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A lot of existing theory assumes tests are 
selected independently of the data.
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Adaptivity causes real problems
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Adaptivity causes real problems



Question How can we provide statistically valid answers to 
adaptively chosen analyses?

1. Traditional method – split the dataset into 𝑘 chunks.
- Requires 𝑘 ≪ 𝑛.

2. Limit the info learned about the dataset with each analysis 
[Dwork,Feldman,Hardt,Pitassi,Reingold,Roth’15].

- Can handle 𝑘 ≫ 𝑛.



[DFHPRR’15] 
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• [DFHPRR’15]: 



For each of the k
queries, bound accuracy 
for dataset of size = n/k, 

then union bound.







31000

Ongoing work 
with Roth, 

Smith, Thakkar





[Freedman’83],[Leeb,Potscher’06],[Berk,Brown,Buja,Zhang,Zhao’13], ...

• [DFHPRR](STOC’15,NIPS’15,Science’15)

• [DFHPRR] (STOC’15,Science’15) 
• [Bassily,Nissim,Smith,Steinke,Stemmer,Ullman’16]
• [Cummings,Ligett,Nissim,Roth,Wu’16]
• [Russo,Zou’16]
• [Wang,Lei,Fienberg’16]

• [Hardt,Ullman’14], [Steinke,Ullman’15]



[R,Roth,Smith,Thakkar FOCS’16]

[R,Roth,Ullman,Vadhan NIPS’16]

[Gaboardi,Lim,R,Vadhan ICML’16],[Kifer,R AISTATS’16]
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[DFHPRR’15]

𝛽-approximate max-info of 

𝐼<
= ℳ(𝑋);𝑋 = log sup

I

ℙ ℳ(𝑋), 𝑋 ∈ 𝑂 − 𝛽
ℙ ℳ 𝑋′ , 𝑋 	∈ 𝑂



𝑡:𝒳' → 𝐼𝑛𝑐𝑜𝑛𝑐𝑙𝑢𝑠𝑖𝑣𝑒, 𝑅𝑒𝑗𝑒𝑐𝑡	𝐻^
𝐻^ ⊆ Δ 𝒳 	

𝑔: 𝒳' → ℝ

False Discovery] and get good Power.

𝑯𝟎 is True 𝑯𝟎 is False

𝑡 rejects 𝛼 = False Discovery Power

𝑡 fails to reject 1-𝛼 = Significance Type II Error



p-value
𝒟 ∈ 𝐻^

𝑝 𝑦 =	 ℙ
h∼𝒟i

[𝑔 𝑋 > 𝑦]

𝑝 𝑔 𝑋 ∼ 𝑈[0,1] if 𝑋 ∼ 𝒟' 𝒟 ∈ 𝐻^
𝑝 𝑔 𝑋 < 𝛼

ℙ[False Discovery]< 𝛼



False Discovery
𝛾 valid p-value correction 

𝛼

𝛾 𝛼
𝛼



𝐼<,r
= ℳ,𝑛 ≤ 𝑚

𝛾 𝛼 = 	
𝛼 − 𝛽
2v

𝛾 𝛼
𝛾 𝛼

𝑋)

≤ 𝛾 𝛼



ℳ	

• [DFHPRR’15] Max-information bounds for:
• (Pure) Differential Privacy 

• Description Length 
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Alice Bob Cathy Debra Ryan Zulu

Randomized

Outcomes

𝑥:

ℙ(ℳ 𝑥 = 𝑜) ℳ

𝑂Small

[Dwork,McSherry,Nissim,Smith’06]



[Dwork,McSherry,Nissim,Smith’06]

ℳ:𝒟' → 𝒪 𝜀, 𝛿
𝑥, 𝑥′ ∈ 𝒳' 𝑆 ⊆ 𝒪

ℙ ℳ 𝑥 ∈ 𝑆 ≤ 𝑒|ℙ ℳ 𝑥) ∈ 𝑆 + 	𝛿

If 𝛿 = 0we say pure DP, and 
otherwise approximate DP.



• [DMNS’06] ℳ =ℳ3 ∘ ⋯∘ℳ1

𝜖𝑘
• [Dwork,Rothblum,Vadhan’10] ℳ =ℳ3 ∘ ⋯ ∘ℳ1

𝑂 𝜖 𝑘	log	(1/𝛿)

Quadratic 
Improvement 

with small 𝛿 > 0!



• [RRST’16] Connection between Max-Information and (approx)-
differential privacy

Bounded 
Max-Info

𝐼<,r
= ℳ, 𝑛

Bound on 
ℙ[False Discovery] 
when  𝑡 ← ℳ 𝑋⟹⟹ℳ is 𝜖, 𝛿 -DP



• [DFHPRR’15] (𝜖, 0)-

𝐼<,r
= ℳ;𝑛 ≤ 𝑂� 𝜖2𝑛	

• [RRST’16]: (𝜖, 𝛿)-

																													𝐼<,r
= ℳ; 𝑛 ≤ 𝑂� 𝜖2𝑛	 𝛽 ≈ 𝑛 �

�

Similar Max-
Info bounds



[BNSSSU’16] for low sensitive queries.
• However, our bounds apply more generally (e.g. adaptive hypothesis tests).

• Composition of 𝑘 ℳ1,… ,ℳ3
• [DFHPRR’15]: 𝐼<,r

= ℳ3 ∘ ⋯ ∘ℳ1;𝑛 ≤ 𝑂� 𝑛𝜖2𝑘2

• [RRST’16]: 𝐼<,r
= ℳ3 ∘ ⋯ ∘ℳ1; 𝑛 ≤ 𝑂� 𝑛𝜖2𝑘

Via strong composition 
theorem from [DRV’10]

Theorem: If ℳ:𝒳' → 𝒪 is (𝜖, 𝛿)-DP,  then

𝐼<,r
= ℳ;𝑛 ≤ 𝑂� 𝜖2𝑛	 where 𝛽 ≈ 𝑛 �

�



[R,Roth,Smith,Thakkar FOCS’16]

[R,Roth,Ullman,Vadhan NIPS’16]

[Gaboardi,Lim,R,Vadhan ICML’16],[Kifer,R AISTATS’17]
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Data: 𝑥

ℳ1 is 𝜖1-DP

𝑓 𝜖1,⋯ , 𝜖3 ≤ 𝜖�

𝑎1

⋮
ℳ3 is 𝜖3-DP

𝑎3

ℳ2 is 𝜖2-DP
𝑎2

⇒ ℳ3 ∘ ⋯∘ℳ1 is 𝜖�-DP

𝜖1,⋯ , 𝜖3	



•Our focus

•Questions



𝐿 𝑜 = log ℙ ℳ � ��
ℙ ℳ �� ��

	 𝑜 ∼ ℳ 𝑥

𝐿 𝑜1,⋯ , 𝑜3 = �𝐿� 𝑜�

3

��1

= �log
ℙ ℳ� 𝑥 = 𝑜�|	𝑜1, ⋯ , 𝑜��1
ℙ ℳ� 𝑥) = 𝑜�|	𝑜1,⋯ , 𝑜��1
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|𝐿 𝑜1,⋯ , 𝑜3 | ≤ 𝐶𝑂𝑀𝑃�� 𝜖1,⋯ , 𝜖3

[R,Roth,Ullman,Vadhan’16]



[RRUV’16]

𝐶𝑂𝑀𝑃�� 𝜖1,⋯ , 𝜖3 =�𝜖�

3

��1
∑ 𝜖�23
� ≥ 1

'�

𝐶𝑂𝑀𝑃�� 𝜖1,⋯ , 𝜖3 = 𝑂 �𝜖�2
3

��1

log
log 𝑛
𝛿�

		

and	

𝐶𝑂𝑀𝑃�� 𝜖1,⋯ , 𝜖3 = 𝑜 �𝜖�2
3

��1

log
log 𝑛
𝛿�



“biased” random walk with step size ±𝜖

𝐿 𝑜1,⋯ , 𝑜3 = �𝐿� 𝑜�

3

��1

= �log
ℙ ℳ� 𝑥 = 𝑜�|	𝑜1, ⋯ , 𝑜��1
ℙ ℳ� 𝑥) = 𝑜�|	𝑜1,⋯ , 𝑜��1

	
3

��1





Law of Iterated Logs
bound scales with  

Θ� 𝜖 𝑘 log log 𝑘  

O� 𝜖 𝑘



[R,Roth,Smith,Thakkar FOCS’16]

[R,Roth,Ullman,Vadhan NIPS’16]

[Gaboardi,Lim,R,Vadhan ICML’16],[Kifer,R AISTATS’17]



• GOAL



𝑡:𝒳' → 𝐼𝑛𝑐𝑜𝑛𝑐𝑙𝑢𝑠𝑖𝑣𝑒, 𝑅𝑒𝑗𝑒𝑐𝑡	𝐻^

False Discovery] Power

𝑯𝟎 is True 𝑯𝟎 is False

𝑡 rejects 𝛼 = False Discovery Power

𝑡 fails to reject 1-𝛼 = Significance Type II Error



	𝐷 = (𝐷1,… , 𝐷¢)~𝑀𝑢𝑙𝑡𝑖𝑛𝑜𝑚𝑖𝑎𝑙(𝑛, �⃑�).
1. Goodness of Fit

2. Independence Test

𝑄2 = 	�
(𝑂𝑏𝑠𝑒𝑟𝑣𝑒𝑑�	−𝐸𝑥𝑝𝑒𝑐𝑡𝑒𝑑�)2

𝐸𝑥𝑝𝑒𝑐𝑡𝑒𝑑�



private chi-squared statistic
©ª

𝑍� 𝑵 𝟎, 𝑶
	𝐥𝐨𝐠 𝟏

𝜹
𝝐𝟐

𝜀, 𝛿 − 𝐷𝑃

𝑍� 𝑳𝒂𝒑 𝑶 𝟏
𝜺

(𝜀, 0) − 𝐷𝑃



Set 𝜖, 𝛿 = 0.1,10�¹

Plot the proportion of 
100,000 trials that rejected 
𝐻^ , despite it being true.

Noise is small as 𝑛 → ∞
[Johnson and Shmatikov ’13],
[Vu and Slavkovic ’09]

Similar findings shown 
in [Fienberg, Rinaldo, 
Yang ’10], [Karwa and 

Slavkovic ‘12, ’16]



[GLRV’16]

Set 𝛿 = 10�¹

Plotting the proportion of 
100,000 trials that rejected 
𝐻^ , despite it being true.

Take the (Gaussian) noise 
into account



[GLRV’16]



[KR’17]



[R,Roth,Smith,Thakkar- FOCS’16]

[R,Roth,Ullman,Vadhan- NIPS’16]

[Gaboardi,Lim,R,Vadhan- ICML’16],[Kifer,R AISTATS’17]





• Adaptive Data Analysis:
• [RRST- FOCS’16] – Information and privacy
• [RRUV- NIPS’16] – Adaptive parameter composition
• [GLRV- ICML’16], [KR- AISTATS’17] – Private hypothesis tests

• [Kannan,Morgenstern,R,Roth- EC’15]

• [Kearns,Pai,R,Roth,Ullman’15a] , [R,Roth,Ullman,Wu- EC’15] – Coordinate agents with 
incomplete information to desirable strategies

• [Hsu,Morgenstern,R,Roth,Vohra-STOC’16] Prices as coordination devices
• [Jabbari,R,Roth,Wu- NIPS’16]  - Revealed preferences
• [Dudik,Lahaie,R,Vaughan’17 ] – Prediction markets

Thanks!


