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Circuit Design

R 5: Netlist

Circuit Environment

Q Parameters(W,, L, C, R, etc) \

0 SMART - DON

Specification Desired N
DC-Gain (dB) > 70 [Resut

\ Unity-Gain BandWidth (MHz) > 1 —
[ Phase Margin (°) 50 - 80 [ﬁ@}
' Power (pW) < 150 Parameters




lI. Circuit Design

Human Designed 2|2
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lll. SMART — DQN Algorithm

- DQN (Deep Q Network): Off policy2 SXtst= Ela|dal AsstEsS Zetst
- SMART-DQN (Success Memory And Regeneration-set Training DQN): 7| &

memory 2} regeneration-set 2 ot YNE|E

Agent Environment
(3 —)
I\S/IUeCnC‘eoSri, Reward Value Function
| |V ot | 8| |
Regular | | 2| | o | GREI0| g
Memory 3 g 0‘%\2&«\3&«\2’ é Action
' Regeneration

K Set J __J _j

‘ Observe State ‘
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Process

While(success) {
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I1l. SMART — DOQN Algorithm

Success Memory & Regeneration-set Training
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lll. SMART — DQN Algorithm

SMART - DON

o E ?‘ g J-I_I' Algorithm 1: Success Memory Update
Input: Current state s;, action a;, reward r, next state s}, done flag
doney
o = o A =
@ 'L'I EI'I AI = E-‘I OI ﬁ — ?_‘xl'x—]l EE |I_I °C|>IEI xI EI_I', 7 I'é)l- Output: Updated success memory (success_-memory)
1 if r; > r_threshold then
2 ‘ Store the experience (s;,ay, 7y, 8}, done;) in success_memory;
E AL * A-l . n E:| [ | ) 11y 9h )
HO|E & A% 48522 E2 A8 07L& ;e
4 return success_-memory
=5l= ST} HEM S ShA A = SEA}
o OI- - BL 28 -> S8 S L EH -1 OO Algorithm 2: Regeneration-Set Training
Input: Current state s;, Success Memory, Regular Memory
Al HFSE re) C ol == ok O Output: Regeneration Set (new experience)
@ OO oo 01 = '—I- 7|-0| _EI- == I-“AI OI-O:I 1 d '—I- 1 if there are sufficient success memory and reqular memory samples
then
IO-I *o'l %7 |' 2 Select an experience from regular memory:
(s1,a1,7r1, s}, doney) < RandomPick(regular_memory);
Select an experience from success memory:
(=] i i
@ OI E AI = E.'II OI ﬁ 0'" EI_I' _O_I —fh OI'O:I HEI-AOH OI'E E‘" 0| E‘I (82, a2,72, 85, done?) +— RandomPick(success-me"mory);
4 Generate a new action @y, based on the state difference:
H>2) O E"‘ 74 anew<_512_31;
T__ll- _l'—-x-“ = OH = 5 Assign a new reward r,.,, from the success experience: ryey < r2;
6 Form a new experience (81, Gnew, Tnew, S5, False);
7 Store the new experience for future training;
8 end
9 return new experience;




IV. Result & Novelty

AlEd|0]8 23t

Variables Min Max . —
Parameter | Human Designed Value | Optimized Value
Parameter W1 0.5 50 (W/L)1,2 21.97/0.48 36.3/2.3
L1 0.15 5 (W/L)3.,4 4.69/2.29 33.7/1.7
W2 0.5 50 (W/L)5 15.3/4.35 32.8/3.7
L2 0.15 O (W/L)s 13.96/0.8 56.4/1.8
W3 0.5 50 (W/L)- 37.1/1.54 16.3/2.0
\%vi O(i 155 550 Cc 5.85 pF 7 pF
: 2677 € 4320 2
L4 0.15 5 fr o =
W5 0.5 50 Optimized Parameter
L5 0.15 5
W6 0.5 100 Specification Human Designed | Optimized
é;g 00-15 650 DC-Gain (dB) 82 2.5
N , -155 : Unity Gain Band Width (MHz) 16 12.8
G . ' 13 10019 Phase Margin (°) 72.62 68.4
R? 86 " 580 0 Power (uW) 99.46 61.25
FoM 3.79 19.33
Circuit Environment / Target Specification
»
w@ (50° < PM < 80°)
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SMART — DQN performance H|il
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IV. Result & Novelty

2A H 28] St
NSO

SMART-DQN

-

Running Time CHZ 44

ihE st5ar g Al +-E Soll 22 x| Xt 45 tF 37t

® @ ® 6

Previous Work (2022) | This Work
# of Parameters 8 16
# of Simulations 160,000 8,000
Running Time 48h 8h

Comparison between Previous Work (2022) and This Work

Reference: {4l 2{'d 7|42 0| %t OtH 21 2|2 A %Az} (20220 &S E SHEHE X475




IV. Result & Novelty
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circuit design, model-free methods are more commoaly used
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(SMART-DQN: Circuit Design Optimization Algorithm via

efficicn intsining high
This cmphusies the eflectvencs of SMART-DON. fn

design automation, operational amplifier, Q-tearning. SMART-
DON

1. INTRODUCTION

lrge jata
can 1ead o, inefTiccat Jearing, In ighly complex. ciuit
n

po

lude deep Q-network (DQN) and deep deterministic
policy gradient (DDPG). While DDPG has the advantage of
handling coatiuous state spaces, it can be ineff
exploring the entire circuit design space. On the other hand.
DON atlows for efficient exploration in discrete state spaces,
nabling the rapid exploration of various design po

Still, DON also bas a few limitations such as instsbility

‘many simulations and can slow down the leaming process

XSCHEM. and the netlist generated was used for trining
with SMART-DON algorithm. SPICE twols were utilized for
simulations. conducted on an n
NVIDIA RTX 3
toward the desired values through this lcaming process.
B. SMART-DQN Algorithm
The traditional DQN(Algorithm 1) trains the newral network
¢ randomly sampled baiches from a sogle expericnce
replay memory [9]. However, in complex problems such as
circuit design, where the Iikelibood of success is low, this
learning method can be ineflicient [10]. To improve this, the
experience replay memory of SMART-DON is divided into
two distinct memory pools: regular memory and success
memory. The agent samples baiches from regular memo
Suceess memory, and the regeneration set t0 traim the neursi

during training. Moreover, Al leaming can be conducted in
parallel, but circuit simulations must proceed sequentially

To addeess this, the regeneration-set-training technique.

mising, Afr mieeing cperinces vm bodh e regulec
memory and success memory, new actions are generated
based g the siale diffeences betwoen theen [¥], . the
rewards from the sucoess experiences are assigned fo create
oew experiences. In this case, additional simulation data is

Dueto s el chancirsts, gl skt dogtes (8- To sidess m« Jimitations, this paper suggests success- > . o pom— ot |
ETEETETY X . . advancement of clecironic desgn sulomation  memory cocrationset g, which sim 1o SR I Dot Qs The copeon o o888l | —
e Success Memory and Regeneration Set Training) (EDA) twols, achieving a high level of automation. overcome m -‘h‘ulmmmbs of existing _algorithm .m g eiges gt o4 CalHIH _‘M}{w H——
contrast, analog circust design remains a challenging task duc sign specifications through fast and oy T sarsl atwol Ak whabling 1 & daguie sl ot = n
* SMART-DON training results based on the 3ti0 of regeneration Sable Jeaming, These methods improve dta <ifciency bt * $ 1 e " P

set, suceess memory, and regel

6. compleky dnd sonarky (1 Dighel el e
predefined  gates and _ transisto cells,
Scfttiog tarpescale imtegraon [2). Hovews,

ircuits mist conside various performance requiremeets
physical characteristics, resulting m & much larger and more

. allowing the algorithm to quickly and
reliably converge o the desired design specifications.

the Q-values, which represent the anticipated cumulative
rewards for cach action in a given statc, Based on these Q-
valucs, the agent selects actions and interacts with the
environment by observing the cument sate and receiving

This oheicica dloms o dgot 8

ce ‘0 overcome these challenges in corresponding
ot Lo Sghonn 2 sy P stmgagrdbremndnongei 11 Prorosen METHODGLOGY contisously improve its policy 3 it aims to maximize

e snalog circuit. design, optimization techniques such s
| e reinforcement lesming have gained atiention. Theough A, Circuis Optimization System Overview
Hst 98 SEo YA 20 218 automated _exploration and_optimization, _ reinforcement Fig,1 presents the schematic of the twostage operational

learning can quickly and prec
from complex design spces, making it particularly effective
for analog circuit design [4]
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VI. Appendix

Hyperparameter
Hyperparameter Value
Layers 3
Input Layer Neurons 16
Hidden Layer Neurons 64
Output Layer Neurons 16
Learning Rate (Ir) 0.001
Learning Rate Scheduler 0.99 per 64 steps
Gamma 0.95
Tau 1x10°
Update Period 4 steps
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2/2/4 3/3/2 4/4/2 2/2/4

Average Reward

Average Reward
o - s i =

o 100 200 %0 00 %0 600 00 ° 200 B e #9 0 0 0 100 150 200 250 0
EEEEE Lo o 0 500 1000 1500 2000 2500

Regeneration/Success/Regular | Success/Total
172/2 577
3/3/2 5/7
2724 6/7
1/1/6 1/7
0/0/8 0/7

Number of successful simulation
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Reward Graph Comparison

General RL algorithm General DQN SMART - DON
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VI. Appendix

Top Level
v Main.py: control unit

Low Level

v Reader.py

* Read and write data from csv
v' Spicekernel.py

* Run simulation with Ngspice
v" Circuit.py

* Read spice and connect with python
v' Designer.py

« Designing parameter
v" CircuitEnv.py

« Custom environment
v' DQNAgent.py

 SMART-DQN algorithm




VI. Appendix

Simulation Environment

O Simulation Environment Setup

« Ubuntu-based setup using WSL with essential circuit design tools like xschem, open pdks, and
ngspice.

d Python-Based Optimization Framework

» Deep reinforcement learning implemented in Python with PyTorch to optimize circuit
parameters.

d System Integration for Efficient Simulation

« Seamless integration of Python with xschem and ngspice for real-time simulation and
optimization.

O Hardware Setup
 Intel i7-12th Gen CPU and an NVIDIA RTX 3070 GPU for accelerated computation.
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