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Quality of inference highly depends on the sens-
ing/sampling methods.

Examples of data acquisition:
1. Medical diagnosis: Design sequence of tests
that generate most informative data about the
patient’s condition.
2. Target localization: Choose the most infor-
mative querying regions to localize a target.
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Goal: Design the sensing or querying strategies
to selectively acquire the most useful samples or
data given limited sensing resources.

NOISY 20 QUESTIONS PROBLEM

Model: Noisy 20 questions problem to estimate
the value of X
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x

oracle player
Is the target X 2 Qi?

Zi 2 {0, 1}
Ni ⇠ Bern(✏)

Yi = Zi � Ni

X̂N (Y N
1 )

Goal: Design (Q1, . . . , QN ) to minimize esti-
mation error E[c(X, X̂N )], e.g. mean squared
error (MSE) c(X, X̂N ) = |X − X̂N |2.

Adaptive vs. non-adaptive policies:

• Adaptive sequential querying: Qi depends on
Y i−11

• Non-adaptive block querying: (Q1, . . . , QN ) is
fixed in advance

PREVIOUS APPROACHES

Many previous works focused on designing
querying strategies that extract the maximum
amount of information about X
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where p(Z = 0) = p(Z = 1) = 1/2
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I(X;Y N1 ) = h(X)− h(X|Y N1 ) ≤ CN

SUCCESSIVE ENTROPY MINIMIZATION

Bisection policy 
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Dyadic policy 
(non-adaptive) 
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• Querying policies based on successive entropy
minimization
e.g. bisection policy [Horstein 1963], dyadic
policy [Jedynak et al. 2012]

• Dyadic policy extracts bits in X ≈ 0.B1B2 . . .

• Both achieve the maximum reduction of en-
tropy h(X|Y N1 ) ≥ h(X)−NC

• But very different performances in estimation

– Bisection: E[|X − X̂N |2] ≤ c1e
−c2N for

c1, c2 > 0

– Dyadic: E[|X − X̂N |2] ≥ ε
2 > 0 even for

N →∞

⇒ In general, maximizing mutual information
and minimizing estimation error are very

different goals.

Q: When do the two different goals coincide?

VARIANCE VS. ENTROPY

• The estimation counterpart to the Fano’s in-
equality shows 1

2πee
2h(p) ≤ Var(X).

• In general, no upper bound on variance in
terms of differential entropy.
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h(X) = −
�

p1(x) log p1(x)dx = −
�

p2(x) log p2(x)dx

• For special distributions, monotonic relation-
ship
Ex: Gaussian, Uniform,
Log-concave [Bobkov, Madiman 2011]

Theorem 1 (Chung, Sadler and Hero 2017).
For the appropriate subclasses of unimodal dis-
tributions,

1

2πe
e2h(X) ≤ Var(X) ≤ c · e2h(X).

• For unimodal distributions, successive en-
tropy minimization can guarantee exponential
decrease of MSE
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NON-ADAPTIVE BLOCK QUERYING

Mapping to channel coding:

one-to-one mapping between querying and coding
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M ⇥ {0, . . . , 2k � 1}

X ⇡ 0.B1 . . . Bk

M̂
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f : {0, . . . , 2k � 1} ⇥ {0, 1}N

length N and rate R = k/N

Q1

In = [n2�k, (n + 1)2�k)

where

2�k

Qi = [{j:fi(j)=1}Ij

Unequal error protection (UEP):

• Information bits of different significance

E[|X − X̂N |2] ≤
k∑

i=1

Pr(B̂i 6= Bi)2
−2(i−1) +2−2k

⇒ Unequal error protection (UEP) is desirable

SUPERPOSITION CODING

Idea: Partition M = (B1, . . . , Bk) into two
groups of different priorities

M1 := (B1, . . . , Bk1), M2 := (Bk1+1, . . . Bk)

Different importance of M1 and M2:

E[|X − X̂N |2] ≤ Pr(M̂1 6=M1)

+ Pr(M̂2 6=M2|M̂1 =M1)2
−2k1 + 2−2k

Goal: Design a block code that provides a
better error protection for M1 (MSBs) than for
M2 (LSBs)

Comparison of codeword distributions:

Random Code

{0, 1}N {0, 1}N

Superposition code

cloud 
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u(m1)

satellite
codeword
z(m1,m2)

Superposition codewords z(m1,m2) = u(m1) ⊕
v(m2), for m1 ∈ [1 : eNR1 ], m2 ∈ [1 : eNR2 ],
where u

(m1)
i ∼ Bern(1/2), v(m2)

j ∼ Bern(α),
α ∈ (0, 1/2).

Theorem 2 (Chung, Zheng, Sadler and
Hero 2018). For a very noisy BSC(ε), there
exists positive gains in the MSE exponent
lim infN→∞

− log E[|X−X̂N |2]
N from superposition

coding in high rate regimes R ∈ (C/6, C).

Gain in the MSE exponent: For
k = NR, lim infN→∞

− log E[|X−X̂N |2]
N =

min{Epolicy(R), 2R}


