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ad || Cov(adr,) V(&)

Functions of disclosed params
* Bias correct simulated params:

{édp, Efdp} = BiasCorrect [édp, &dp]

Standard error: Standard deviation of 09 over simulations

* Bias correction: reduces bias and variance

A General Purpose, Statistically Valid DP Algorithm

12/17.



The Algorithm in Practice

The Algorithm in Practice 13/17.



Simulations: Finite Sample Evaluation

The Algorithm in Practice 14/17



Simulations: Finite Sample Evaluation

0_0-—;—— B . —— ——r———=
0
0.1
(V)]
©
o -0.2-
03-
01 025 0375 05 0625 0.75

Ol

The Algorithm in Practice



Simulations: Finite Sample Evaluation

0.00 + Je~o—=t=——0— —=e = — 9
-0.02 1 0
0
©
@ _5.04-
-0.06 1
1 O(IJOO 250I000 500I000 750I000 1 OO(I)OOO

N

The Algorithm in Practice 14/17



Simulations: Finite Sample Evaluation

0.00 + ¢—==—0— —0— ——y == = = = ® -
~d
5P
0.02-
()]
©
M _0.044
—0.061
010 025 0.50 0.75 1.00

The Algorithm in Practice



Simulations

0.151

0.10 1

Std. Error

0.05 1

: Finite Sample Evaluation

0.00 1

The Algorithm in Practice



Simulations: Finite Sample Evaluation

00+ g==m—o——o———o— —a 0.00 + g=— ——— === ]
6% 50
0
-0.14 -0.02+
3 8
@ 021 0 0,04+
-0.31
-0.06 -
T T T T T T ! ! 1 1 !
0.1 025 0.375 0.5 0.625 0.75 0.10 025 0.50 0.75 1.00
2 €
0.00 T fo~o—=2t=—= N
~dp 0.154
-0.02+ o N
I
3 5 0.10-
@ _0.044 5]
w
0.054
-0.06
0.00 1

10000 250000 500000 750000  100000¢
N

The Algorithm in Practice 14/17 .



Similar Empirical Results, Larger Cls
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° known statistical properties & valid uncertainty estimates
* Proposed algorithm
* Generic: almost any statistical method or quantity of interest
* Statistically unbiased, lower variance
* Valid uncertainty estimates
* Computationally efficient

* Solves political problems technologically
* Implementations:

* Facebook, Microsoft+Harvard/IQSS, OpenDP
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