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Privacy loss of transcript basic composition :
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warm-up : Randomized Response PLRV
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Simulation lemma

Let P
,
Q distributions on finite outpt space. Suppose for every E :

P (t) -esQ(E) +& and Q(E)[ep(e) +&

Then I randomized map F : F(r)-P and F(V)NQ-



Fix Xwx)
. Fixi and history h = Y <

P .

1 ,h is the distribution A ; (x ,e)

P j
,
e

4 4 n Aj(x ; e) .

By Simulation lemud :

- randomized map File : Fi
,en (V)wAj(x; h)

Fi
, (v) - Aj(x2)

Define a randomized map fron Zik [0,
1
,
"JamU"

,
"JamV'y"

F * (Zik) : = for j = / , ..,
K

1 Y jwFi
, ye
(zi)

Proof by induction
-- return

yo : 17.

If (We
,
We

, .., UK] are iid copies of

CVs,
, .

.
. . Vk] " 4 ~ them #

* (Ve
, .., Vid) ~A(x)

Fr (Va
, ..,
Vk) ~A(x)



Back to bounding (x-x) (Yak)
Remains to show that :
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⑧
Remarks
-

= The presentation followed theBV/NEU course .
Result by Kairorz,Oh ,Viswanath:

↑The composition theorem ofDD, (2015) .

· First paper on advanced composition by Dwork ,
Rothblum ,

Vadhan :

17

Boosting and DP
. (2010)S

· weaker result (with Azuma ! ) : read Ch .

3 .
5 DworkRoth book

· Notes on simulation lemma : in Murtagh ,Vadhan ."The Complexity of Computing the optimal
Composition of DP, (2016) .


