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® Can we use higher moments for better bounds?

For a non-negative even integer r:

2 (x") Polynomial

g Drop
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® Focus: n independet binomial random variables

.xl,xZ,...,an

0 with prob.1—1p

Bernoulli x; = { 1 with prob. p

OIﬁnterest:séx1+x2+...+xn
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/Thm. For any 0 > 0:
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/Def. For a random variable x, the
moment-generating function is:

My (M) 2 E(eM)
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® Chernoff uses moment-generating functions
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