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S. Verdú, “Fifty years of Shannon theory’’, IEEE Transactions on Information Theory, 1998.

50th year Commemorative Special Issue of the Transactions of Information Theory notes that

Learning-based compressors (e.g., Ballé et al., 2017) may help.

J. Ballé et al., “End-to-end Optimized Image Compression’’, International Conference on Learning Representations (ICLR), 2017.

Still the case after 25 years.
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Figure 12: RGB example, from our personal collection, downsampled and cropped to 752 ⇥ 376
pixels.
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In quadratic-Gaussian setup,  

 .  g(u, y) = a*y + β[u − a*y]
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“Learn” to compress
New paradigm in compression.

• Learned compression is data-driven and easily adaptable for arbitrary empirical 
distributions.

• “Learning” mostly means using stochastic gradient descent.

‣ No formal guarantees for convergence.

‣ Not well-suited for optimization with hard constraints.

• Leverage universal function approximation (Leshno et al., 1993; Hornik et al., 1989) 
capability of neural networks.

‣ Find constructive solutions for the WZ setting.
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High-order entropy coding and Slepian-Wolf coding.

With Artificial Neural Networks (ANNs).
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qξ(u)
+ λ ⋅ d(x, gϕ(u, y))]

 .Lc(θ, ϕ, ζ) = 𝔼 [log
pθ(u |x)
qζ(u |y)

+ λ ⋅ d(x, gϕ(u, y))]
• Define all models ,  and  as discrete distributions with probabilities:pθ(u |x) qξ(u) qζ(u |y)

 .Pk =
exp αk

∑K
i=1 exp αi

• This keeps the parametric families as general as possible, and does not impose any structure.
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• Optimize learnable parameters with stochastic gradient descent (SGD).

• SGD replaces  by averages over batches of samples .𝔼( ⋅ ) B

For example,  , where  is a sample loss with parameters . 
∂

∂θ
𝔼[lθ(x, y)] ≈

1
|B | ∑

(x,y)∈B

∂lθ(x, y)
∂θ

lθ θ

•  To draw samples  from , use Gumbel-max ‘trick’ that is:u pθ(u |x)

 .arg maxk∈1,...,K{αk + Gk}

• Problem: the derivative of  is 0 almost everywhere.arg max

• Need continuous relaxation of  during training.arg max

‣ Opt for softmax (differentiable!).

‣ Use Gumbel-softmax ‘trick’ by Maddison et al.

14

E. J. Gumbel, “Statistical theory of extreme values and some practical applications: a series of lectures’’,  US Department of 
Commerce, 1954.
C. Maddison et al., “The concrete distribution: a continuous relaxation of discrete random variables’’, ICLR, 2017.
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‣Let  and  be correlated, zero-mean and stationary Gaussian memoryless sources.X Y

‣Let  be mean-squared error.d( ⋅ )

• Wyner-Ziv R-D function then is:

 ,  .RWZ(D) =
1
2

log (
σ2

x|y

D ) 0 ≤ D ≤ σ2
x|y

• Consider correlation patterns of  and  .X = Y + N Y = X + N

• The neural compressor does not make any assumptions on the source distribution.

‣ The model parameters  are learned in a data-driven way.{θ, ϕ, ξ, ζ}

15
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In quadratic-Gaussian WZ 
setup, the optimal decoder does: 

,

 

where  . 

̂x = (1 − β) ⋅ y + β ⋅ u

β ∝ σ2
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Learned encoder:
u = arg maxvpθ(v |x)

Learned decoder:
̂x = gϕ(u, y)
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• In quadratic-Gaussian case, learned compressors recover some elements of  
the optimal theoretical solution.

‣ Binning in the source space and linear decoding functions.

‣ First-time binning emerges from learning.

• Data-driven insights about the ‘nature’ of a classical source coding problem  
with side information.
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