
Problem 1 Jackknife variance and bias
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We want to show Var w E V

Using i i d symmetry
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Using tensorization of the varianie to fn 1 X2 Xn
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Conditioning on Fic and by the symmetry of Fn 1 we can write
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b Bonus Exact bias for quadrati statistics
Here the full sample estimator is

2n fn Xi Xn
We assume the bias admits a first order expansion
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Using the i i d symmetry 2 fr Xi Xi li Xian Xn has the

same distribution as the Xi Xn i so
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Problem 2 Order Statistics variance versus spacings

101 The Maximum

ad We will assume the Xi's are almost surely distinct to avoid ties
We want toprove
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Then the maximum int is attainedby some index j i When we resample
Xi the value X Xin is unchanged So
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Case 2 Xi Xini
Now we are resampling a maximizer When we replace Xi by Xi

the new Xini is at least the max of the remaining n 1 original values
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Because we assumed a s no ties the indicator sum equals 1 So
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Taking expectations and using the onesided ESS yields
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Using the known variance of a Beta distribution
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Now define the ntt spacing in o 1

Do Xin 0 D 121 Xii Dn Xin Yin y Dn 1 Xin
Then Do Dn has a Dirichlet11 1 distribution on the simplex
dk o Idk 1 We know the marginal distributions of a K dimension

Dirichlet distribution are univariate Betadistributions So
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Problem 3 Rademacher prolesses bounding the varianie

a A weak variancebound
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Problem4 Polynomial versusexponentialmoment methodbounds

a Polynomial moments are at least as good
We want to prove

MCH CCH for every too

Fix 7 0 then using power series
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Using monotone convergente the sequente is bounded So using DCT
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Thus for any 730 MH e I e and taking the intimum

over 730 gives
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b Chernoff is still useful

let 2 Yet Yn where Yi's are independent

then
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so the bound reduces to simple 1 dimensional calculations However
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cross terms making themmessy or intractable to compute forlarge q
Hence

Chernoff bounds are still widely used esperially for sums of

independent random variables



Problem 5 Sub Gaussian characterizations

a Three sub Gaussian properties
Here Z is a realvalued RV with 2 0 and the centered GF is
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Similarly using Chernoff bound on Z we get
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