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Need & Challenge of High Sigma analysis
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. Challenges High Sigma (Rare Failure Event) anaIyS|s

— Memory cell (e.g. 6+ sigma)
— Critical circuits (e.g. 4-5 sigma): 1/0 cell, PLL, etc.
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Existing Approaches
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= Monte Carlo Simulation:
— Monte Carlo is ] for high sigma analysis in
terms of computational complexity
= One post-layout PLL simulation may take several hours Spherical

samplingf@Tb2ol.

= Importance Sampling methods:
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What if there are multiple failure regions ?

e —————

= What if failure samples fall ih multiple disjoint
regions

= Importance sampling works like this:

= Statistical blockade can’t identify multiple failure

regions. Even worse,
the number of variation variables

with

(a) Importance sampling with
shifted mean on the boundary
of failure region(s)

» Sample @ Sample mean

(b) Importance sampling with
shifted mean on the centroid
the failure region(s)
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Unfortunately, multiple failure regions do exist

Digital Analog Analog

Digital

PFD: phase frequency detector;
FD: frequency divider; VCO: voltage controlled oscillator

Mismatch between MP2 and MN5 may
result in fluctuation of control voltage,
which will lead to “jitter” in the clock.

(a) Two separate failure regions

Vths of MP2 and MN5 are variation parameters Slide 5 of 14



Rare-Event I\/Iicrbscope (REscope)
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= Make the classification based approach more practical, in terms of
and ' ‘
- Identifies mu
— Handles problems

— Approximates the tail as a

= GPD: a good model for the distribution of the exceedence to a certain threshold in another
distribution, i.e. the tail of PDF(y) |
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process variation —% probability
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Success © Fail

Pruning and Classification

e —————

= Parameter pruning (Feature selection)
— Evaluate the “Importance” of each parameter (feature)
— RELIEF-F algorithm:

- W, =W, + (x; — nearMiss;)? — (x; — nearHit)2
— Sort parameters by “Importance”, and prune the @ e
unimportant parameters - A

= Classification

- The boundary separating accept and failure regions is
usually nonlinear

— Apply suppokt vector machine (SVM) with radial basis
function (RBF) kernel yields a good nonlinear boundary

Distribution of :
Failure
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GPD Approxi‘mation
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« Approximate the tail of PDF by GPD
with only 2 parameters

— Shape parameter(€), scale parameter(o),
- starting point of the tail(p)
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— Calculate the initial solution by probability
weighted moment matching

— Refine the solution by Newton’s method

Distribution of
process variation —%
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(b) Conditional PDF of the Lognormal tail
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Experiments: REscope for Charge Pump
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= One circuit, two configurations
— An illustrative example: only 2 variation
parameters
= Vth of MP2 and MN5

— A high dimensional example: 108 process
variation parameters (27 transistors, 4
process variation parameters for each)

= Channel length

= Channel weight
= Gate oxide thickness
= Flat-band voltage

= Failure: current mismatch.
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Experiment 1: Illustration of Classification results
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Result of linear
classifier

* Failure Sample . Accept Sample

{a) Two separate failure regions
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{c) Classification result in REscope
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Experiment 2: Handling high dimensional cases
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« Parameter pruning results: _
— 27 important features are selected out of 108 variables

Most important
27 features

40 60
Process variation parameters

Figure 7: Weight of all 108 process variations in
charge pump circuit
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Accuracy of REscope

= Tail modeling after
parameter pruning:

CDF in terms of Sigma

i€“
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(a) CDF tail in linear scale

1.08 108 171 111 172 113 1.4 115 1.6

(b) CDF tail in log scale

The estimated P
overlap with MC

Mismatch after 4.2 sigma
because we don’t have
enough MC samples so far.
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Comparison with existing methods

Monte Carlo Importance sampling | Proposed approach
(MC) (HDIS)[12] (REscope)

2.279e-5 (0%)

3.6e+3 (1x)

speedup on MC with ' , While importance
sampling and statistical blockade fail.
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Conclusions

= Strength:
— Dimension reduction algorithm keeps the “important” parameters only.
— Nonlinear classifier works perfectly on detecting multiple failure regions.

— The tail is explicitly matched to a known distribution, such as GPD, to further reduce the
number of sample.

— Experiments show 389x speedup on MC with only 1.05% error, which importance
sampling and statistical blockade fail. -

= Limitation and Future direction:
— Considering the correlation between variations sources
— Algorithm to automatically adjust the classifier configuration
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Thanks!
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