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Motivating Application : Distributed Sensor Networks
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Motivating Application : Distributed Sensor Networks
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Correlated, imprecise measurements
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Motivating Application : Distributed Sensor Networks
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Distributed Sensor Networks : Task 1 : Detection

Task 1

1. Detect state of environment
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Distributed Sensor Networks : Task 2 : Communication

2. Communicate measurements

1. Detect state of environment
Task 2

Task 1
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Task 1 : Detection : Modeling the problem
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Noisy 
Measurement

Task 1 : Detection : Modeling the problem
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Noisy 
Measurement

Task 1 : Detection : Graphical Model [1]
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Task 2 : Distributed Source Coding : Problem Setup

Correlated
measurement
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Base sta2on

Task 2 : Distributed Source Coding : Naive Strategy
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Task 2 : Distributed Source Coding : Naive Strategy
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Task 2 : Distributed Source Coding : In Theory
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Task 2 : Distributed Source Coding : In Practice
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Task 2 : Distributed Source Coding : In Practice
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Task 2 : Distributed Source Coding : In Practice
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Base sta2on

Noisy Received
Symbol

Task 2 : Distributed Source Coding : In Practice
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Correlated
measurement

Noisy Received
Symbol

Task 2 : Distributed Source Coding : Graphical Model
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Important Questions in
Detection and Distributed Source Coding

What is the effect of choice of 
measurement configura2on ?
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Important Questions in
Detection and Distributed Source Coding

Robustness to model mismatch and model uncertainty

What is the effect of choice of 
measurement configura2on ?
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Important Questions in
Detection and Distributed Source Coding

Robustness to model mismatch and model uncertainty

What is the effect of choice of 
measurement configura2on ?

We develop  
a theore2cal  analysis
of the robustness of
prac2cal  encoders



Related Problems

Group Tes2ng

Sketching / Streaming in networks

LT codes / LDGM codes

Mul2‐user detec2on

Compressed sensing with sparse 

measurements
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We use the theory
to make design decisions
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Message

Detec2on and source coding can be 
cast into a common framework

We analyze the robustness to
noise, mismatch and uncertainty using 
techniques from informa2on theory
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Problem Statement 
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discrete
variables

n sparse
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# of inputs
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Rate R=k/n=

Distor2on = (1/k) Hamming Distance(v,v’)



Distor2on = (1/k) Hamming Distance(v,v’)

Error if Distor2on > D
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Problem Statement 

# of inputs
# of measurements

Rate R=k/n=

Sensing Capacity [4] : C(D) : Maximum R such 
that Pr(Error) → 0 as n →∞

We lower bound the Sensing Capacity : CLB(D)



Insight : Parallels to Information Theory

 Random Binning methods in source coding

 Random Coding methods in communica2on

 Random Measurements ?
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Insight : Parallels to Information Theory

 Proof using Random Measurements

– Random measurement configura2on → generates codebook

– Calculate average error across random ensemble of measurements

– If average error → 0, then for some configura2on error → 0
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Average Error



Outline

Mo2va2ng applica2ons

Problem statement

 Intui2on behind the analysis

An applica2on
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Description of the decoder

find measurement vector x and 
corresponding environment v

that maximizes S(x, y)



Union bounding - Gallager-Fano bounding technique [5]
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Pr[Error|v is true] = Pr[Decode to v’ s.t distor2on(v,v’) > D|v is true]

  =   ∑     Pr[Decode to v’|v is true]
 dist(v’) > D

g

Exponen2al number of terms !!!

Group terms into polynomial number of groups g using symmetry 

Pr[Error|v is true]= ∑(number of v’ in g)Pr[Decode to v’ in g|v true] 

 ≤|g|max(number of v’ in g)Pr[Decode to v’ in g|v true] 
g



Non-i.i.d codewords
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Non-i.i.d codewords
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Permutation invariant measurement ensembles

depends only on  type ϒ of v

depends only on joint type λ 
of v and v

P(X) 

Q(X | X)

ϒ λ

[1/2   1/2]
[1/4 1/4 1/4 1/4]

v

v
v



Large deviations

35

log(                   )            1
N T(λ)S(x, y)

E[S(x’, y)]

Pr[Decode to v’ at λ] = Pr[S(x’, y) > S(x, y)]
                

 ≤   2‐nT(λ)

Number of v’ at λ      ≤   2k[H(λ)‐H(ϒ)]

Pr[Error given v] ≈  max   (number of v’ at λ)  Pr[Decode to v’ at λ]
     λ :Distortion(λ)>D

Heart of the main theorem



Lower Bound on Sensing Capacity
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T(λ)R < [H(λ)-H(ϒ)]

A rate R is achievable (for a joint type λ) if,

min
    λ :
Dis(λ)>D

T(λ)
[H(λ)-H(ϒ)]

A rate R is achievable (for a distor2on D) if,

R < CLB(D)  =



Different similarity metrics

–ML decoder ‐ S(x, y) = ∏P(yi|xi)

–Mismatch    ‐ S(x, y) = ∏Pθ(yi|xi)

–Uncertain    ‐ S(x, y) = Σ∏Pθ(yi|xi)

Different random measurement ensembles

–Check regular ensembles

–Check and bit regular ensembles

Generality of the result
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Performance of mismatched decoders

es2mated value of parameter

true value of parameter
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Achievable 
rates

larger <=> 
fewer meas.

40

Performance of mismatched decoders

true value of parameter

es2mated value of parameter



sensor 1

41

Performance of mismatched decoders

Achievable 
rates
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value 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parameter
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of parameter
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Performance of mismatched decoders

Achievable 
rates

larger <=> 
fewer meas.

true value of parameter

es2mated value of parameter

sensor 1
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mixture of
sensors

Design of robust measurements

Achievable 
rates

larger <=> 
fewer meas.

true value of 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of parameter
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1
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Design of robust (threshold) measurements

mixture of
sensors

sensor 1

sensor 2

true value of parameter
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Take-away / Conclusions

Detec2on and source coding can be 
cast into a common framework

We use the theory
to make design decisions

We analyze the robustness to
noise, mismatch and uncertainty using 

insights from informa2on theory
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Q(X | X)=P(X) 
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Random binning Random measurementsvs.

Q(X | X)

mappings constrained by
kind of measurements 
and configura2ons

Why do we need a different analysis ?

independent codewords dependent codewords


