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ML in EDA Progression

1St Generation: Big data models for improving
design productivity through machine learning

2"d Generation: “Little data” models for improving
design productivity through machine intelligence

3'd Generation: Models and methods to flatten the
design and verification hierarchy
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Problem Statement

e Port analog and custom digital IP from one
technology to another, e.q.

Foundry X Foundry Y
32 nm 28 nm



@ Bayesian Optimization

 We propose to use a Bayesian optimization technique for efficient
design optimization:

Let f denote the statistical model and D the samples; we have:

P(D|f)P
P(fD) = Z2LEL « P(DI)P(f)
Posterior Likelihood Prior Model

* Bayesian optimization flow: Two key components:

(1) Statistical surrogate model:

P(fID) | Surrogate Model « Gaussian Process (GP) models or
) (f) Student-T Process (TP) models
» Fit existing data and predict
7y Acquisition Function performance expectation and

uncertainty; prior models are updated
with newly acquired sample to form
posterior models

P(DIf)

D,
performance y parameter

(2) Acquisition function:
_[ Simulator « Determining next best sample to
simulate




Bayesian Optimization: Picking Next
Point to Simulate

» Probability of Improvement (PI) calculates how probable it is that
simulating a new point will improve f(x) at that point
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& Circuit Blocks to be Studied

e 77-GHz vehicular radar blocks:

(a) 80-GHz power amplifier (b) 80-GHz downconversion mixer (c) 20-GHz voltage-controlled oscillator
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Defining Range and Requirements for
Balun

An LC balun is a commonly used passive balun in microwave IC that
converts a signal into a pair of out-of-phase signals, or vice versa, while
suppressing the common mode on the balanced port output.

Design Parameter Range

10_| [30u, 1000u]
10w [2u, 100u]
10_s [3u, 20u]
11| [30u, 1000u]
11w [2u, 100u]
11 s [3u, 20u]
co [20f, 200f]
C1 [20f, 200f]
|S33] N.A. (< -10 pref.)
|S20 — S14| <0.1
| (S22 — S11)l <15

P1:
Balanced + Unbalanced port
50 Ohm l 50 Ohm

BAL P G pomamEa——<> UNSAL
I X sub!
GND

GND|

BAL.N O ? J %
P2: mi -~
Balanced -
50 Ohm

GND 5,

S-Parameters Requirements

dB Loss(S;3,513) >-5
S23 — Syl <0.1
|¢(S23 — S13) — 180 <15
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d? Optimization Performance

Three approaches for optimizing the balun design are compared:

(1) Genetic programming: A representation of evolutionary programming algorithms
that are widely used for analog design synthesis/reuse

(2) Bayesian optimization: Use Gaussian process surrogate model

(3) Bayesian optimization: Use Student T process surrogate model
Balun Design Optimization
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- Porting to New Technology (9HP)

Now we migrate the passive LC balun design into IBM 9HP node with three key components
kept consistent, which makes IP migration a push-button process:

(1) Design IP topology
(2) Algorithm settings:

— Surrogate model type & acquisition function
(3) Design objective functions:

— Objective scalarization weights
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Routing

Problem Statement:
How to set up control knobs to achieve specific desired
outcomes

ey wenrs _____Jowsu__one__

Clock Target Clock frequency Power

Num_layer Number of routing layers  Area Sg.mm.
Init_density ratio % cell area Setup Slack  ps

skew Clock skew Hold slack psS
Sink_max_tran Clock tree leaf trans time  Congestion % density
Buf _max_tran Clock tree buffer tr time DRC error count

count

17
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Initial Experiment

Cortex SOC: e
Gate count: 18k gates : ’ —
CPU (DW_memcti)

Net count: 18k nets i t
Target clock: 10 ns < _—_—
Design Goal: (OW. s e < AP 6us (OW_apb)
Minimize  area while t
meeting timing and being —
DRC clean.

Technology:

NCSU 45 PDK
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Building a Surrogate Model

Model building:

- Each routing run takes 40 minutes

- Total of ~50 runs needed to complete model
- Total time: Overnight

- Kriging Model AP ———

Models fitted:
- Congestion

- Setup slack
- Hold slack
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Physical design results

» Design lterations after model lookup

0.28H Over-congested;
10 0.6 8 300 400 105 -61.3 6.46
/1.51V ps ns Hold time violated

0.03H Over-congested;
10 0.5 8 300 400 6 -48.7 6.55
! /0.39V i "> Hold time violated
400 0.02H 0 2.4ps  6.48ns If\il;)eltztl)'R Eo?;r(r::;r hi(r)lkijs
' /0.11V R ' &
low

300 10.17V 0 10.5ps 6.37ns Final Design

O Surrogate model provides guidance for
design & optimization

O Able to achieve an optimal design with 4
iterations

0 Human designer took 20 iterations

- # of Standard Cells 39990
| Area Core 98109.284 (313.224*313.224)
(um?) Chip 54363.008 (233.158*233.158)

Cell Density 55.4 %
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1. Data Selection

Building a more accurate model

hold_slack_trial
Clock_target Ten Worst Negal-ive Slack
_ Num_layer Ten Results Tota.l Ne,.gatlve Slack
Six — S violating path
. - - urrogate after
Physical | Init density Models —>| Placem x neg > 5
Design ratio ‘ H ‘& x_neg 1 4
Features | SinkMaxTran or Sac o X_pos _0_10
outputs Global x_pos_11 20
BufMaxTran Route power _trial
area_trial
Four Power
Machine Results Area
Learning after Hold Slack
Methods Detailed
Route Number of
DRC Violations
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Conclusions

e |P Reuse

— Can result in more optimal analog designs than
human designer

— Can automate analog IP transfer between nodes
— AND provide models for mixed signal verification

* Physical Design
— Improved designer productivity and better design

22
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