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• For example,
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• Denoted as Simultaneous over Selected (Benjamini et al., 2019)
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𝑢∈𝒳

𝑁𝑢(𝑋
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• We seek 𝑃 Ƹ𝑝𝑢∗ − 𝑝𝑢∗ ≤ 𝑈(𝑋𝑛) ≥ 1 − 𝛼



Related Result

Distribution Estimation under the Infinity Norm 

Asymptotic Result (Shifeng and Guoying, 2004)

𝑛 Ƹ𝑝𝑚𝑎𝑥 − 𝑝𝑚𝑎𝑥 ՜
𝐷
𝜉 1

where 𝜉1, … , 𝜉k
𝑇~𝒩 0, 𝑝𝑚𝑎𝑥 𝛿𝑖𝑗 − 𝑝𝑚𝑎𝑥

𝑘×𝑘
and   𝑘 = # 𝑝𝑖 = 𝑝𝑚𝑎𝑥



Related Result

Distribution Estimation under the Infinity Norm 

Asymptotic Result (Shifeng and Guoying, 2004)

𝑛 Ƹ𝑝𝑚𝑎𝑥 − 𝑝𝑚𝑎𝑥 ՜
𝐷
𝜉 1

where 𝜉1, … , 𝜉k
𝑇~𝒩 0, 𝑝𝑚𝑎𝑥 𝛿𝑖𝑗 − 𝑝𝑚𝑎𝑥

𝑘×𝑘
and   𝑘 = # 𝑝𝑖 = 𝑝𝑚𝑎𝑥

• For 𝑘 = 1 the Ƹ𝑝𝑚𝑎𝑥 ± 𝑧𝛼/2 Ƹ𝑝𝑚𝑎𝑥(1 − Ƹ𝑝𝑚𝑎𝑥)/𝑛 should asymptotically work



Related Result

Distribution Estimation under the Infinity Norm 

Asymptotic Result (Shifeng and Guoying, 2004)

𝑛 Ƹ𝑝𝑚𝑎𝑥 − 𝑝𝑚𝑎𝑥 ՜
𝐷
𝜉 1

where 𝜉1, … , 𝜉k
𝑇~𝒩 0, 𝑝𝑚𝑎𝑥 𝛿𝑖𝑗 − 𝑝𝑚𝑎𝑥

𝑘×𝑘
and   𝑘 = # 𝑝𝑖 = 𝑝𝑚𝑎𝑥

• Very slow convergence rate for uniform or nearly uniform distributions

• For 𝑘 = 1 the Ƹ𝑝𝑚𝑎𝑥 ± 𝑧𝛼/2 Ƹ𝑝𝑚𝑎𝑥(1 − Ƹ𝑝𝑚𝑎𝑥)/𝑛 should asymptotically work



Related Result

Distribution Estimation under the Infinity Norm 

Asymptotic Result (Shifeng and Guoying, 2004)

𝑛 Ƹ𝑝𝑚𝑎𝑥 − 𝑝𝑚𝑎𝑥 ՜
𝐷
𝜉 1

where 𝜉1, … , 𝜉k
𝑇~𝒩 0, 𝑝𝑚𝑎𝑥 𝛿𝑖𝑗 − 𝑝𝑚𝑎𝑥

𝑘×𝑘
and   𝑘 = # 𝑝𝑖 = 𝑝𝑚𝑎𝑥

• Very slow convergence rate for uniform or nearly uniform distributions

• 𝑘 is unknown

• For 𝑘 = 1 the Ƹ𝑝𝑚𝑎𝑥 ± 𝑧𝛼/2 Ƹ𝑝𝑚𝑎𝑥(1 − Ƹ𝑝𝑚𝑎𝑥)/𝑛 should asymptotically work



Related Result

Distribution Estimation under the Infinity Norm 

Asymptotic Result (Shifeng and Guoying, 2004)

𝑛 Ƹ𝑝𝑚𝑎𝑥 − 𝑝𝑚𝑎𝑥 ՜
𝐷
𝜉 1

where 𝜉1, … , 𝜉k
𝑇~𝒩 0, 𝑝𝑚𝑎𝑥 𝛿𝑖𝑗 − 𝑝𝑚𝑎𝑥

𝑘×𝑘
and   𝑘 = # 𝑝𝑖 = 𝑝𝑚𝑎𝑥

• Very slow convergence rate for uniform or nearly uniform distributions

• 𝑘 is unknown

• For 𝑘 = 1 the Ƹ𝑝𝑚𝑎𝑥 ± 𝑧𝛼/2 Ƹ𝑝𝑚𝑎𝑥(1 − Ƹ𝑝𝑚𝑎𝑥)/𝑛 should asymptotically work

Additional related results by Gupta and Nagel (1967), Gelfand et al. (1992), Glaz

and Sison (1999), Fithian (2015), Dyer and Owen (2012), Zrnic and Fithian (2022)  
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• We can replace 𝑝𝑢 with Ƹ𝑝𝑢 at some relatively small cost  
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Thank you!

• Is the infinity norm the best proxy we can find?

• Can we obtain tighter bounds? Improved (and simpler) schemes?

• Distribution estimation under infinity norm for selective inference


