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Focus: Lossy Source Coding
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© Lossy Source Coding

o Rate Distortion Theory
e State of the Art

@ Scalar Quantization

e Traditional Approach
e Our Approach

© Results
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Lossy Source Coding

Rate Distortion Theory

State of the Art

Rate Distortion Theory

@ Information theoretical bounds for lossy compression [Cover]

SX™ € (1,2,...,27R)
X" ——>  Encoder

Decoder | X7

@ Xi,..., Xy~ p(x)iid Rate k |« feseimesodno
@ information rate R
@ distortion D = E [d (X,)A()}
e R(D)=
min / (X,)A(> Distortion D

P(>A(|X):DSDmax
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Lossy Source Coding

Rate Distortion Theory

State of the Art

Rate Distortion Theory
Examples of RD bounds

@ For Bernoulli source:

R (D) =
{ H(p)—H(D), 0<D<min{p,1-p}
0 D > min{p, 1 —p}

@ For Gaussian source:;
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Lossy Source Coding

Rate Distortion Theory
State of the Art

Rate Distortion Theory

D D

min D min R
s.t.R< Rmax s.t.D < Dmax
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Lossy Source Coding Rate Distortion Theory

State of the Art

Rate Distortion Theory

R(D)= min | (xx)
p(X]x):D<Dmax

Interesting Facts

© Duality between Channel Coding and Source Coding
e Package Problem Vs Covering Problem
@ Vector Quantization optimal (even if inputs are independent!)

o Reason: geometry, typicality
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Lossy Source ,C"d,'"g Rate Distortion Theory

State of the Art

State of the Art

@ Problem formally defined in 1959 by Shannon

In Theory: Achievability Results In Practice: Codes with good
@ Inspired in Error Correcting Performance
Codes @ Vector Quantization

@ Most of works for the BSS

@ Only some codes proved to
achieve the RD bound:

Trellis-based quantizers
Lattice codes
Sparse codes

Hamming codes
LDPCs, regular LDGMs .
MN codes expensive

@ Scalar Quantization

= although optimal, very
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Lossy Source Coding Rate Distortion Theory

State of the Art

Is Scalar Quantization a Good Idea? [Ziv]

@ any input distribution p(x)
e mean-square error constraint d = (x — X)?
@ uniform randomized quantizer + binary entropy encoder

Theorem 1: For any probabilistic n-vector source
H(Q,(X + Z)|Z) < H,(¢) + 0.754 bits/sample
and hence, for stationary sources
lim H(Q,(X + Z)|Z) < R(e) + 0.754 bits/sample.

\ Performance \ Complexity

Vector Quantization ) :(:(
Scalar Quantization :| )
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Scalar Quantization Traditional Approach

Our Approach

Q Lossy Source Coding

o Rate Distortion Theory
e State of the Art

@ Scalar Quantization

e Traditional Approach
e Our Approach

© Results
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Traditional Approach

Scalar Quantization Our Approach

Scalar Quantization
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Traditional Approach

Scalar Quantization Our Approach

Typical Approach
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Traditional Approach

Scalar Quantization Our Approach

Our Approach
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P Traditional Approach
Scalar Quantization Our Approach
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Traditional Approach

Scalar Quantization Our Approach

Theoretical Formulation

What is the distortion D7

o Lossless: D=3, ftj"_l (x — ;)% ¢ (x) dx
with ¢ (x) ~ N (0, 02)

o Lossy: D=3, ZAJ. pr(Ai — Aj)- f;’;l (x = 17)% ¢ (x) dx
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Traditional Approach
Our Approach

Scalar Quantization

Theoretical Formulation

What is the rate R?

e R=Rq Ry
o We control Rp= Pe,, for

each bit
Rb - H(p) - H(Perr)

o If we have many bits, different rate allocation
Rb:al-Rbl—{—...—i-aK-RbK
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Traditional Approach

Scalar Quantization Our Approach

Theoretical Formulation

Optimization Problem

t;

min D:ZZpr(A;%Aj)/l (x—rj)qu(x)dx

ti_a

s.t.Rhived = Rq+ Y auc [H (pi) — H (Dp.i)]
k

Dq Db:PB’V‘T
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Scalar Quantization Traditional Approach

Our Approach

Q Lossy Source Coding

o Rate Distortion Theory
e State of the Art

@ Scalar Quantization

e Traditional Approach
e Our Approach

© Results

Melanie F. Pradier, Pablo M. Olmos, Fernando Perez-Cruz Scalar Quantization with Lossy Binary Coding for Gaussian §



Results

Results: Performance

RD functions for k-bit lossy quantizer
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Results

Results: Asymptotic Behavior

RD functions for k-bit lossy quantizer
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Results

Results: Comparison with Lossless case

Comparison of 1-bit lossless and lossy quantizers
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Results

Results: Importance of Labels

Comparison of labels for 2-bit lossy quantizer
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Results

Results: Optimal Threshold and Binary Error Probability

Threshold behavior and Error probability for 1-bit binary lossy quantizer
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Results

Results: Optimal Thresholds and Alphas

Thresholds behavior and bit allocation for 3-bit lossy quantizer
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Results

Conclusion

@ New approach: Scalar quantization + lossy binary compressor

o Allowing binary distortion improves overall performance
o OQutperforms squema with lossless compressor

@ Asymptotic behavior empirically

@ Labeling matters, thresholds come from infinity

Further research topics

@ Can we prove an upper bound for the whole D range?
o Extend approach for variable length quantizers

o Different input sources and distortion measures
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Results

Thank you!

Looking forward to your questions. ..
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