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“[…] despite the existence of potential applications, the 
conceptual importance of distributed source coding has 

not been mirrored in practical data compression.”

4

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

50th year Commemorative Special Issue of the Transactions of Information eory 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.

Particularly, for general sources.
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• Need continuous relaxation of  during training.arg max

‣ Opt for softmax (differentiable!).

‣ Use Gumbel-softmax ‘trick’ by Maddison et al.
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11
Figure taken from  C. Maddison et al., “e concrete distribution: a continuous relaxation of discrete random variables’’, ICLR, 2017.

t = 0 t = 1/2 t = 1 t = 2

• Concrete distribution (with temperature ) relaxes sampling from a discrete distribution.t

• Rather than sampling an index , sample a vector :U U

  . Uk =
exp((αk + Gk) / t)

∑n
i=1 exp((αi + Gi) / t)

• As ,  .  
‣ Concrete distribution  discrete distribution. 

t → 0+ soft max → arg max
→

 ∝ soft max
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• To evaluate how close we can get to the R-D bound, we choose: 

‣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

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

‣ e model parameters  are learned in a data-driven way.{θ, ϕ, ξ, ζ}
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u = arg maxvpθ(v |x)

Learned decoder:
̂x = gϕ(u, y)



Results

14

R-D performances.



<latexit sha1_base64="EtsJBAsyqqEr6YeposbbiKACrtM="></latexit>

0 0.5 1 1.5 2 2.5 3

�25

�20

�15

�10

rate [bits]

di
st

or
tio

n
[d

B
]

neural upper bound estimated with Lm
asymptotic R-D point-to-point
asymptotic R-D Wyner–Ziv + 1.53 dB
asymptotic R-D Wyner–Ziv

<latexit sha1_base64="kneX3iQTaj3drVI6qhU30cLitxg="></latexit>

0 0�5 1 1�5 2 2�5 3
−25

−20

−15

−10

−5

0

rate [bits]

dis
tor

tio
n[

dB
]

neural upper bound estimated with Lm
asymptotic R-D point-to-point
asymptotic R-D Wyner–Ziv + 1�53 dB
asymptotic R-D Wyner–Ziv

Results

14

 with  and  .X = Y + N Y ∼ N(0,1) N ∼ N(0,10−1)  with  and  .Y = X + N X ∼ N(0,1) N ∼ N(0,10−2)

R-D performances.



<latexit sha1_base64="EtsJBAsyqqEr6YeposbbiKACrtM="></latexit>

0 0.5 1 1.5 2 2.5 3

�25

�20

�15

�10

rate [bits]

di
st

or
tio

n
[d

B
]

neural upper bound estimated with Lm
asymptotic R-D point-to-point
asymptotic R-D Wyner–Ziv + 1.53 dB
asymptotic R-D Wyner–Ziv

<latexit sha1_base64="kneX3iQTaj3drVI6qhU30cLitxg="></latexit>

0 0�5 1 1�5 2 2�5 3
−25

−20

−15

−10

−5

0

rate [bits]

dis
tor

tio
n[

dB
]

neural upper bound estimated with Lm
asymptotic R-D point-to-point
asymptotic R-D Wyner–Ziv + 1�53 dB
asymptotic R-D Wyner–Ziv

Results

14

 with  and  .X = Y + N Y ∼ N(0,1) N ∼ N(0,10−1)  with  and  .Y = X + N X ∼ N(0,1) N ∼ N(0,10−2)

R-D performances.



<latexit sha1_base64="EtsJBAsyqqEr6YeposbbiKACrtM="></latexit>

0 0.5 1 1.5 2 2.5 3

�25

�20

�15

�10

rate [bits]

di
st

or
tio

n
[d

B
]

neural upper bound estimated with Lm
asymptotic R-D point-to-point
asymptotic R-D Wyner–Ziv + 1.53 dB
asymptotic R-D Wyner–Ziv

<latexit sha1_base64="kneX3iQTaj3drVI6qhU30cLitxg="></latexit>

0 0�5 1 1�5 2 2�5 3
−25

−20

−15

−10

−5

0

rate [bits]

dis
tor

tio
n[

dB
]

neural upper bound estimated with Lm
asymptotic R-D point-to-point
asymptotic R-D Wyner–Ziv + 1�53 dB
asymptotic R-D Wyner–Ziv

Results

14

 with  and  .X = Y + N Y ∼ N(0,1) N ∼ N(0,10−1)  with  and  .Y = X + N X ∼ N(0,1) N ∼ N(0,10−2)

R-D performances.

previous slide



Results

14

<latexit sha1_base64="0jXSuxO38Oodduf9y9TcXyuoVaQ="></latexit>

0 0�5 1 1�5 2 2�5 3
−25

−20

−15

−10

−5

0

rate [bits]

dis
tor

tio
n[

dB
]

neural upper bound estimated with Lm
neural upper bound estimated with Lc
asymptotic R-D point-to-point
asymptotic R-D Wyner–Ziv + 1�53 dB
asymptotic R-D Wyner–Ziv

 with  and  .X = Y + N Y ∼ N(0,1) N ∼ N(0,10−1)  with  and  .Y = X + N X ∼ N(0,1) N ∼ N(0,10−2)

R-D performances.

previous slide

<latexit sha1_base64="t8MtjMODjjWwD3AKGcbBh9vMPTs="></latexit>

0 0.5 1 1.5 2 2.5 3

�25

�20

�15

�10

rate [bits]

di
st

or
tio

n
[d

B
]

neural distributed source coding (Whang et al., 2023)†

neural upper bound estimated with Lm
neural upper bound estimated with Lc
asymptotic R-D point-to-point
asymptotic R-D Wyner–Ziv + 1.53 dB
asymptotic R-D Wyner–Ziv

one-shot penaltyone-shot penalty



Results

14

<latexit sha1_base64="0jXSuxO38Oodduf9y9TcXyuoVaQ="></latexit>

0 0�5 1 1�5 2 2�5 3
−25

−20

−15

−10

−5

0

rate [bits]

dis
tor

tio
n[

dB
]

neural upper bound estimated with Lm
neural upper bound estimated with Lc
asymptotic R-D point-to-point
asymptotic R-D Wyner–Ziv + 1�53 dB
asymptotic R-D Wyner–Ziv

 with  and  .X = Y + N Y ∼ N(0,1) N ∼ N(0,10−1)  with  and  .Y = X + N X ∼ N(0,1) N ∼ N(0,10−2)

R-D performances.

J. Whang, A. Nagle, A. Acharya, H. Kim, and A. G. Dimakis, “Neural distributed source coding”,  
https://arxiv.org/abs/2106.02797, 2023.
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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.
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