non-agentic Agentic
60.3% 94.2%
(VerilogCoder)
GPTAturbo | D °
Non-agentic Agentic
41.7% 67.3%
(VerilogCoder)
LLama3
____________________________________________________________________________________________________________________________________________________________ D G —

Pass@1 (%)
VerilogEval

15 NVIDIA



Spec2RTL Agent — complex RTL generation

Generate RTL from AES Specification (38 pages of PDF)

A multi-agent system (Spec2RTL-Agent) that emulates the human flow: understand - code - reflect.

Progressively Code: Don’t emit RTL directly; generate Python then synthesizable C++ first, then convert via HLS for higher
correctness/compatibility.

Only need 3-4 times human interactions to generate functionally correct RTL for specification such as AES, DSS, HMAC

Key is to have verifiable tests
Works like BetterV & CraftRTL: Works like AutoChip & VerilogCoder:

Only Automate Only Automate

2 — o E .

Reflection

Understanding

-

o
Function-wise Design Final
Design Understanding and Frnpusnd Codin .
Elﬂ{:lﬁﬂghﬂrlﬂ Archibact '?E g Iimplementation HLS Tool Reflection Implementation
Architecture Improvement Code Fix

el s E LT Tl Automate RTL Implementation in an End-to-End Manner

Automating all of and Stages

Zhongzhi Yu, et al, Spec2RTL-Agent: Automated Hardware Code Generation from Complex Specifications Using LLM Agent Systems

16 <InviDiA I



GenAl for Chip Design Applications

Coding Assistance = Generating design and verification code (RTL, SVA, testbenches, EDA scripts,

tools scripts, and configs)
Generate code from specifications
Generate code for auxiliary design tasks such as assertions, comments, etc.
Generate lower-level programs from higher-level descriptions
Generate scripts for specific tasks (VLSI, Verification)
Transform code for more efficient implementation

Know-how Assistance = Generating insights, knowledge, and ideas. Answer questions about
designs, infrastructures, tools, flows, HW domains, etc.

Analysis Assistance = Summarization, report/log analysis, visualization of design and related data,
check rule violations, etc.

Debug Assistance = Triage and fix a design problem, e.g. regression failures for logic design and
timing failures for physical design.

Optimization Assistance = Optimize for design and verification: coverage closure, recipe
optimization, architecture exploration, etc.

1/ NVIDIA.



ASPEN: LLM-assisted RTL Optimization

Can LLM Optimize RTL PPA?

Leverage e-graph for correct-by-construction RTL rewriting
LLM assisted PPA feedback
LLM assisted rewrite rule selection and generation

Results: —24.23% area / —12.43% delay vs baseline

Rule Proposal Agent

{Eﬁ Rewrite
‘:n:-u—.u ‘“—"' ﬂE‘D e @ Rule Pool
— w/ Mew Rules

Initial Rules

egglog
saturate

. ff_proc: process (clk)

LF (clk = "1° Inpm
Verilog

if (rat_n
I

(a) Initial e-graph contains
(2xz)=>>1

(b) Apply z 2 2 5 x <= 1 g = '@’

¢l se
q == d;
erd 1 F;
end 1F;
o procets FF_peoc)

I:r'i::lt‘_'::E.l:_

Critical

w
o
=l
Rules —

£

Rule Selection Agent

E-Graph
Rewrite

0 @
—L1=
PN

(c) Apply (z << &) > a8 = =

+ /= |e-node cost

E-Graph

PPA Feedback Agent

% PPA

Feedback

{critical e-nodes} <«— qg?

extract translate

Expr

% PPA
Feedback

Rewrite
Rule Pool

Exploration
History

Niansong Zhang et al, ASPEN: LLM-Guided E-Graph Rewriting for RTL Datapath Optimization
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FVDebug: LLM assist debug

Bug location with causal graph

Debug with causal graph generated by EDA tools : Jasper, Verdi

Case Study on accumulator

Agent traverse graph to locate RTL and reasoning about the bug ## Buggy Line
assign ready add = valid out | !valid in; Golden
Support both FV and DV bugs ## Fixed Line Answer
assign ready add = !valid out | valid in; |
Solve most of bugs in the open-source datasets, and works on internal 4
bugs we tested :#@H Ranked.Hy!Jotheses . . . .
ypothesis 1: Ready_add Logic Issue Preventing valid_out Assertion
**Confidence:** 48.0% Gitput
Hit# m Hypothesis
The valid_out signal remains low because the ready_add condition (ready add =
valid out OR !valid in)does not become true when countreaches 3, causing
end_cnt to never trigger a valid_out high; this indicates an RTL bug where the handshake
it A i g b e logic for ready_add is flawed.
00 PAL H#Hi# m Evidence
e g i Supporting Evidence:
- 3 m": | .;o . T A -The RTLcode 'assign end cnt = ready add && (count == 'd3)' implies that
SCI TN . @CIen SCI ) o0 o even if count reaches 3, end_cnt depends on ready_add being true. This supports the
P it~ S ] hypothesis if ready_add remains low, preventing valid_out from becoming high.
B I AL - N, E ### @ Causal Chain Timeline
: | .:::. — 3.Cycle1 @
il s _ At cycle 1, with valid_in high, the node 'ready_add' evaluates to 1'b0 because it is computed
ready add | e e asvalid out OR !valid in. Since valid_in is high, Ivalid_in is false and valid_out is low,
SCY 1N - : . = :
—— which blocks accumulation and consequently prevents the triggering of end_cnt and the
- o high assertion of valid_out.
velld in valld out Causal Graph for the 7
S0 1Y) PC 1 Fahng Propcrty

Yunsheng Bai, et al, FVDebug: An LLM-Driven Debugging Assistant for Automated
Root Cause Analysis of Formal Verification Failures 19 <nvibiA I



Evolution of Custom Agents for Hardware Design

More Agent for
Hardware Design

SPICE Verification Agent
ChipVQA Agent
ERC Check Agent
DRC-Coder [ISPD 2025] AssertionForge Agent [ICLAD 2025]
Multi-Modality & Multi-LLMs + Tools + Coding SPEC2RTL Agent [ICLAD 2025]

STA Report Summary Agent

Multi-LLMs + Tools Reasoning + Human
Interactive A | o p VerilogCoder [AAAI 2025]
\ Multi-LLMs + Dynamic Task Graph +
“ — Customized Debug Tools

S1/81A2 | cmoA
MOA
»
T PRL I 0 -
b '451A‘ CMOA
%28 S1A1
CMOA S2A

=) (81| &

Agents

i

—

@ Syntax

@ Checker
3

» NanoTime Agent
Task Graph + Multi-LLMs + Agentic Retrieval
~ 60X Speedups iverilog </
simulator J/
LLM for Standard Cell Design
_ ’ Optimization
RTLFixer [DAC’24] [LAD’24 Best Paper] |

ReAct+ Compiler + RAG ReAct+ Netlist Tools Reasoning

Logic
Constraints
Problematic

ax/Mi
11 S * < R S/ o > 8
< =) -
@ L ax/Min /
8 ==
o = 000 | —— | H
= = T : 'x': ~ T‘I: |: :1‘2“ I “ ‘(‘
Q QJGNDRO84 ICPBLEGND JE"' 03 | 02 gGND v':'illﬁ{t“h P2 @GND TU{EFP. TO ihht' SE8 -

QO D

Reduce hours to mins

Sept, 2023 April, 2024 July, 2024

20 NVIDIA



How to design agents for a diverse set of problems

Can we build a generalist agent to solve all types of problems?

Tasks

Python Coding, Multi-Turn QA, MATH, RTL coding, Analysis, Debugging, etc

Self-Reflection? When and how many times in the flow should | do self-reflection?
Multi-agent collaboration? What assistants? How to orchestrate assistants?

| need a planner. What would be a good plan for the task?

How to designh the prompts? Is these prompts good enough?

ReACT? What tools should | develop?

ounsEwWwhE

Huge Design Space for Agentic System

71 <<nviDlA I



User Request

Please generate an image
where a girl 1s reading a
book, and her pose 1s the
same as the boy 1n
“example.jpg”, then please
describe the new image
with your voice.

[r

First: make good plans

Favors structured plans

Graph as Plan

Task Graph

POSE D\ .- Image N\ __--
Detection Caption
Summarization
Image
..... Classification it
Sp

O task node eech

HuggingGPT

e

Code as Plan

Success Rate (%)

gpt-4-1106-preview
gpt-4-0613
claude-2
gpt-3.5-turbo-0613
gpt-3.5-turbo-1106

Action Mode
mawm Code as Action
e JSON as Action
am Text as Action

gemini-pro
text-davinci-003
Llama-2-70b-chat-hf

0 10 20 30 40 50 60 70

CodeAct

)7 <NVIDIA I



Polymath Agent

Hierarchical Planning with graph and code plans

(a) An example of task flow graph solving

Task Prompt: You are a Python Coding expert. Complete the text_match_wordz
function and return the completed code only...

Generate Initial Task Flow Graph

—

SubTask: Understand the
problem reguirements...
Monitor execution

Skills: reason
result of each

subtask. /

SubTask: Design the
algorithm to ...

Skills: reason

.‘;

Actions: 1) Proceedto !

\ _
next subtask, y If logic incorrect
2) Rerun with refined \

iInstruction, -~
3) Jump Logic -

SubTask: Write the python
—) cOode for function ...

Skills: coder

SubTask: Generate teststo
verify its correctness...
Skills: coder

.. Jauue|d mold ysel pased-INT

Collect the execution results in task flow
graph and Generate Final Answer

—

Final Answer: def text_match_wordz(text): # Regular expression to match a word
containing the letter ...

(b) An example of subtask code-represented workflow
SubTask: Generate tests to verify its correctness...

def workflow(instruction: str):

instruction = "### Instruction Background ###\n" + instruction + "\n"
cce<<<< SEARCH

... # your designed workflow here.

import json

# Task _3: Test the text match_wordz function
# Test inputs for the function
test_cases =
‘apple’,
"Zebra’,
"buzz’,
"fizz"
“"hello”
]
# Expected outputs: [False, True, True, True, False]
expected_outputs = [False, True, True, True, False]

# Chat with coder to run tests on function

coder_instruction = f"Test the text_match_wordz function with inputs
{test_cases}.\\n"

coder_instruction += "Ensure the function returns the correct boolean values
indicating the presence of 'z’ in words.\\n"

coder_instruction += "Return True for words containing 'z’ and False
otherwise.\\n"

response = coder_assistant.initiate_chat(message=instruction +
coder_instruction)

# Output the test results

»>>>>>>> REPLACE
return response

723 <€InviDIA I



The Verification Principle: An Al
system can create and maintain
knowledge only to the extent that it
can verify that knowledge itself.

24



Verification Methods

External Grounding Self-Consistency LLM-as-a-Judge Self-Reflection
Strength: High reliability Strength: Easy to implement; Strength: Domain-agnostic; scalable. Strength: Agents improve across
Limitation: Needs tool access / improves reliability in math, Limitation: Critic may share biases attempts; lightweight adaptation.
external sources. logic, QA. with generator. Limitation: Effectiveness
Limitation: Wasteful if all depends on quality of feedback
samples share the same flaw. signal.

)5 NVIDIA



Second: Optimize the plan with verification

Top-level Subtask/Coding-level (Evolutionary Alg.)
Divide & Conquer: Manageable Subtask Optimize subtask execution & performance

workflow(instruction: str):

> ¢ Past
Estimated cost: are;(w reflected

history

Workflow to generate the "drop_empty function following e instruction 1input.

Coarsen: Relaxation:
reflection reflection

strong_reason_debug_assistant_response = strong_reason_debug assistant.initiate_chat(message=full task)

L L
_ _debug_ = extract_output(
grap prOJectlon S r‘o:g reason_debug_summary extract_outpu

sponse=strong_reason_debug_assistant_response,
post_process _func=reason _agent_description["post_process _func"

graph projection

)

aEm——

Examine from the terminal
to the root

r_task = instruction + "\n" + "### Test Cases for “drop_empty ###" + strong_reason_debug summary

code
coder_response = coder_assistant.initiate_chat(message=coder_task)
coder_output = extract_output(

response=coder_response,
post_process_func=coder_description["post_process_func"

Examine from the terminal
to the root

Self-Reflection Guided Evolution
Multi-grid based optimization based on LLM-as-

judge

Multi-Task Program Database
26 <nviDIA I



Performance Comparison

Multi-Turn QA Coding Math
Method Avg,
HotpotQA | DROP | HumanEval [ MBPP |GSMSK |MATH
-4o 97.6 .
ept- 75.0| 647 01.5| 749 855| 482[733 100.0 . 0L8  97.0 99.4 83.1 ,, ,95.7 96.2.97.6
(Vanilla) -7 8 23 0 "~ 88. 78.5 80.0
1 model +81.3 7% _ 77.4
O 745  946| 67.1]80.1 o goo 75.0.°°° | \785
(Vanilla) '3 ' 62.5
57.5
CoT =
71.8 024 48.8|74.7
(Wei et al. 2022) S 60.0 24./
g
CoT SC (5-shot =
OF 5L (>-shot) 73.6]  927| 50.4[76.0 3 =
(Wang et al. 2022) S 40.0
MultiPerson N
. 736| 928| 50.8|75.1 N
(Wang et al. 2023) 20.0
Self Refi HotpotQA DROP HumanEval MBPP GSM8K MATHILlv5*
eine 69.8| 89.6| 46.1/70.7 ’
(Madaan et al. 2023) Code Workflow B Openhand-like
ADAS -li
53 4 o0g| 354|672 B Task Flow Graph + Openhand-like W Task Flow Graph + Code Workflow
(Hu et al. 2024) B Proposed (Task Flow Graph + Code Workflow + Self-Opt.)
AFl
oW 735 80.6 0477 834 03.5| 56.2|80.3
(Zhang et al. 2024a)
Proposed 81.3| 91.8 00.4| 83.1 76| 774|884 QA’ Coding and Math TaSk

We use GPT-40 as the core model in Polymath, supported by a
set of assistants: a coder assistant (GPT-40), a reasoning
assistant (01), an image reader (GPT-40), and a file reader
(GPT-40)

)7 <NVIDIA I



Challenges and Opportunities

How to effectively use existing EDA tools — Agentic EDA
How to effectively program domain specifical languages used in hardware design?

New design methodology enabled by Al — solve the long-standing design challenges

Verification, analog design automation, ...

Better chip design with Al: Move 37

)8 NVIDIA



Takeaways

Al for hardware is lagging behind Al for software

SDG, reasoning, test time compute help fine-tune LLM for RTL code generation

Common agent types and how agents improve RTL generation accuracy over foundation models
LLM helps understand long specifications and progressively generate Python and C++ code for HLS
LLM can assist collateral generation for RTL optimization with PPA feedback

LLM can assist debug with signal tracing by EDA tools

Generalist agent with self-optimization capabilities can be applied to a diverse set of tasks
Verification techniques for agent self-optimization

Al for hardware design future is bright and will happen fast

)90 NVIDIA
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