' o Al ! :?\‘
".J.’:j)/ &
&, ) :.. ;‘\.'.

$9

. i . A ¢ . -‘ : ) . ; - ‘r o 4 . '. ‘. .%‘s-'
H p AR . »:'  ah .»' _. : . .

-y L

|
&

»- I

AMERICAN SCH

ate ():s

H-

LUCAS TH

R

"

A ~~. <

COMPRES

g5

&

L
)
o
2

:‘&‘" . \‘y‘.\»&'

v

=
A
\
Y
-
'
- e a. -
. .
i
v o
” .
‘ »
-
.

d
£ 0

L Pa o VRVE AN, - 2
v ‘ ‘ K : A v SR . A%
‘ ] e "_t, : o, ::
ohy) ‘ . & ik 3 '
i B . - . 32 ; 'L. ";‘
Sl - Bt Y i e
e -,",’_- 'ﬁ:. . \.~ v ']\\. \i‘,,"“ ‘\"
' L Dt VR ol WALy
‘ . [\ ' -
G ") - -4 % |
AR ,Ef <
-~ ..._f :
.. ‘.-\ .-‘ e 7
| %5 o
> - N o
- .."‘p ."\.‘!‘_‘-. . ¢
-
)
.
. 0:'\4"‘2.\- |
| iR
| - R %
— D ‘,'\:\
- ' 3
| </ . Doan
SR o
‘ ) - AT
_— - be A "~‘. -
- » - - v . » \ &1;.» . " -
- ) - - g L. oDt
- - "~ :" . :\r'_‘\"\
» O e ) TR
» L . | ’--. .
.y ’ . .
| Y 5
g " S SRS A R
- - ) . " .\ .\_:\._' ™ o 2 *
' | v R AR B\
. oy . e
% e R
! A.
e 4
-
.
»
‘ 1 -
a ol Y T
”»
'.._ 'r'
' »
- |
F g e
4 . .
. . :
3 r -
4 ’
- -. L . ’
f-
L

L. o
.' "- -“ - -'.
N LT
. -'r ,.' _.“-. 3
’ e R o .
- -?‘ 44 .f..,;;'.‘-_.,.‘ . o /.
2T as Y A G
X A < .‘)
p i
S - . .
Ty
Pl
il .
- - .%
-~ :','_ "
N v, ‘
. . » \‘ -
' o b A.';. : n.
. ',’ v q]‘ :
" 7



files.theis.10/nas1t2023_slides.pdf



Overview

Part |

Learned compression |

Variational auto-encoders (VAEs)

Realism I:

Realism-distortion trade-off

Learned compression |l

Adversarial losses and diffusion

Part i

Realism II:

Channel simulation

Learned compression I

Diffusion-based compression



Motivation

Learned compression specializes easily
to different types of content _ T -2

Lammus acceleratctes - < e seconas . S ENE 5. Ocaling
(+0) magic damage to nearby enemies on smpacr knocking them back. and
slowing them by 20% for 2 seconds

Activating Defensive Ball Curl will remove this effect after | secon

; \

e Video games o (R o A B 6 (7~

e \/ideo calls

. . Magic Pony Technol
* Medical images agic Pony Technology

and new forms of media

e AR/VR
e 360 video
e Light fields

Google Meet Lytro light field camera



Motivation

Learned compression with realism constraints
enable extremely low bit-rates...

... but many open questions remain.

o

HFD: 0.0562 bpp VVC: 0.0687 bpp JPEG: 0.1251 bpp

E

Hoogeboom et al. (2023)
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Variational auto-encoders (VAESs)
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Backpropagation

Quantization
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Variational autoencoders (VAEs)

Z ~ Py

XNPX‘Z



Variational autoencoders (VAEs)

Z ~ N(0,1,)

X~ N(QH(Z)7 )‘_11m)



Maximum likelihood

log pg(x) = 10%/2?9(3’(7 z) dz



Fvidence lower bound (ELBO)

V

og () > [ otz | x)1o5 2" da



Fvidence lower bound (ELBO)

log pg(x) = / q(z | x)logpe(x) dz



Fvidence lower bound (ELBO)

log pg(x) = / q(z | x)logpe(x) dz

= [ gtz 1108 (p@<x>p9<z

Peo (Z




Fvidence lower bound (ELBO)

log pg(x) = / q(z | x)logpe(x) dz

= [atz %108 (p@<x>p9

Po

/q<z ) log P22)

q(z | x)

(z | X)
)

(z | x

2+ |




Fvidence lower bound (ELBO)

log pg(x) = / q(z | x)logpe(x) dz




Fvidence lower bound (ELBO)

log pg(x) = / q(z | x)logpe(x) dz

B 2 ) 1o < po(z | x) q(z | x) ”

= [t 0108 (o U2 1LY

— ZXOpe(XZ)Z Z | X )10 Q(Z‘X)
= [tz 010822 da+ [ a1 g(WX)
ars giﬁxi dz + Dxla(z | x)po(z | )]

> / q(z | x)lo ]q? ii}?ii dz (Gibbs’ inequality)




e (2 | x)
Fvidence lower bound (ELBO) ¢ ?

€(¢7 ‘9) — ﬂng log



Fvidence lower bound (ELBO)

*’qqs [ lOg p(Z)]

40(z | %) ? p(z)
po(x | 2)

"CIqb[ log g4 (%2 | x)]




2= | f(x
Fvidence lower bound (ELBO) j .
Discrete
X 99

po(x | Z)P(Z)
Qo(Z | x)

L, [—logpe(x | Z)| + Eq, [—log P(Z)] — Eq,|—log Qy(Z | x)

€(¢, 6’) — — ‘EQ¢ 10g




Z = fo(x
Fvidence lower bound (ELBO) }y+U
Differentiable
X 99

po(X,7Z)
(2 | x) |

l(p,0) = —E, |log

Ly |—logpg(x | Z)] — Ey [logp(Z)] — Ey[—log gy (Z | x)]

DN | >~

U[[1x — go(y + U)|I”] + E[— log p(y + U)] + const

Distortion Coding cost

Ballé et al. (2017)



JPEG Dithered JPEG

Photo: GoToVan, 2014

Theis et al. (2017)



Example: Linear VAE

Learned analysis transtorm
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Example: ELIC (He et al., 2022)

Analyzer f,;

Synthesizer gg

in: 3-channel 1mage

in: M -channel symbols

Conv d X 5,82, N
ResBottleneck x 3
Conv 5 X 5,82, N
ResBottleneck x 3
Attention
Conv 5 X 5,82, N
ResBottleneck x 3
Conv 5 X b, 82, M
Attention

Attention
TConv b X 5,82, N
ResBottleneck x 3
TConv b X b, s2, N
Attention
ResBottleneck x 3
TConv b X 5,82, N
ResBottleneck x 3
TConv b5 X 5,82, 3

Table 1. Architecture of ELIC main transform networks.

Y
O
O
om0
X
O
QO
-
Q
=
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0
‘©
-
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Q
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JPEG/JFIF

Minnen et al. (2020)



REALISM I

Realism-distortion trade-off



Realism-distortion trade-off

1110010 —




Realism-distortion trade-off

—> 1110010 —/™




How to measure realism?

—xample: d(x,

A

X

g

[[|x — %||°



How to measure realism?

= il




How to measure realism?

D[Px, Pg] > 0

D[Px,Pg] =0« Px = Pg



Example: Total variation distance

Drv[Px, Pg| = sup |Px(A) — Pg(A)|
AcA



Divergences vs no-reference metrics
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Divergences vs no-reference metrics




Divergences vs no-reference metrics




Divergences vs no-reference metrics




Divergences vs no-reference metrics




Realism-distortion trade-off

Rate
—> 1110010 —@™

X, X

Distortion



Realism-distortion trade-off

Rate

—> 1110010 —

X

LZ?)ia

Realism



Realism-distortion trade-off

Rate
—> 1110010 —@

t[d(X, X)] + AD[Px, Pg

Realism-distortion trade-off



Realism-distortion trade-off

X

D|Px,




Realism-distortion trade-off

X

Realism

D|Px,

..................................... >
Distortion

[d(X, X))




Realism-distortion trade-off

ﬁ A
¥ é :
VIR
~ 2
o
€

Distortion

[d(X, X))




Realism-distortion trade-off

D(64) = inf D[Px,Pg] st. E[d(X,X)] <6,

P}“qz

Theorem. If D|Px, Pg| is a divergence which is convex in its second argu-
ment, then the perception-distortion function D(68;) is (1) monotonically non-
increasing and (2) convex.

Blau & Michaeli (2018)



Realism-distortion trade-off

SRResNet

VGGa o

SRCNN
_LapSRN ‘ elfEx

®, oVDsR
i Bae Deng
SRResNet ¢

MSE

SRGAN ENet
MSE ~ SRGAN ®

O VGGs SRGAN
® VGGs Mechrez

12 13 14 15 16 17

RMSE

SRResNet
VGGa s
LapSRN S%f%}:_
EDSR& SRCNN
SR
© © Bae Deng
SRResNet @
MSE
ENet
SRGAN @ SRGAN
VGG;, @ ’
| | | Mechrez
0.96 0.95 0.94 0.93
MS-SSIM

Blau & Michaeli (2018)



(Information) rate-distortion function

A

R(0;) = inf I|X;X]

PX|X

s.t. E[d(X, X)]| <64




(Information) rate-distortion-perception function (RDPF)

R(@d,el)) — Inf I[X;X]

PX\X

S.t. 4:[d(X,X)] <6,; and D[PX,Px] < 0p




General rate functions




Shannon (1948)

equal fidelity. This means that a criterion of fidelity can be represented by a numerically valued function:

v(P(x,y))

whose argument ranges over possible probability functions P(x,y).
We will now show that under very general and reasonable assumptions the function v(P(x,y)) can be
written in a seemingly much more specialized form, namely as an average of a function p(x,y) over the set

of possible values of x and y:
v(P(x,y)) = / / P(x,y)p(x,y)dxdy.

To obtain this we need only assume (1) that the source and system are ergodic so that:a very long sample
will be, with probability nearly 1, typical of the ensemble, and (2) that the evaluation 1s “reasonable” 1n the
sense that it 1s possible, by observing a typical input and output x; and y;, to form a tentative evaluation
on the basis of these samples; and 1f these samples are increased in duration the tentative evaluation will,
with probability 1, approach the exact evaluation based on a full knowledge of P(x,y). Let the tentative



Perfect realism

X * PX‘X _— Arbitrary reconstruction

Blau & Michaeli (2019)



Perfect realism



Perfect realism

Px-(x*) = »  Pg(%)Px;x(x" | %)
= ) Py x(%,x%) = Px(x")
D[Px,Px-] =0




Perfect realism

Proof:

21X — X*|] = BX" ~ X | X] +E[X | X] - X|

24
- 1

. 2 A :
=E[||X - EX | X]||”> + [[E[X | X] - X||? 0
+ EgPEX" — B[X | X] | X E[EX %=X [X]]
= 2E[||X — E[X | X]||*] \
<2E[|X - X]|*

Blau & Michaeli (2019)



Bounds on the RDPF

[|IX — X*|*] < 2E[|IX — X|?]

R(ZOd, O) < R(@d, OO) — R(@d)



Bounds on the RDPF

]
4‘,[

X — X*||?] < 2E]

X - X]|*

R(04,0) < R(04/2,00) = R(04/2)



Bounds on the RDPF

Rate

0.0 0.5 1.0 1.5 2.0

Distortion, 04



How meaningful is R(04,0p)7



General rate functions




One-shot achievability

Definition. For a source X ~ Px and a given set of constraints, we say that
a rate R 1s one-shot achievable if an encoder f : X X R — Ny, a decoder
g:Nyg x R — X, and a random variable U (indep. of X) exist with

A

K= f(X,U) and X =g(K,U)

such that the joint distribution Py ¢ satisfies the constraints and the conditional
entropy of K is not more than R, H|K | U] < R.



One-shot achievability

f . X X R — Nj
gZN()XR%X

A

K= f(X,U) and X =g(K,U)

Py « satisfies the constraints
HIK|U| <R



Shared randomness

U =~ URfdni}0, 1))




Achievability

Definition. For a source X ~ Px and a given set of constraints, we say
that a rate R is (asymptotically) achievable if there exists a random variable U
independent of X and a sequence of encoders fy : X" x R — Ny and decoders

gNZN() x R — X with
Ky = f(X",U) and X" =g(Ky,U)

such that each joint distribution Py ¢ (n=1,..., N) satisfies the constraints
and

N — 00



Achievability

fNIXNXR%NO
gNZNQXR%XN

Ky = f(XY,U) X" = g(Kn,U)

N — 00



One-shot achievability

Theorem. Let an arbitrary source X ~ Px and constraints D;|Py | < 0; be
oiven. If

R > R(6) + log(R(0) + 1) + 4,

then R 1s one-shot achievable.



Achievability

Theorem. Let an arbitrary source X ~ Px and constraints D;|Py x| < 0; be
given. Then R < oo is achievable if and only if R > R(0).
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Adversarial losses and diffusion



| egendre transform (convex conjugate)

Q.1 —




| egendre transform (convex conjugate)

Q.1 —




| egendre transform (convex conjugate)

¢(s) = slog(s) ¢"(t) = exp(t — 1)



f-divergences

P,Q

Il

apP

Q)

)«



f-divergences

D, q




Adversari




Adversari




Adversarial losses

Sup/p(X)Tn(X) dx — /q(x)¢*(Tn(X)) dx

N

Goodfellow et al. (2014): Nowozin et al. (2016)



Adversarial losses

sup E|




Adversarial losses

7 <— argmin (43
n

H%H—I—EVQ(




SRResNet SRGAN

Ledig et al. (2017)



Fxample: SRGAN

PSNR

33

32

31

30

29

SSIM

0.875

0.75

0.625

0.5

MOS
W

" SRResNet (MSE)
B SRGAN (MSE + adv.)

Ledig et al. (2017)



A first approach using diffusion



Perfect realism
Powerful (conditional) generative model

/ / Rate-constrained representation
XNPmZQ
D|Px,Pg| =0

-
44[

X —X|*] = 2E[|E[X | Z] - X|]*]

/ |

Ditficult to optimize Fasy to optimize




Ditfusion

Add noise

8
fa 5 "

S,
)

"‘4.'& L'

"

)

Generation

Sohl-Dickstein et al. (2015); Song et al. (2021)



Ditfusion

PXt_5\Xt is approximately Gaussian (e.g., Feller, 1949; Anderson, 1982).

Xt—5 — mg(Xt)HQ] so that mg(Xt) ~ 43'[Xt—5 ‘ Xt] :

Optimize [E|




Ditfusion

Px, s1x, is approximately Gaussian (e.g., Feller, 1949; Anderson, 1982).

Optimize Zwt {"[HXt—(S — mg(Xt,t)HZ] SO that mQ(Xt,t) ~ ‘E[Xt_(s | Xt] :
t



Conditional diffusion

~ KX |Z




Conditional diffusion )
XT ™~ N O7Im

X; ~ N(me(Xiys, Z,t),ve(t)L,

|
-




L4

MSE. - 0562
SE . § g0056 bpp




%“.....-.

-

MSE + diffusion

0.0562 bpp

-



Text-to-image models

"A cute dog." —> Y

XT NN O7Im

|
-



Text-to-image models

"seven motocross
bikes facing
right at the

starting line”

kodim05.png Imagen
(Kodak, 1993) (Saharia et al., 2022)



Hoogeboom et al. (2023) Rombach et al. (2022)
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Channel simulation



Channel simulation (or reverse channel coding)

Channel coding 01001000111011 ' \}\/L\ .— 01001000111011

Reverse
channel coding




Channel simulation (or reverse channel coding)

Y ~ Py O 111001001 O Z ~ Pzy



Channel simulation (or reverse channel coding)

Y ~ Py O 111001001 O Z ~ N(Y,I)



Channel simulation (or reverse channel coding)

Y ~ Py O 111001001 O Z ~ Pzy

IY;Z



Channel simulation (or reverse channel coding)

Y ~ Py O 111001001 O Z ~ Pzy

IY;Z
=H|Z| - H|Z | Y]




Channel simulation (or reverse channel coding)

Y ~ Py O 111001001 O Z ~ Pzy

IY;Z
— h[Z] - h[Z | Y]



Channel simulation...

... generalizes lossless source coding

Y ~ Py O 111001001 O 7 ~ Oy

I[Y:Z) = H[Y]



Channel simulation

Z:f(K7U)




Dithered quantization

Z =Y -U|+U ~Y + U’ U,U" ~ Uniform([—1/2,1/2))



= 3.14

np.random.rand(1000000) - 0.5
= np.round(y - U)

K + U

N X CK
Il

plt.hist(Z, 100)
plt.x1lim([0, 4]);

10000 A

8000 A

6000 A

4000 -

2000 -

0.0 0.5 1.0 1.5 2.0




Dithered quantization
Z=K+U

PIK=k|U=u)=pz(k+ u)



Dithered quantization

P(K=k|U=u)=PY —u€l[k—05k+0.5))



Dithered quantization

/=

Y —(U+0b)|+ (U +0b)

U’ ~ Uniform([—0.5,0.5))



Dithered quantization

VA

(1Y /s=U|+U)s



Gaussian channel

Z=(Y/)S-U]+U)S
~Y 4+ SU’

Qin et al. (2003); Agustsson & Theis (2020)



1.0

- Y ~ N(0,1)
Gaussian channel .
N 0.7 -
K =[Y/S~U] S

HIK| US| =I[Y;Z|S] L e e resssgesssspms=s

= h[Z| S| —h[Z|Y,S] S : vaejgnd (Li & El Gamal, 2018)

= h[Z | 5] — E[log, S|

S h[Z] — “3[10g2 S] O'Oo.o 0.5 1.0 1.5 2.0 2.5 3.0

1[Y; 7]

= I[Y; Z] + h|Z | Y] — E[log, S|

= 1Y Z] - ;logQ(w) | : _2;2(;/2)

<1Y;Z|+0.521




Dithered quantization and VAEs

Z=Y-U|l+U~Y +U U,U" ~ Uniform([—1/2,1/2))




VAESs revisitead

Inference:

Z = | fo(X)]
X = go(Z)

Mismatch

Training:

Z = fo(X)+U

X = go(Z)



VAESs revisitead

Encoder Decoder
Y = fo(X) /Zi:Ki+Ui
K; = 1Y, —U; X = go(Z)

Rate-distortion trade-off

0(6) = X

Ud(X, go(LY —U[+U))| +

| —log P(K | U)]




VAEs revisited

Encoder Decoder
Y = fo(X) /ZizKi+Ui
K; = 1Y, —U; X = go(Z)

Rate-distortion trade-off = ELBO

0(6) = X

[d(X, g0(Y +U"))] +

[—log pz (Y + U]

Agustsson & Theis (2020)



Variational autoencoders revisited
Quantization

.0 Linear model / (mismatch)

38 A \

PSNR [db]
N W w " w
o0 o N N o

N
o
I

N
1SN

0.5 1.0 1.5 2.0 2.5
Bit-rate [bpp]

O
o

Agustsson & Theis (2020)



Randomness and rate-distortion trade-offs

“Z[f)\ (X, U)] — ‘EU[ X [ZA (Xv U)H

> mU X[ZA(X,U)]

Cx [0 (X, u")]




Randomness and realism

/ \ © ~ Uniform(0, 27)
X - (cos©
A= (Sin @)




1

Randomness and realism d(x,X) = §HX —%||? =1 —cos(f — )

© ~ Uniform(0, 27)

/ \ x= (o)
]/

U ~ Uniform(0, 1) f:R*xR — {0,1}
X =g(f(X,U),U)  g¢:{0,1} x R — R?

minfimize Cld(X, X)] st X~X
7g



Randomness and realism

© ~ Uniform(0, 27)
x - (cos©
A= (Sin @)
U ~ Uniform(0, 1)
X = g(f(X),U) ~ Pxfx)

Theis & Agustsson (2021)



Randomness and realism

© ~ Uniform(0, 27)
cos ©

A= (Siﬂ @)

U ~ Uniform(0, 1)

K= f(X,U)= © U| mod 2

T

A

O=n(K+U)

Theis & Agustsson (2021)



Randomness and realism

Distortion (MSE)

-
0

&
o0

&
O

&
N

&
O

e VQ
ouQ
o
o
O 038

2 3 4 5
Rate (R) [bit]

25 .VQ
oUQ
20 |
15 |
10 |
O
5 | O ®
O
0o | % >
0 1 2 3 4 D

Rate (R) [bit]

Theis & Agustsson (2021)



Rejection sampling

k< O
repeat
k< k+1
Ly ~ Pz
Uy ~ Uniform(|0, 1))

L dPay ., |

until U, < M dP,

return k




Rejection sampling

k< O
repeat
k< k+1
Ly ~ Pz
Uy ~ Uniform(|0, 1))

L dPay ., |

until U, < M dP,

return k



Poisson functional representation

ZK NPZ|y v
HK|<I|Z;Y|+log,(I|Z; Y|+ 1)+ 4 @

i, ~ Pz

d Pz
K = argmin {Tk Z }
keN dPZ\y ( k)
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Ditfusion-based compression



Conditional diffusion

1 Z

XT NN O7Im

|
-



Diffusion as a VAE

g




ﬁvw,..ﬁ..w.mww
ol s
(‘

o

Diffusion as a VAE
q(z | x)



Diffusion as a VAE




Diffusion as a VAE

Simple

q(z¢ | X) = N(zy; aux, UfIm)

Complicated

p(x | zt)



Ditfusion

— 1011001 ——————————> &

t ~ Qz,1x




s L
VU R T
3 m%.w"%ﬂf g

(Gaussian target
distribution

-
O
0p)
>
B
A



Example: Normal

X ~ N(0,1)
Zy =\1—02X + oU U ~ N(0,1) (0<o<1)

A

X ~ Px\z,

/hang et al. (2021); Wagner (2022); Theis et al. (2022)



Example: Normal

@ Vo

Already follows correct distribution

Zy =\/1—02X +oU U ~ N(0,1) (0<o<1)
X =V1-02Z,+0oV V ~ N(0,1)
Realism: D|Px,P4| =0
X RD tunction of standard normal
Distortion: i[(X — X)*] =20°=d /
1 2
Rate: I[1X,7,]=—log,0 = > log y = R(d/2)

/hang et al. (2021); Wagner (2022); Theis et al. (2022)



Example: Normal

X ~ N(0,1)
Zy =1 —02X +oU U ~ N(0,1) (0<o<1)
X:Zt

D|Px, Py =0

(X —X) ] =2—-2V1—02 < 202

1 2
IX, X;| =—log, o = ilogg




Example: Normal

2.0 1 N _ R(d)
o] --- R(d, 0)
<>< ' ||
| 1

|
= \
<904 4\
-
9
-
>
n
3 0.5

0.0 -

o 1 2 3 4 5

Rate, I[X, Z:] [bit]

/hang et al. (2021); Wagner (2022); Theis et al. (2022)



SDE / ODE

Neural network goes in here

/

dZ, = (—%ﬁtzt _ ﬁtVlnpt(Zt)> dt + /B dW,

N
U
[T

Anderson (1982); Maoutsa et al. (2020); Song et al. (2021)



SDE

1 _
dX; = —§5tXt — B Viog pi(Xy) | dt + +/Bd W,

(simulated in reverse)



dXt —

1 1
—§5tXt — §5tV10gpt x¢) | dit

(simulated in reverse)



DittC-A (SDE)




DittC-F (ODE




Tweedie's formula

Z =X+ oV V ~ N(0,1,,)

i[X | z] =z + 0°VInpz(z)




DittC-F (ODE)
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Theis et al. (2022)



DittC-F (ODE)

9 0.0198
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10.4572 0.6486 0.2554 0.1974 0.1240 0.042
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31.7dB 25.8dB 24.7dB 22.4dB 19.3dB 16.3dB

Theis et al. (2022)



DittC-F (ODE) vs DittC-A (SDE)

Theorem.

Zt — \/1—0'752X—|—0'tU

A

Xa ~ P(X | Z)

XF — Z be the solution to the ODE with Z; as initial condition

IIXr — X

lim
or—0 K

I1IX 4 — X

1
2



DittC-F (ODE)

Theorem. Let X = QS where Q is an orthogonal matrix and S : Q — RY
is a random vector with smooth density and S; 1L S; for all ¢ # j.

‘L[

Xp - X|?] < E|

X' — X||’]

for any X’ with X’ 1l X | Z; which achieves perfect realism, X' ~X.



DiffC-F/A  HIFIC BPG JPEG
0.2015 0.2052 0.2734 0.2793 0.2695
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07.5dB 25.7dB 23.4dB 23.0dB 18.5dB
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Theis et al. (2022)



FID
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0
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Bits per pixel

PSNR [dB]
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Bits per pixel
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—— HiFiC
--=-HIFIC (pretrained)
—— DiffC-F
—— DiffC-A

Theis et al. (2022)



Refinement

FID

60
50
40
30
20
10

| - :
Do I |5 2

Bits per pixel

PSNR

10

Do | 5. 2
Bits per pixel

Bits communicated
oer refinement

—— DIiffC-F /

—— DIiffC-F (100)
DiffC-F (40)
DiffC-F (20)
DiffC-F (10)

--=-- HIFIC (pretrained)

Theis et al. (2022)



Example: Multivariate Gaussian

X ~ N(0,%)
Z: = V11— 02X 4+ oV V ~ N(0,1)
X ~ Px|z,

11X, 7] > R(d/2) d = E[|X — X||’]




Example: Multivariate Gaussian

25 — DiffC-A
| —— DiffC-F Ontimal no
20 |- 1 - - DiffC.A* otimal noise
@ 5 | - - - DiffC-F* = R(6,4,0)
— — P-A
A
= 10 - i APink noise
ol R(64)
= |
0 \ \ \ \

O 05 1 15 2 25
Rate, /[X, Z] [bpd]

Theis et al. (2022)



Open problems

Channel simulation

Computational complexity

e No general algorithm exists with runtime polynomial in Dk1, (Agustsson & Theis, 2020).

e Existing algorithms' runtime is exponential in DD, (infinity divergence), can we find one that's

exponential in Dxr,?

 \What is the computational complexity of simulating Gaussian channels? What is the
computational complexity of the closest-vector problem (CVP) for optimal lattices?

* Practical implementation of entropy-coded lattice quantization (e.qg., for A2 or E8 lattice)?

Coding cost

* Bounds for the one-shot coding cost of simulating multivariate Gaussian channels



Open problems

Learned compression

DiffC
e Can we bound the rate-distortion-perception function ot DiffC-A? (For DittC-A*, see Theis et al., 2022).

e How can we make DiffC computationally more efficient?

e \What about other types of noise? Dithered quantization?

Generative compression

* Training in two stages vs end-to-end training

o Better approaches targeting D(84,60p) where 0 < 0p < o0



Open problems

Realism

Shared randomness

* The role of shared randomness (e.g., Wagner, 2022; Chen et al., 2022)

Universal critics

e Adversarial losses can be challenging to optimize. Can we construct a "universal critic" (or a distortion

over sequences) which encourages realistic reconstructions when optimized?



files.theis.10/nas1t2023_solutions.pdf


http://files.theis.io/nasit2023_solutions.pdf
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