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Strongly (or minimax) universal codes {c,} also exist:

sup | R(¢n, p, d, p) — _ inf HCP(Y)} _ o('””)
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e We consider a more general universal framework
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e Compression systems are typically asked to meet the needs of a variety of end-users
who may have discordant notions of distortion.

Original Image Output Image from Neural Network

Creatism, a deep-learning system for artistic content creation, Fang and Zhang '17

Deep Generative Models for Distribution-Preserving Lossy Compression, Tschannen et al. '18
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However,
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Recall : i ,b)=0
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Convergence to infg cc, —=5

Theorem (Mahmood and Wagner '22)

There exists a universal distortion d-semifaithful code c, satisfying

Hz (YY" |
sup R(Cmp,d,p)_ inf np():| < O<nn>

p,p ¢n€lyq,p n n
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Problems with the Quantization Approach

e Works only for uniformly bounded distortion measures.

e Convergence not uniform over d.
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p(x"y") <d = p'(x"y") < d'

e A universal code designed for (p, d) will work equally well for any other (o', d’) in the
same equivalence class.

A different notion of equivalence in Stjernvall '83
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Henp(Y")

Minimax convergence to mfcnecdw .

Theorem (Mahmood and Wagner)

In the generalized universal distortion setting,

Hz ,(Y" I
inf sup | Ra(co. p.d.p) — _inf "’”()}go(””),

Cn P,d,,D Enecd’p n n

where the infimum is over all codes which meet the input distortion constraint with
respect to the input distortion measure.
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Final Thoughts

Where is the Rate-Distortion Function?
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n—o00 c,,eCd#, n
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target:
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e Convergence to RD function that is minimax over both p and p is possible using

different techniques - next talk!
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Thank you for listening!
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