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Abstract

Monte Carlo simulation is one of the most fundamental methods for analyzing circuit reliability to variations, including process, voltage, and temperature.
However, it requires a large number of simulation samples, which makes it impractical in industry. Hopefully, many researchers have proposed various
high-sigma reliability analysis methods over the last decade to overcome the limitation. On the other hand, evaluating their statistical characteristics has
not been noticed well, despite of their importance. In this work , we address it considering their random nature. Specifically, we suggest a new evaluation
strategy focused on capturing their statistical characteristics, with two metrics: mean squared error for estimation accuracy and 95% estimation interval for
estimation pessimism. We also demonstrate its application to industry designs with some in-depth analysis as a case study. Through the experiment, we
reveal a few statistical properties, such as the impact of the number of simulation samples on the estimation accuracy, optimistic/pessimistic estimation
trend according to the underlying tail distribution, and so forth. The characteristics we found can be helpful for designers who want to derive the full
performance of high-sigma reliability analysis methods.

1. Introduction: High-Sigma Reliability Analysis 3. Experimental Results: Application of Our Strategy

= Many analog & mixed blocks are susceptible to various kinds of variations
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— How about statistical behavior?
» Each thin green/blue line in Q-Q plots represents the estimation result from one set of running
= Thick green/blue lines in Q-Q plots represent the average of the estimation results over 100 sets
» Larger the gap with Gaussian distribution in the tail region, more accurate AVA-SA estimation
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Summary & Limitation
= |n this work,

1. we proposed for using two metrics:
@ for estimation accuracy and @ for the amount of estimation pessimism;
2. we with in-depth analysis.

» Through the experiment, we revealed a few statistical properties of the methods during its evaluation.
» The characteristics might be helpful for designers who want to derive the full performance of the methods.
* Limitation: Not applicable to the high-sigma reliability analysis methods restricting a user’'s manipulation, e.g., Synopsys PrimeSim AVA — HSMC flow.




