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• Goal : to extract the data set partially 
motivation: privacy, cost of data extraction, etc. 

• Key question : how many queries does the analyst required ?   

• Query complexity : minimum number of queries to reconstruct the data set

• In noiseless case, i.e.        , the query complexity in [1] is proven to be  
Also, in [2], an AMP algorithm is proposed to decode the data set  
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Partial Data Reconstruction

•   : original data set  

  : recovered data set 


•   -distortion : kn

x̂

dHamming(x, x̂) ≤ kn

x
⎡

⎢⎢⎢⎢⎢⎢⎢⎢⎢⎣

A
B
A
O
AB
...
O

⎤

⎥⎥⎥⎥⎥⎥⎥⎥⎥⎦

⎡

⎢⎢⎢⎢⎢⎢⎢⎢⎢⎣

B
B
A
AB
AB
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O

⎤

⎥⎥⎥⎥⎥⎥⎥⎥⎥⎦

x

x̂
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query complexity: non-polynomial

query complexity: sub-linear  
(same as the noiseless case ! )
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The rest of the talk…

• Problem Formulation 


• Data extraction as a linear inverse problem


• Sketch of Proof : 

A. Regime 1 : Impossibility of Poly-n Query


B. Regime 2 : The Fundamental Limit of Query Complexity


• Summary
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⎡
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qᵀ
1

qᵀ
2
...

qᵀ
Tn

⎤

⎥⎥⎥⎦

y =

⎡

⎢⎢⎢⎣

y1
y2
...

yTn

⎤

⎥⎥⎥⎦
+

⎡

⎢⎢⎢⎣

∆1

∆2
...

∆Tn

⎤

⎥⎥⎥⎦

y = Qx+∆
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The Equivalent Linear Inverse Problem

• Equivalent linear inverse problem : 
Given an output 

Find the corresponding data set                        , and

• The noise level is   , if the difference in each single query is at 
most 

• Query complexity             : minimum number of queries required 
to extract data set within distortion    , under noise level

 12

δn
δn

dHamming(x, x̂) ≤ kn

⇐⇒ ∥∆∥∞ ≤ δn(⇐⇒ ∀i, ∆i ≤ δn)

T ∗
n(kn, δn)

kn δn

y = Qx+∆

x̂ : ∥Qx̂− y∥∞ ≤ δn
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Regime 1: Impossibility of Polynomial Query Complexity
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Impossibility of Polynomial Query

• Proof idea : without sufficient number of queries, there exists 

more than one possible data set which are consistent with the 

response.  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Impossibility of Polynomial Query

• Therefore, we have the following lower bound on             :  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• Therefore, we have the following lower bound on             :  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T ∗
n(kn, δn)

solve the optimization over V,  
and apply Chernoff ineq.

T �
n(kn, �n) � |Skn |

maxi�{1,...,Tn} |Vi|

� C exp

�
�2
n

kn

�
= C exp

�
n2d��

�
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• Regime 2:          (the noise is small enough)  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Regime 2: Achievability and Converse
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T ∗
n(kn, δn) = Θ (n/ log n)

d <
1

2
κ
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• Random sampling is considered

• Evert item is included to the queried subset with probability  

• The probability of failure :  
 

• If number of queries is              then                     as

Applying Chernoff bound on failure event  

1/2

⇐⇒ (Q)i,j ∼ Ber

(
1

2

)

Ω(n/ log n) Pf (x; kn, δn) → 0 n → ∞

Pf (x; kn, δn) !
P {∃ a confused x̃ which is consistent with the query output}
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Converse Lower Bound

∀x, x̃ ∈ X , ∥x− x̃∥1 > kn =⇒ ∥Qx−Qx̃∥∞ > 2δn

2�n-packing number on Y � 1
2kn-packing number on X
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Converse Lower Bound

∀x, x̃ ∈ X , ∥x− x̃∥1 > kn =⇒ ∥Qx−Qx̃∥∞ > 2δn

2�n-packing number on Y � 1
2kn-packing number on X

δn

YX
kn Q
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Summary
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d >

(
1

2
+ ϵ

)
κ

d <
1

2
κ

δn = Θ
(
nd

)
, kn = Θ (nκ) query complexity: non-polynomialΩ (exp (nϵ))

query complexity: sub-linear Θ

(
n

log n

)
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