Outline

= Motivation
= |ntroduction to neural network mod~.

= Knowledge-based NN model
- Training with inductive bias
- Building prior knowledge from® ! 0,2 tasks

* End-to-end autonomous technology development

Goal:
1. Preeide '.nderstanding of neural netw: rk ¢ < vice modeling
2. Zhee possible directions to make Ni ' uevice modeling more intelligent
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I Outline

= Motivation v
= Introduction to neural network mo Y 4

= Knowledge-based NN model Ob

- Training with inductive bias
- Building prior knowledge from tasks
= End-to-end autonomous techhology development
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Al In IC Design

= Active research in hardware design optii n.>2tion with Al

<|C Design Flow> Use of Al
S . g o N
[ ystem Specifi‘alic 9 Transistor sizing
’ = .| Power modeling
Architectu . Yesign Interface optimization
. - J /

( )

{

Logic/Circuit Design
) ’ 1 TAT| by Al
Physical Design |

, o

{

Physical verification Flooralan g
L & Signoff ) | Plest want & Route
~~ . Saractic extraction
|C Fabrication | 2 /
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Al In IC Design - Examples

[Transistor Sizing] “~luorplanning]
* Transferable transistor sizing with " = Next generation Google A! accr erator
- Automated transistor sizing based oz.circui designed using Al
performance results - “In under six hours, ouv=n 2.>od
- Transfer knowledge of one automatically generates <1..p floorplans that
technology/topology to anothe. are superior or comparable to those
technology/topology produced by humans in all key metrics,

including pc ver consumption, performance,

State vector: . @ OO0 . .
l Actlon vector: is C.ap Nﬁspﬁm = and Chlp ° rea -
: _ Graph - T " ;"_.
i A\ ¥ ~ State D Lotions Reward
: 5 g ® l . Th t RL Agel ki =5 M 0s Oneata Time Force-Directed Method
: < S = . ; 1, ree-stage ) Places Standard Cells HPWL
el B > Z *T*Remard L\N,Gaiﬂ’-‘q‘@\ Faiae ] i ' Amplifier . _ L _ l- l "y |
3 o ® (; T ® 65nm 130nm, 45nm J 4 +- +i ﬁ | Ta Congestion
| 1 e L d Refe™ Two-stage Amplifier ] ‘
GCN-RL-agent @/ -y R @\ Simulator / 5 5 5 X :
@i 1:' TED ftp “2iaoogleblog.com/2020/04/chip-design-with-deep-reinforcement.html]
+ €D
[H. Wang et al. 'GCN-| '“ _ircuit designer: Transferable transistor sizing with graph ' ... .oseini et al., "A graph placement methodology for fast chip design,” Nature,
neural netv. ~ki =< reiiiforcement learning,” DAC, 2020] 2021]



Al In Device Modeling

= Limited research in device modeling usii y !
= DTCO facilitated by Al in device mrelinig

Design Technology Co-optimization

<IC Design Flow> U 0.0rAl
[ System Specification Transisior sizing A
(fmm==m====m—=—mmm—ee- N ) . . Power modeling
i Device Fabrication i Architectural Design Interface optimization
i( . \i ',:, ----- ~GGF S\ > /)
I . . . ; .
Il Device modeling i i Logic/Circuit Des.grj‘r
L RN . a .-
| ——————————— 2 / i( ~~ _ﬁil TATl byAl
TAT| b5 0: =‘¢ Physigribgs ZI‘}>\
Faste i och L R et A
Ao araggrion DTCO Physica. verification Floorplanning
N fc ?,V,‘?Ljiregﬁﬁto N .- Signoff ) | Placement & Route
IC lesign i .| Parasitic extraction
|IC Fabrication |~ J
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Conventional device modeling: Anaiy izal model

* Physics-based analytical model: Long d.:va!'apment time, limited accuracy

Device analysis &
Analytical model
development

* Development time: years

* Include known physics +
fitting parameters

* Need semiconductor experts

Para: . ter.~ .raction

«< Vi 'o, ment time: months —

re iced to hours by using Al
[Primarus SDEP]

* Hundreds of parameters to fit

1,000
F BSIM4vS
y BSIM3v3
B 100 BSIM2 o _Srosts
5 g asil @ ® BSIM3v2
5 i L2 g,-a.msg ® SP20(
E —

L

E -
=
z

1

Year
[Y. Kim et al., "The efficient D1 O« ¢ pact
Modeling Solutions to Improve I 1C and
Reduce TAT," SISPAT 201¢

Analtic 2l m: del

* Inaccur. <,

om unknown physics

=-=== Measured

Model



I Outline

= Motivation v
= |ntroduction to neural network mo Y 4

= Knowledge-based NN model Ob

- Training with inductive bias
- Building prior knowledge from tasks
= End-to-end autonomous techhology development
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I Neural network basics — Forward pro »agation

\
xil) x£2) xim)
= Dataset: | [V |y@ [ || «2 |y@ [ | [ 25 |2
1 2 (>
XV e C
e ) Wl N
: : | activatien.fuC 9an o
nput Iayeri hidden layers Eoutpu\ \ @ Each nod Factor th. * «. ds non-linearity
' ' ach node:
a ) : —
0) N
X N ! X2 .
1 /“N F N / | f ., X
(0 7 ‘A"i 5 y 1
Xy : w, b {"‘ W('Xb : ) 57(‘) -~ | sigmoid: a = TT o2 tanh
Q ‘ ; wy
MO weight (Wz), biis a o
3 W3
Linear conrb ~tior of inputs l/ I/
:-z — .-.,z_
ReLU (Rectified Linear Unit) Leaky ReLU
\§ J

Forward propagation
AIS"_ le@ [Adapted from https://www.coursera.org/specializations/deep-learning] 8



Neural network basics — Backwar¢ picpagation

\

2V ) 2™
= Dataset: | [V |y@ [ || «2 |y@ [ | [ 25 |2
x§1) xéz) ' Ew‘/

input layer:  hidden layers | outpu@ e

4

U 'ate w, b of each node to minimize J

At _ach node,

=w; —a-dwy learning rate o
‘ quantify accuracy Wy =Wy — @ - dw; determines
_ N e W3 = w3 — a - dws magnitude of
Loss function: L,y b=b—a-db change

3 1

1 N
Total loss: J = FL\;(‘),y(‘))

1 1 Y ¢ 1
v A——
Backward propagation
AISL r:l\/ [Adapted from https://www.coursera.org/specializations/deep-learning] 9



Neural network basics - Training

» Repeat forward & back propagation unti. u><sned accuracy is reached
- fix weight & bias - Arbitrary funztios, can be expressed based or.tiser data

input layer:  hidden layers : output layg

Parameters:
- weight & bias of each node

Hyperparameters (parameters that control parameters):
- # of hidden layers, # of nodes at each layer

- choice of active ‘on function

- learning rate

- #of epoch

-c-ward propagation

- Backward propagation
AIS“_ "Y‘ [Adapted from https://www.coursera.org/specializations/deep-learning] 10

) 1 epoch: 1 forw. 1 & vackward propagation for all data



Data-based neural network device in)del

Example case  Goal: Generate device ri cfeiior transistors for any {W, L. T}

“v.  hannel width

Available measured data;

. - Analytical-equation Lnannel length
|-V data for x different combinations T: temperature
of {W, L, T} jommm———= $ L\

o input :§ hidden layers AU G

W=1um, T=25°C | |a§er i:l ' ";ly\ :

o 0000000000 | | i

SEREIE ~ I !

2 | e W=100nm, T=8% ~ 1 I

= \-c;. — ‘ o0 00000000 OCOO i' i :

>D: 2/ g ® ® ® [ ] [ ) ® :| : I

: 28 2 ST Voltages | i
L=lum_33 ¢ Ze e 2 o2 5 o (e.d9. Vas, Vps) | i Currents

W=100nm, T=25°C p o Parameters | @‘." (e.g. Ip)

ST AR . S : 3 (e.9. W, L,T) AN, i

428 S 3 Ppete : S

B _."e > o e o | i' i :

LRV q o

L=10 ¢ >O, e o o o o ¥ ’ i :

i (B B DS S b i !

s " SRR \ Sy

-=10nm . Ves (V) A Neural compact model
Fixed NN trained with

Alst 'fly measured data 11



Outline

= Knowledge-based NN model
- Training with inductive bias
- Building prior knowledge from® ! 0,2 tasks
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Simple data-based regression is nod sutficient

= Can violate the laws of physics

- Train with inductive bias

- Domain knowledge based
constraints

- Physics-based NN

Physics r
knowledge

-
N
YN YYD

|
Al Model

e e Y L L L L L L L L LS

= Amuu ot uf data may not be sufficient

> Baind prior knowledge from multiple tasks
- Mwlti-task learning
- Meta learning

S

A
A
o Voce | Driosel
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Domain knowledge based constraints - Cc ncept

* Reduce degree of freedom by incorpora u.>:human-knowledge of the domair

15
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Underfitting

1 Degree Model on Training Data

[ SuE
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Add consuar s to avoid overfitting (regularization

-~
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Go /d fit
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004s
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[itps /Ntewardsdatascience.com/overfitting-vs-underfitting-a-comple
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Domain knowledge based constraints -+ D¢ vice example

= Monotonicity
- Knowledge: Increasing voltage increases curra

- Constraint: Additional term in cost functic. u it
Increases when increasing voltage r eci. ases
current

= Smoothness

- Knowledge: Increasing voltage increases current
smoothly

- Constraint: Additional term in cost function that
Increases when !V curve is not smooth

AlSt 7y

w/out domain knowledge based ~2anst i ts

— NN model —

------- Measured

~lc . onotonic _ Vps
< - Not physical!

I o smooth pny

15



Physics-based NN — Concept

= Modify NN training scheme or architectu ¢ Vv incorporating underlying phyvsics

Example

Train NN so that governing PDE, be¢ unac 7y condition, and initial condition is satisfic .

Physics-Informed Neural Netw vk ©2IN)

————————————————————————

_________________________

—————————————————————————

%(a:,t) —gr(u,x,t) p— —

-------------------------

AlS“. Vl\/ 16



Physics-based NN — Device examaie

= For modeling Q, use loss function to fit ¢ = Select activation functions for NN

C (data more readily available than 0) considering known |-V =_i avior
- Use knowledge that for simulations, althoZygr Q is - Choose tanh for Vg 7 1put Dranches
needed, C (=dQ/dV) is what matters (I,=0 @ Vps=0) an . sig™uid for Vg

17-stage RO Simulatioi! Input branches { v« © V5=0)

dddmiddr

]
- - = Ref. Model BSIK/\J«-CM

G|mode f
_____ ANN-1 trained with|Q & G W el .
e ANN-2 trained withiC Only sigmoid: a = 1 !
+e %

layer L-1

e s

a

, layer 0 I/—
| (Input layer) »
2 X
oo C(Or'
ve 1
e
50" tanh
519

[J. Wang,  al., . .rtificial neural network-based compact modeling method~logy fr [M. Li et al.,, “Physics-inspired neural networks for efficient device
compact modeling,” IEEE J. Explor. Solid-State Comput. Devices

< nced . nsistors,” TED, 2021] Circuits, 2016]
ircuits,
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Multi-task learning — Concept

= L earn generalized representation by trai n. 2 with related tasks simultanenush’

- Shared layers with general properties + trsk-si3¢ cific layers

Task A
1

|

A0Sk Bl |Task Cl| Task-

i

I specific

layers

A

Shared

layers

[S. Ruder, “An Overview of Multi-Task Learning in Deep.N iral Networks,” arXiv:1706.05098v1 [cs.LG]]

AlSt 7y
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Multi-task learning — Device examnie

Example case:
« Goal — Generate device model for transistors foi a'.,{W, L, T} fabricated with technolog A

+ Available measured data:
|-V data for x different combinations ¢f.".v L, T} with technologies A, B, C

TechA Tech B/ TechC

Task A {'5 B| [Task C| Task-
| f specific

[ layers

o~ = - - —-———_———— N\

I Canuaivis general technology-

. 11dependent properties
|

Shared
layers

4
|
!
|
!
|
|
!
\

[S. Ruder, “An Overview of Multi-Task Learning in Deep.N iral Networks,” arXiv:1706.05098v1 [cs.LG]]
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Meta learning — Concept

= Extract prior knowledge by “learning to I\'c2” oy training with numerous relatec
tasks

Extracts shared features

multi-task reinforcement learning — = = =
Training Data Shared Paramet Tast " ta Loss
learn tasks perform tasks n parameter )
{(xj’yi)}izl n (JC+ Yn+i }
N =1
AR wi [2] -ﬂ P —
(o) %
£
’l‘ ﬂ ’I‘ ﬂ = + |
®© N '
‘\' = Task 2 * - back- propagate 0%
O O j ‘.CIE ° [ [
[}
=

| I | |
4 D RSP '\ *
. . TaSk3 ++00 - O\ 1], = +++0
meta reinforcement learning K > st T > N o |T>20%

Iearn to learn tasks 1) T :| ¢ CAm—
quic. learn Iil) * ) J \j : o
new ask @ Task4 o O e —>| /) |—>20%
o) - -
§ _ Y —
vV_W.".eh, “"Meta-Learning — an idiosyncratic tutorial, MLSS, 2020]
| \/
Q?. J 1. L <e-iearning: Solves individual tasks
— J 2. Jeta-learning: Individual tasks updated to improve
ttps.//meta-world.glthub.lo/] generalization performance



I Meta learning — Device example

Example case:
* Goal — Generate device model for transistors foi a'.,{W, L, T} fabricated with technolog A

« Available measured data:
« |-V data for x different combinations ¢ 7.\ L, T} with technologies A, B, C, D, ¢ (c.

Learn to learn tasks w/ other technalcay / ata and/or TCAD data Qi =k =arn tech A

Tech B Tech A TCAD

) W=1um, T=25°C
. E R e s . W=1um, T=25°C
B osb ol W=100nm, T=85°C “ol gesesecenes
s s
B s = b el Sl Sl Sl It SHER: W=100nm, T=85°C
I I 2 sl ol gesesereses
d Bs: eTeteteee || 8 5e gl 11101000
t=um 278 TU S op it 1% 2 tetetetetees
> I LI 2L s e e e e
. W=100nm, T=25°C p = L=1um * * o 4 P S S -
.. 3 .
st e b ¢ 3 . W=100nm, T=25°C } & &
», —~' sessssssssss posss " sesesesessse > . .
=) =% & e & & & s pesss
Tech D = s "iti'i"i%is Tech C SHIEREAE SRS NN 35 55
S e i StE prrrigptttt
W=1um, T=25°C o Ne e ¢ o o |. W=1um, T=25°C . _;: E: b A A A S/
s tesesecncas L=tum 22 3 3 0% b e tesesecncas AR EEBEE
sy T A L. s _ p
AR W=100nm,T= = eeees 2 ot w=t00nm,{ ST il ool
> = bt v) > = L=30nm e e s s sssssss
Ze e = :n:o:l:o:.d Ze e ;_ :n:o:l:o -------------
> T % sesssess s > ¢ sessees L=10nm Vg5 (V)
- :'-:- >n >0 e e e e e o >n > e o e e
L=tum_* ¢~ o 2e =0 ° +—1 L=tum_* 2t o411t
W=100nm, T=  °C . W=100nm, T=25°C
< »
St seseseseans h St seseseseses
3t 4 N S R A A A A
s . .e . res el s " esssssscssss poeoes
> e o 2 @ . L] 5S¢ e e e e e o peess
> = e s >y e . . 0 = s e e s e @
a* Sl e L e . |) % Se e s e e e )
> S0 e e e >t e e e e s
. . Be o o o o @
L=tum + ¢ . L=tum $¢”s s s s & &
. a . o e e ! .y s s s s s
0NN ceeses s L=30nm ¢ ® s e s s s s s s
................
nm L=10nm Vg (V)




I Outline

= Motivation v
= Introduction to neural network mo Y 4

= Knowledge-based NN model Ob

- Training with inductive bias
- Building prior knowledge from tasks
* End-to-end autonomous technology development
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I End-to-end autonomous technolo¢y ¢ svelopment

New EDA market Focus of\c@mventional EDA market

-y
-

Device
model

[AnandTech modified Techlnsights
Apple A13 die shot]
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<Chip manufacturing preaac=>

Fu. “wutomation from device design t2.ch.» design
- A new paradigm in the global sen conductor industry
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