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From CLI to GUI to CUI

CLI Command Line Interface
GUI Graphical User Interface
CUI Conversational User Interface
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LLM Development Timeline!
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Wayne Xin Zhao et al. (2023). “A survey of large language models”. In:

arXiv preprint
arXiv:2303.18223.
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LLM Structure?
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Jingfeng Yang et al. (2024). “Harnessing the power of LLM in practice: A survey on ChatGPT
and beyond”. In: ACM TKDD 18.6, pp. 1-32. 4/30



LLM Capabilities®
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Shervin Minaee et al. (2024). “Large language models: A survey”. In: arXiv preprint
arXiv:2402.06196. 5/30



Challenges and Improvements
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Challenges and Improvements
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How Machine Can Understand Picture?

R-CNN: Region-Based CNN

Girshick et al, “Rich feature hierarchies for accurate object detection and
semantic segmentation’, CVPR 2014,
015;

P! jith permission.
Slides from Justin Johnson

Machine Learning is to it A Function f(x)
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How Machine Can Understand Picture?

R-CNN: Region-Based CNN

Regions of
Input Interest (Rol)
image from a proposal

'~ Girshick et al, “Rich feature hierarchies for accurate object detection and
method (V2K)  emantescgmentation’, cupr 014

e, Rep perission
Slides from Justin Johnson

Machine Learning is to it A Function f(x)
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How Machine Can Understand Picture?

R-CNN: Region-Based CNN

/7 Warped image
regions (224x224)

Regions of

Input Interest (Rol)
image ) 5 from a proposal
A ’ 5 method (~2k) i\z::::::gl;';‘::‘:‘::‘::t:rce\;n:r;ﬂrﬂnesloratcwaleoh,endgletl\nnand
015;source permisson.

Slides from JustinVJohnson

Machine Learning is to it A Function f(x)
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How Machine Can Understand Picture?

R-CNN: Region-Based CNN L Classify each region
Class
Class —
Class i
Conv Forward each
f Conv Net region through
Net ConvNet
Conv
& Warped image

regions (224x224)

Interest (Rol)
from a proposal
method (~2k)
Slides from Justin Johnson

Machine Learning is to it A Function f/(x)
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How Machine Can Understand Picture?

R-CNN: Region-Based CNN | Cassfy achregion |
Bounding box regression:

Bbox || Class Predict “transform” to correct the
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Machine Learning is to it A Function f(x)
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Slides from Justin Johnson
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How Machine Can Understand Text?

Machine Learning is to it A Function f(x)

8/30



Challenges to Al

¢ Combinatorial Problem (e.g. Coloring)

¢ Handling Complicated Rules

The three basic DRC checks

Width
Enclosure
Spacing
(a) Graph Coloring (b) Design Rule Checking
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Complicated Circuit Design and EDA Flow

A typical EDA flow...*

System Specifications
Architectural Design
Functional Design

Evaluation and Analysis (timing, power, congestion, DRC, wirelength)

o o
o d
N N d d
Logic Synthesis E g
o
4 H d
Tech Mapping E q
TUUToOT TOUTOTT
Physical Design
Floorplan: init Die and Placement: place std CTS: design clock Routing: connect
Physical Verification Core, place 10 cell/pad, cell, oplimize giming, network, optimize skew, sAigpaI net, aplimi;e ‘:":c'
Macro and physical cell,  congestion, wirelength power, latency, route timing, power, reliability
plan PDN clock net manufacturability

Floorplan Placement Routing

*Xingquan Li et al (2024). “iEDA: An Open-Source Intelligent Physical Implementation Toolkit
and Library”. In: Proc. ASPDAC. 10/30



Know the Boundary!

EDA problems

Al Model?
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Know the Boundary!

EDA problems

Math Approximate
Formualtion Algorithm
Dynamic
Programming

Al Model'?

- Search based

Concrete
Modelmg
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LLM Application Cases

@ RTL Generation and Debug

@ Flow Script Generation

® Documentation QA
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RTL Generation and Debug



RTL Code Generation

Verilog Source ® Test Benches
@ 0 % Pre-Trained o @)
Model 3;_._ Accepted J

Completi

Training Corpus_@®

Tep) e

® Fine-Tuned
Model

Experimental Evaluation of LLM Verilog Completions.

Rejected
Completion

Shailja Thakur et al. (2023). “Benchmarking Large Language Models for Automated Verilog RTL
Code Generation”. In: Proc. DATE, pp. 1-6. 14/30



RTLRewrite

module example(
input [31:0] x,
output [31:0] y,
output [31:0] z,
output [31:0] w

)

assigny =9 *x;
assignz =23 *x;

assignw =81 *x; :

endmodule

Before rewriting

module example(
input [31:0] x,
output [31:0] y,
output [31:0] z,
output [31:0] w

)i

module example(
input wire s,
input wire [31:0] A, B, C, D.
output reg [32:0] Z

)i

always @(s, A, B, C, D) begin

module example(
input wire s,
input wire [31:0] A, B, C, D,
output reg [32:0] Z

);

reg [31:0] Z1, Z2; // Intermediate values

assigny =8 *x +x; if (s)
assignz=32*x-9 *x; Z<=A+B; always @(s, A, B, C, D) begin
assignw=8* (9 *x)+9 *x; else if (s) begin
Z<=C+D; Z1<=A;
endmodule end 72 <=B;
end else begin
endmodule Z1<=C;
72 <=D;
end
end
always @(Z1, Z2) begin
7 <=71+722;
end
endmodule
After rewriting Before rewriting After rewriting

Xufeng Yao et al. (2024). “RTLRewriter: Methodologies for Large Models aided RTL Code Opti-
mization”. In: Proc. I[CCAD.
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RTLRewrite: Multi-Modality
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BetterV: Self-Align Verilog with C

Customized
Dataset

Open-source

Data-processing Verilog

Data Augmentation

Pre-trained
Model

Fine-tuned
Model

Guidance

Generative
Discriminator

5
2
Ed
2
5]
S
0
&
g
EX
5
Q@

Align Verilog with C to generate self-supervised dataset.

Zehua Pei et al. (2024). “BetterV: Controlled Verilog Generation with Discriminative Guidance”.
In: Proc. ICML. 17/30



BetterV: Code Knowledge Transfer

Open-source Instruct-tuning

Verilog (Lt

® Tool V2C to convert the Verilog into C

* Verilog-C pairs are used for LLMs
instruct-tuning

¢ Alignment from C to Verilog.

(System Prompt:

Instruction:
You are supposed to translate the
following Verilog into C program.

module d_latch(
input d,
input en,
input rstn,
output reg g
)i

always @ (en or rstn or d)

You are erienced Verilog engineer.

Answer:
#include <stdio.h>
#include <stdbool.h>

void d_latch(
int d,
bool en,
bool rstn,
int *q)

if ('rstn) {

_ *q = 0;
if (;rifné' } else if (en) {
= 0; *q = d:
else } ; @
if (en) }
q <= d;
\_endmodule g
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Flow Script Generation



ChatEDA Opverall Flow

Requirement
|_ ________________ 1
‘* || Task Planning i
|
AutoMage ——> * i
|
1‘ 'l Script Generation |
I———————= & ________ !
Task Execution
EDA Tools
API Specifications v
Results

Haoyuan Wu et al. (2024). “ChatEDA: A Large Language Model Powered Autonomous Agent
for EDA”. In: I[EEE TCAD. 20/30



Task Planning and Script Generation

#1: User Requirement

For the design named “aes” on the platform "asap7", please perform synthesis with a clock period of 5, followed
by floorplan with a core utilization of 70%. Then, execute placement with a density of 0.8. Next, proceed with CTS
to fix 40% of violating paths. Finally, evaluate the performance after routing using "power" metric.

\ #2: Task Decomposition #3: Script Generation
: task1: set up the EDA tool :
| func: set_up() ]
| args: ] | I
1 1
1 1
1 1

1 task5: perform CTS
: func: cts()
! args:

design_name: "aes"
platform: “asap7”

: task2: perform synthesis
: func: run_synthesis()

| args: 1 L
: clock_period: 5 : task6: perform routing :
___________ gos====s | func: global_route() |
TR 1 detail_route() !
| task3: execute floorplan ! !

-
| task7: evaluation

1

1
! func: floorplan( i oo !
. ! !
) 1 func: get_metric() 1
| args: !
1
1 stage: "route" |
| metrics: ["power"] !

: func: placement()

vargss 1| TTTmooTmRToTTooo
: density: 0.8 x
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Our defined API specifications
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Instruction Tuning & Evaluation

B Grade A
W Grade B
= Grade C

AutoMage

GPT-4

-
-— .
— . Claude2

In-Context Examples

W 40 60
% Percentage

—> @—>| Llama2 |
¢ Grade A: correct in planning and script

GPT-3.5/4  Tnstruction Pool i i
nstruction Poo ¢ Grade B: correct only in planning

® Grade C: fault in both
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Documentation QA



Retrieval Augmented Generation (RAG)

user question

?

Retriever (with

embedding model) Reranker
C ] model
[T ]
A .
—| Retrieved |§| Relevant
— |documents documents
Temmt \ 4
-- 179
Generator —o
Chugkmg ( ) T3
Indexing

—>

answer

Yuan Pu et al. (2024). “Customized Retrieval Augmented Generation and Benchmarking for EDA
Tool Documentation QA”. In: Proc. ICCAD.
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Text Embedding Model: Failure Case

: Primary Inputs are external
({nputs to the circuit.

P

(Question: What is the role of Primary
(Input in logic synthesis?

(Doc2: This section explains the role o
(Primary Output in logic synthesis.

General
Text
Embedding
Model

=

. )$

v

Similarity: 0.88
A

O

V
Similarity: 0.91
A

CT T
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Text Embedding Model: Contrastive Fine-tuning

Rationale: improve semantic understanding for domain terminologies and
concepts

o x;: EDA-related query ¢ Loss function (in-batch negative+hard

negative):
* x (pos sample): to x;
;(p ple): answer to x;
. esim(x,-,xi*)/-r
® x; (neg sample): Query with another —log : - : _
EDA term Z]I\il (eszm(x,-,xj )/ T + eszm(x,-,x]. )/-r)
( query (Z;): What is the significance of the in EDA, and how )
| does it impact STA (static timing analysis)? J
7 7

/—( positive sample

xt is the maximum

i
time for signals to propagate through
\the circuit during each clock cycle.

hard negative sample %

33; What is the significance of the
in EDA, and how does it
impact STA (static timing analysis)? )
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Conclusion



Summary: Applications of LLM

° RTL Automatic Generation

¢ EDA Tool Script Generation
* RTL&EDA Flow Debug

Other applications:

¢ Design and Tool Parameter
Optimization

* Layout-level Optimization

® Education: toward Customers or
Universities
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Challenges: LLM + EDA

® Understand and customize RTL

¢ Understand and customize
complicated EDA flow

¢ Security: How not to hallucinate
¢ Privacy: How not to leak IP

® Ethical use of Al




	Main Talk
	RTL Generation and Debug
	Flow Script Generation
	Documentation QA


