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* Introduction to PCle PHY tuning

* A machine learning (ML) proposal

* Unsupervised and supervised ML

* PHY tuning and optimization

* Clustering and GPR modeling results

* PHY optimization formulation and results
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The Journey of PCle
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[ Continuous improvement in data rates and usage models ]
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Usage of PCle technology continues to grow driven by BW demand \
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PCle Tuning Complexity

* PHY tuning is very time consuming
* Typically based on exhaustive search methods to find the “best” Tx and Rx EQ settings
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Define the FOM (i,e Performance metric)

+——Eye Width——»

Confirm runs to verify results

@ Identify tuning “knobs”

PHY tuning may involve
hundreds of Tx/Rx knobs to
be adjusted

@ Knobs optimization to maximize FOM

Find the best
knobs values
combination that
optimizes the FOM

Define a metric to qualify the %,
recipe ingredients, which will £ ? (oo
be used by the optimization ~ ~ 3|
algorithms !
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Challenge: make PHY tuning
inexpensive by reducing the
number of lab measurements
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Challenge: provide higher margins
on a wide variety of devices and
channels, along with process,
voltage and temperature (PVT)
variation
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o0 IMS PCle Tuning Complexity (cont.)

Many EQs maps, obtained from lab measurements, are typically employed

for different lanes, channels, PVT, etc.
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To maximize resources globally, electrical validation is moving to a data-
collection cloud strategy

Postgres-based database
for EV data

Large set of
unsupervised
data
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Execution Manager
Web-based solution for EV engineers =
to deploy tests in lab hosts
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 We propose a combination of unsupervised and supervised ML
techniques to tune high-speed PCleb NRZ and PCleb PAM4 designs on
a real post-Si platform

* Qur proposal helps to:
— Eliminate manual PHY tuning efforts

— Reduce engineering and debugging costs
— Accelerate post-silicon validation

 We aim at increasing accuracy and robustness of the solution by using
massive and diverse post-Si validation cloud data
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G2 IMS A Machine Learning Proposal (cont.)
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Option CloudCDS Option post-silicon
. . post-silicon data bank platform characterization
([
We use unsupervised ML modeling
CloudCDS

to cluster prior SMV and EQ data Salng
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onIMS Unsupervised ML: Clustering
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* Unsupervised ML algorithms learn patterns from untagged data

* Clustering is the task of grouping similar data points

* We use the k-means clustering algorithm that partitions n observations
into k clusters

Before K-Means After K-Means
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00 IMS  Unsupervised ML: Clustering (cont.)
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Given a set of observations (Xq, X,, ..., X,), where each
observation is a d-dimensional real vector, k-means

clustering aims to partition the n observations na ‘iﬁ;'
into k (<n)sets S={S,, S,, ..., S} to minimize the S A
within-cluster variance "
We solve: : d* I:,-,
argmmz Z 1% — g ||° = argmlnz 15;| Var 5; y
t=1 x5 | Mteration #o0

o 6f O0F 63 o4 05 OG6E OF OB O 1

By Chire - Own work, CC BY-SA 4.0,

Where ”I |S the mean Of p0|nts |n SI https://commons.wikimedia.org/w/index.php?curid=59409335

AMTT-S
IEEE MICROWAVE THEORY &
7 TECHNOLOGY SOCIETY



00IMS  Supervised ML: GPR Modeling
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* We use supervised machine learning
regression to model eye margins

* Given the large statistical fluctuations
in post-Si electrical validation
measurements, we use Gaussian
process regression (GPR)

 GPR aims to predict not only the
outputs based on inputs, but also their
variability (probability distribution)

Predictions (labels)

A

Mixture of

Gaussians posterior predictive

—~———~ _~ distribution of x'

y 4 o
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— - GP Mean
—— GP 95% confidence

A~ @ Training point
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Observations (inputs)

measurement noise
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S0IMS Clustering Results

PCle Gen5 Eye Diagram Area
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anIMS GPR Modeling Results
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An “open eye” at A “closed eye”
the Transmitter at the Receiver

Equalized
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Data — § »|EQ Channel g —> Data
m— - Data-Dependent Jitter £ o ™
{ - Inter-Symbol Interference }
Tx CLK CDR |

litter: RJ, PJ, DCJ Jitter: RJ, PJ, DCJ

Equalization settings need to be optimized for best link performance
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* R, € ®?: GPR response using functional margins 1| = T
R, =R,(x,w,0)=[e,(x,w,0) e (xw,0)] — ¢ # o, 2

* We solve by direct optimization ] I |
X =arg minU(x) where x has the EQ settings e g

» Our unconstrained objective function is g E—

(0) G

U (x) =-[e, (x)]le, ()] + L(x){mgig(x?o!)}} — " = '/
where X is the starting point and L(x) is a cn C £ - = > gil
corner limits penalty function defined as TL,“’ ' conphators
L(x) = max{0, max{l(x)}?} 5

lower bounds of

11 ~ u(x—[10]") u(x+[101") /0.8u(x*) N the
1 1| |u(x-=[01]") u(x+[01]") vicinity of x*
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Cluster1 Objective Function
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» 20% increase in eye
diagram area (measured)

* Current method takes
days, while new method
takes a few hours
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SBO PCle PHY Tuning Results
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Cluster1 Normalized Coefficients Responses
T e; T

evaluation

PCle Gen5 - FIR EQ Opt. Summary

Cluster 1: x*=[4 6]T, U(X") =—-672.77
Cluster 2: x"=[4 8]T, U(x") =-719.35
Cluster 3: x" =[5 4]T, U(x") = —-688.73
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 We propose a new methodology for PCle link equalization
* Our methodology can be applied to other interfaces for PHY optimization

 We use ML techniques to cluster post-silicon data from different
channels and feed those clusters to a GPR-based metamodel for each
channel

 We use SBO to find the optimal PHY settings

* Asignificant increase in eye diagram margins is achieved, accelerating
the PHY tuning process
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