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ABSTRACT

Diffusion probabilistic models have achieved mainstream success in many gen-
erative modeling tasks, from image generation to inverse problem solving. A
distinct feature of these models is that they correspond to deep hierarchical latent
variable models optimizing a variational evidence lower bound (ELBO) on the
data likelihood. Drawing on a basic connection between likelihood modeling and
compression, we explore the potential of diffusion models for progressive coding,
resulting in a sequence of bits that can be incrementally transmitted and decoded
with progressively improving reconstruction quality. Unlike prior work based on
Gaussian diffusion or conditional diffusion models, we propose a hew form of
diffusion model with uniform noise in the forward process, whose negative ELBO
corresponds to the end-to-end compression cost using universal quantization. We
obtain promising rst results on image compression, achieving competitive rate-
distortion and rate-realism results on a wide range of bit-rates with a single model,
bringing neural codecs a step closer to practical deployment. Our code can be
found athttps://github.com/mandt-lab/ugdm

1 INTRODUCTION

A diffusion probabilistic model can be equivalently viewed as a deep latent-variable nSwded (
Dickstein et al.2015 Ho et al, 2020 Kingma et al, 2021), a cascade of denoising autoencoders that
perform score matching at different noise levals¢ent, 2011, Song & Ermon 2019, or a neural

SDE (Song et al.2021h. Here we take the latent-variable model view and explore the potential of
diffusion models for communicating information. Given the strong performance of these models on
likelihood estimationKingma et al, 2021; Nichol & Dhariwal, 2021), it is natural to ask whether
they also excel in the closely related task of data compresblankay, 2003 Yang et al, 2023.

Ho et al.(2020; Theis et al(2022 rst suggested a progressive compression method based on an
unconditional diffusion model and demonstrated its strong potential for data compression. Such a
progressivecodec is desirable as it allows us to decode data reconstructions from partial bit-streams,
starting from lossy reconstructions at low bit-rates to perfect (lossless) reconstructions at high bit-
rates, all with a single model. The ability to decode intermediate reconstructions without having

to wait for all bits to be received is a highly useful feature present in many traditional codecs, such
as JPEG. The use of diffusion models has the additional advantage that we can, in theory, obtain
perfectly realistic reconstruction$ifeis et al.2022), even at ultra-low bit-rates. Unfortunately, the
proposed method requires the communication of Gaussian samples across many steps, which remains
intractable because the exponential runtime complexity of channel simul&amn& Flamich 2024).

In this work, we take rst steps towards a diffusion-based progressive codec that is computationally
tractable. The key idea is to replace Gaussian distributions in the forward process with suitable
uniformdistributions and adjust the reverse process distributions accordingly. These modi cations
allow the application of universal quantizatiataMmir & Feder 1992 for simulating uniform noise
channels, avoiding the intractability of Gaussian channel simulatiofitiai§ et al.2022).

Speci cally, our contributions are as follows:
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Figure 1: Example reconstructions from several traditional and neural codecs, chosen at roughly
similar bitrates. At high bitrates, our UQDM method preserves details (e.g. shape and color pattern

of the spider, or sharpness of the calligraphy) better than other neural codecs. Note that among the
methods considered here, only ours and CJé€b( et a].2023 implement progressive coding.

1. We introduce a new form of diffusion model, Universally Quantized Diffusion Model
(UQDM), that is suitable for end-to-end learned progressive data compression. Unlike in the
closely-related Gaussian diffusion modkirfgma et al, 2021), compression with UQDM
is performed ef ciently with universal quantization, avoiding the generally exponential
runtime of relative entropy coding\gustsson & Theis202Q Goc & Flamich 2024).

2. We investigate design choices of UQDM, specifying its forward and reverse processes
largely by matching the moments of those in Gaussian diffusion, and obtain the best results
when we learn the reverse-process variance as inspirdlicpl & Dhariwal (2021).

3. We provide theoretical insight into UQDM in relation to VDM, and derive the continuous-
time limit of its forward process approaching that of the Gaussian diffusion. These results
may inspire future research in improving the modeling formalism and training ef ciency.

4. We apply UQDM to image compression, and obtain competitive rate-distortion and rate-
realism results which exceed existing progressive codecs at a wide range of bit-rates (up to
lossless compression), all with a single model. Our results demonstrate, for the rst time,
the high potential of an unconditional diffusion model as a practical progressive codec.

2 BACKGROUND

Diffusion models Diffusion probabilistic models learn to model data by inverting a Gaussian
noising process. Following the discrete-time setup of VOHihgma et al, 2021), the forward
noising process begins with a data observati@nd de nes a sequence of increasingly noisy latent
variablesz; with a conditional Gaussian distribution,

Azejx) = N( x5 21);

Here { and 2 are positive scalar-valued functions of time, with a strictly monotonically increasing
signal-to-noise-raticSNR(t) := 2= 2. Thevariance-preservingrocess of DDPMHo et al,
2020 corresponds to the choice = 1 2. The reverse-time generative model is de ned by a
collection of conditional distributiong(z; 1jz:), a priorp(zt) = N (0;1), and likelihood model
p(xjzo). The conditional distributionp(z; 1jz¢) = q(z¢ 1jz¢;X = R (z¢;t)) are chosen to have
the same distributional form as the “forward posterior” distributiézy 1jz;;x), with x estimated
from its noisy versiore; through the learnedenoising modet . Further details on the forward and

t=0;1:5T:
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backward processes can be found in AppediandB. Throughout the paper the logarithms use
base 2. The model is trained by minimizing the negative ELBO (Evidence Lower BOund),

L(x) = *|<|-( Q(ZTJ{>§) kP(ZT)i+ F[ |0%y(XJZo);+ B F[KL( ozt 1JZt{7X)kP(Zt 1JZt));, 1)

=L7 Z:ijZO =Ly 1

where the expectations are taken with respect to the forward proggassjx). Kingma et al.(202])
showed that a largér corresponds to a tighter bound on the marginal likelihtmab(x), and as

T!1 the loss approaches the loss of a class of continuous-time diffusion models that includes the
ones considered byong et al(2021h.

Relative Entropy Coding (REC) Relative Entropy Coding (REC) deals with the problem of

ef ciently communicating a single sample from a target distributiomsing a coding distribution

p. Suppose two parties in communication have access to a common “prior” distrilpuéind
pseudo-random number generators with a common seed; a Relative Entropy Coding (REC) method
(Flamich et al. 2020 allows the sender to transmit a sample g using close t&KL( gk p) bits on
average. Ifg arises from a conditional distribution, e.g, = g(z j x) is the inference distribution of

a VAE (which can be viewed as a noislianne), areverse channel codingr channel simulation

(Theis & Ahmed 2022 algorithm then allows the sender to transmit ¢, with x  p(x) using

close toEx p(x)[KL(a(z j x) kp(2))] bits on average. At a high level, a typical REC method works

as follows. The sender generates a (possibly large) number of candisiateples from the prigp,

zn p; n=1;23:

and appropriately chooses an indéxsuch thatzk is a fair sample from the target distribution, i.e.,
Zx Q. The chosenindeK 2 N is then converted to binary and transmitted to the receiver. The
receiver recovergg by drawing the same sequencezatandidates fronp (made possible by using

a pseudo-random number generator with the same seed as the sender) and stoppkthadtiee

A major challenge of REC algorithms is that their computational complexity generally scales ex-
ponentially with the amount of information being communicatédustsson & Theis202Q Goc

& Flamich, 2024). As an example, the MRC algorithrc(ff, 2008 Havasi et al.2018 drawsM
candidate samples and selei§t f 1; 2; ; :::; M g with a probability proportional to the importance
weights,a(zn)=5(z,); n = 1;:::; M ; similarly to importance samplindl needs to be on the order

of 2€L(akp) for zx to be (approximately) a fair sample fromthus requiring a number of drawn
samples that scales exponentially with the relative entkdpygkp) (the cost of transmitting is thus

logM  KL( gkp) bits). The exponential complexity prevents, e.g., haively communicating the entire
latent tensoe in a Gaussian VAE for lossy compression, as the relative entlbyy)(zjx) k p(z))

easily exceeds thousands of bits, even for a small image. This dif culty can be partly remedied by
performing REC on sub-problems with lower dimensioRkinich et al. 2020 2022 for which
computationally viable REC algorithms exi§l&mich et al,2024 Flamich 2024, but at the expense

of worse bitrate ef ciency due to the accumulation of codelength overhead across the dimensions.

Progressive Coding with Diffusion A progressivecompression algorithm allows for lossy recon-
structions with improving quality as more bits are sent, up till a lossless reconstruction. This results
in variable-rate compression with a single bitstream, and is highly desirable in practical applications.

As we will explain, the NELBO of a diffusion model (edl)j naturally corresponds to thessless
coding cost of a progressive codec, which can be optimized end-to-end on the data distribution of
interest. Given a trained diffusion model, a REC algorithm, and a data ppiné can perform
progressive compression as follow$(et al, 202Q Theis et al.2022: Initially, at time T, the sender
transmits a sample @f{zt jx) under the priop(zt), usingLt bits on average. At each subsequent
time stept, the sender transmits a samplegft; 1jz;; x) given the previously transmitted, under
the (conditional) priop(z; 1jzt), using approximatellz; 1 bits. Finally, giverzg att =0, x can

be transmitted losslessly under the mopledjzo) by an entropy coding algorithm (e.qg., arithmetic
coding), with a codelength close kg, bits (Polyanskiy & Wy 2022 Chapter 13.1). Thus, the
overall cost of losslessly compressxgums up td_(x) bits, as inthe NELBO in eq1j. Crucially, at
any timet, the receiver can use the most-recently-receieih obtain aossydata reconstructioR; .
For this, several options are possibto et al.(2020 consider using the diffusion model's denoising
prediction® (z;), while Theis et al(2022 consider sampling:  p(xjz;), either by ancestral
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sampling or a probability ow ODE$ong et al.20218. Note that if the reverse generative model
captures the data distribution perfectly, ten p(xjz;) follows the same marginal distribution as
the data and has the desirable propertp@fect realismi.e., being indistinguishable from real data
(Theis et al.2022.

Universal Quantization Although general-purpose REC algorithms suffer from exponential run-
time (Agustsson & Theis2020 Goc & Flamich 2024, ef cient REC algorithms exist if we are
willing to restrict the kinds of target and coding distributions allowElaich et al, 2022 2024).
Here, we focus on the special case where the target distribgiggiven by a uniform noise channel,
which is solved ef ciently by Universal Quantization (UQR¢berts1962 Zamir & Feder 1992
Agustsson & Theis2020). Speci cally, suppose we (the sender) have access to a scalsr r.vpy ,

and would like to communicate a noise-perturbed version of it,

Y=Y+ U;

whereU U ( =; =)isanindependentr.v. with a uniform distribution on the intefval=; =].
UQ accomplishes this as followStep 1.PerturbY by adding another independent nol$e
U( =; =), and quantize the result to the closet quantization pinbn a uniform grid of

width , i.e., computingK = bY*Y’e whereb edenotes rounding to the nearest intedg&tep

2. Entropy code and transniit under the conditional distribution &€ givenU°. Step 3.The
receiver draws the samé® by using the same random number generator and obtains a reconstruction
¥ =K U%= pYYe U° Zzamir & Feder(1992 showed thall indeed has the same

distribution asy’, and the entropy coding cost Kf is related to the differential entropy 8f via

HIKjUG=1(Y;Y)= h(Y) log() :

In the above, the optimal entropy coding distributifK ju® = u9 is obtained by discretizing
Py := py 2U( =; =) onagrid of width and offset byu®= u®(Zamir & Feder 1992, where

? denotes convolution. If the trys,. is unknown, we can replace it with a surrogate density model
f (y) during entropy coding and incur a higher coding cost,

Ey py [KLCUCiy) kE ()] 1(Y;Y); 2

whereu( jy) denotes the density function of the uniform noise chaqpﬁj _y = Uly =y+ =).

It can be shown that the optimal choicefofis the convolution opy with U(  =; =). Therefore,
as in prior work Agustsson & Theis202Q Ballé et al, 2018, we will choosef  to have the form of
another underlying density modgl convolved with uniform noise, i.e.

f()=90)?2U(; = =2 ©))

3 UNIVERSALLY QUANTIZED DIFFUSION MODELS

We follow the same conceptual framework of progressive compression with diffusion models as in
(Ho et al, 202Q Theis et al.2022), reviewed in the previous section. Whiléeis et al(2022 use
Gaussian diffusion, relying on the communication of Gaussian samples which remains intractable
in higher dimensions, we want to apply UQ to similarly achieve a compression cost given by the
NELBO, while remaining computationally ef cient. We therefore introduce a new model with a
modi ed forward process and reverse process, which we teriversally quantized diffusion model
(UQDM), substituting Gaussian noise channels for uniform noise channels.

3.1 FORWARD PROCESS

The forward process of a standard diffusion model is often given by the transition k€zngljz;)

(Ho et al, 2020 or perturbation kerne(z;jx) (Kingma et al, 2021), which in turn determines the
conditional (reverse-time) distributiomz jx) andf q(z; 1jz:;x)jt = 1;:::; Tg appearing in the
NELBO in eg. (). As we are interested in operationalizing and optimizing the coding cost associated
with eq. (), we will directly specify these conditional distributions to be compatible with UQ, rather
than deriving them from a transition/perturbation kernel. We thus specify the forward process with
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the same factorization as in DDINBONg et al.20213 via q(zo:7jX) = q(zT]jX) QtT:l a(z: 1jzi;X),

and consider a discrete-time non-Markovian process as follows,

(q(szX) = N( 7% 21); .

Az ajzi) = U bzt ox G0zt dox+ G2 st=1zmT P
whereb(t), c(t), and ( t) are scalar-valued functions of time. Note that unlike in Gaussian diffusion,
ourq(z; 1jz;;x) is chosen to be a uniform distribution so that it can be ef ciently simulated with UQ
(as aresult, oug(z;jx) for anyt 6 T does not admit a simple distributional form). There is freedom
in these choices of the forward process, but for simplicity we base them closely on the Gaussian case:
we choose a standard isotropic Gaussj@y jx), and sett), c(t), ( t) sothatq(z; 1jz¢;x) has
the same mean and variance as in the Gaussian case (see Appdadirore details):

t t2 1 2 t 1 P— t 1 . 2 2 12 2
b(t) = 2 Lot = 17 ()= 12 1 with & ;= §{ — S
t

We note here thai(z;jzt ; x) can be written as a sum of uniform distributions, which as we increase
T!1 ,converges in distribution to a Gaussian by the Central Limit Theorem. This implies that
g(z:jx) also converges to a Gaussian for evergnd that our forward process has the same underlying
continuous-time limit as in VDMKingma et al, 2021). We give the precise statement and a proof in
AppendixA.3.

As in VDM (Kingma et al, 2021), the forward process schedules (i.e;,and ¢, as well as
b(t); c(t); ( t)) can be learned end-to-end, e.g., by parameterizfrg sigmoid( (t)), where is

a monotonic neural network. We did not nd this to yield signi cant improvements compared to
using a linear noise schedule similar to the on&iimgma et al.(2021).

3.2 BACKWARD PROCESS

Analogously to the Gaussian case, we want to de ne a conditional distribp{nnjz;) that
leverages a denoising modgl= R (z;;t) and closely matches the forward “posteriqtz; 1jz;; x).

In our case, the forward “posterior” corresponds to a uniform noise channel with Widjhi.e.,

Zi 1= b(t)ze + c(t)x + ( tui;ue U ( 1=;1=); to simulate it with UQ, we choose a density
model forz; ; with the same form as the convolution in e8).(Speci cally, we let

P(ze 1jz¢) = 9 (z¢ 1;2;t) 2U( ( O=; ( D=); )

whereg (z; 1;z¢;t) is alearned density chosen to matgfla; 1jz;; X). Recall in Gaussian diffusion
(Kingma et al, 2021), p(z; 1jz;) is chosen to be a Gaussian of the fayfa, 1jz;x = R (z;1)),
i.e., the same ag(z; 1jz:;x) but with the original datx replaced by a denoised predictinr=
R (z;t). For simplicity, we basg closely on the choice gi(z; 1jz;) in Gaussian diffusion, e.g.,

9 (2 1ziit) = Nz + o(H)R (z:1); &(D)1) (6)
or a logistic distribution with the same mean and variance,
g (z 1:zit) = Logistic  b(t)z + ()R (zi:1); 3V : %

where é(t) is the variance of the Gaussian forward “posterior”, and we use the same noise-prediction
network for® as in Kingma et al, 2021). We found the Gaussian and logistic distributions to
give similar results, but the logistic to be numerically more stable and therefore adopt it in all our
experiments.

Inspired by Nichol & Dhariwal, 2027), we found that learning a per-coordinate variance in the reverse
process to signi cantly improve the log-likelihood, which we demonstrate in Sda. practice, this

is implemented by doubling the output dimension of the score network to also compute a tensor of
scaling factors (z;), so thatthe variance @f is = 3(t) s (z). Refer to Appendix.2 for

a more detailed analysis of the log-likelihood and how a learned variance is bene cial.

We note that other possibilities fgr exist besides Gaussian or logistic, e.g., mixture distributions
(Cheng et al.2020, which trade off higher computation cost for increased modeling power. Analyz-
ing the time reversal of the our forward process, similarlySor(g et al.20213, may also suggest
better choices of the reverse-time density magdeMe leave these explorations to future work.
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We adopt the same form of categorical likelihood mauieljzg) as in VDM (Kingma et al, 2021),
as well as the use of Fourier features.

Algorithm 1 Encoding Algorithm 2 Decoding
zr  p(zt) zr  p(z7) . Using shared seed
fort=T;:::;2;1do fort=T;:::;2;1do
Let = ( t); o= b(t)zt + c(t)x. Let = ( t).
Compute the parameterspfz; 1jz;). Compute the parameters_p(fzt 1jZ¢).
. Sendzy 1 q(z¢ 1jze;x) with UQ: u¢ U ( 1=;1=). . Using shared seed
ug U ( 1=;1=), Derive entropy modep(kjz;; u;) by dis-
ki = (b—2 + uce cretizingp(z; 1jzt). _
Derive entropy modep(kjz;; u¢) by dis- ZEntro_pyk-decodet underp(kjz;; uy).
cretizingp(zy 1jz¢). t 1= Bttt
Entropy-encodé; underp(kjz;; u;). A= R (2 it 1) - Lossy
Z 1= ki U reconstruction
end ;or end for
Entropy-decode with p(xjzg). . Lossless

Entropy-encode with p(xjzg).

3.3 PROGRESSIVE CODING

Given a UQDM trained on the NELBO in edl)( we can use it for progressive compression similarly
to (Ho et al, 202Q Theis et al, 2022, outlined in Sectior2.

The initial stept = T involves transmitting a Gaussiai . Since we do not assume access to an
ef cient REC scheme for the Gaussian channel, we will instead draw thesamep(zt) = N (0;1)
on both the encoder and decoder side, with the help of a shared pseudo-randdriicesdid a
train/compression mismatch, we therefore always enfargx) p(zr) and hencd 0. At
any subsequent stepinstead of sampling; 1 = b(t)z; + c(t)x + ( t)u?as in training, we apply
UQ to communicate the “forward posterior” mean vectey := b(t)z; + c(t)x. Speci cally, given
z;, the sender computes, and the parameters p{z; 1jz;) (by evaluating the score network),
draws a pseudo-random noige U ( 1=;1=), quantizes 4 to ki = tb—‘f + uie where

t = ( t), derives an entropy modp(kjz;; u;) (by discretizingp(z; 1jz;) on a grid of width
and offset byu;), and entropy-encodéds underp(kjz;; u¢). The receiver draws the same pseudo-
randomu; U ( 1=;1=), entropy-decodek; under the same entropy mod#kjz;;u), and
computesz; 1 = ki tuy and (optionally) a lossy reconstructidn from z; 1. Finally, after
having transmittedo whent = 1, x is losslessly compressed using the entropy mo¢ejzg).
Pseudocode can be found in Algoriththand2. Note that we can replace the denoised prediction
R¢ = R (z 1;t 1) with more sophisticated ways to obtain lossy reconstructions such as ow-
based reconstruction or ancestral samplifge(s et al. 2022. As our method is progressive,
the algorithm can be stopped at any time and the most recent lossy reconstruction be used as the
output. Compared to compression with VDNIheis et al. 2022, the main difference is that we
transmitz; 1 d(z: 1jzt;x) underp(z;: 1jz:) using UQ instead of Gaussian channel simulation;
the overall computation complexity is now dominated by the evaluation of the denoising nétwork
(for computing the parameters pfz; 1jz;)), which scales linearly with the number of time steps.

We implemented the progressive codec ugemngorflow-compression (Ballé et al), and
found the actual le size to be withiB8% of the theoretical NELBO.

4 REeLATED WORK

Diffusion models Sohl-Dickstein et a].2015 have achieved impressive results on image generation
(Ho et al, 202Q Song et al.20213 and density estimatiorkKfngma et al, 2021, Nichol & Dhariwal,
2021). Our work is closely based on the latent-variable formalism of diffusion moétds( al,

1This corresponds to a trivial REC problem where a sample fiemp can be transmitted usingL (gkp) =
0 bits.
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202Q Kingma et al, 20217), with our forward and backward processes adapted from the Gaussian case.
Our forward process is non-Markovian like DDINB¢Ng et al.20213, and our reverse process uses
learned variance, inspired biichol & Dhariwal, 2021). Recent research has focused on ef cient
sampling Song et al.2021a Pandey et a] 2023 and better scalability via latent diffusioRémbach

et al, 2022, consistency models$Spng et al.2023, and distillation Sauer et a).2024), whereas we

focus on the compression task. Related to our approach, cold diffl3&nsél et al.2024 showed

that alternative forward processes other than the Gaussian still produce good image generation results.

Several diffusion-based neural compression methods exist, but they use conditional diffusion models
(Yang & Mandt 2023 Careil et al, 2023 Hoogeboom et al2023 which do not permit progressive
decoding. Furthermore, they are also less exible as a separate model has to be trained for each
bitrate. Progressive neural compression has so far been mostly achieved by combining non-linear
transform coding (for example using a VAE) with progressive quantization schemes. Such methods
include PLONQ Lu et al, 2021), which uses nested quantization, DPIQCE¢ et al, 2022 and its
extension CTCJeon et a].2023, which use trit-plane coding, and DeepHI@é et al, 2024 which

uses a learned quantization scheme. Finally, codecs based on hierarchicalldMas€nd et a).

2024 Duan et al. 2023 are closely related but do not directly target the realism criterion.

5 EXPERIMENTS

We train UQDM end-to-end by directly optimizing the NELBO loss €q, summing uf-; across

all time steps. This involves simulating the entire forward pro€ess:::; zr g according to eq.4)

and can be computationally expensive wieis large but can be avoided by using a Monte-Carlo
estimate based on a sindle as in the diffusion literatureHo et al, 2020. We found a small

(< 10) to give the best compression performance, and therefore leave the investigation of training
with a single-step Monte-Carlo objective to future work. Note that this would require sampling from
the marginal distributiom|(z;jx), which becomes approximately Gaussian for lar{gee Sec3.1).

When considering the progressive compression performance of VDM and UQDM, we consider
three ways of computing progressive reconstructions fzpndenoise , where® = R (z;;t) is

the prediction from the denoising netwodqcestral , where®R  p(xjz;) is drawn by ancestral
sampling; andlow-based where®  p(xjz;) is computed deterministically using the probability

ow ODE as in (Theis et al,2022. In VDM, the probability ow ODE produces the same trajectory

of marginal distributions as ancestral sampling, but gives improved lossy compression performance
(Theis et al.2022. In the case of UQDM, we apply the same update equations and observe similar
bene ts, likely due to the continuous-time equivalence of the underlying processes of UQDM and
VDM. See AppendixB.3 for details. Note that DiffC-A and DiffC-FTheis et al. 2022 directly
correspond to our VDM results witkncestral  andflow-based  reconstructions.

In all experiments involving VDM and UQDM, we always use the same denoising U-net architecture
for both, except UQDM uses twice as many output dimensions to additionally predict the reverse-
process variance (see S8. We refer to Appendix Se€ for further experiment details.

5.1 SwIRL Toy DATA

We obtain initial insights into the behavior of our proposed UQDM by experimenting on toy swirl data
(see AppendixC.1for details) and comparing with the hypothetical performance of VBlihgma
et al, 2021).

First, we train UQDM end-to-end for various valueslo® f 3; 4; 5; 10; 15; 20; 30g, with and without
learning the reverse process variance. For comparison, we also train a single VDM wit@00,

but compute the progressive-coding NELBO €l). {sing differentT. Fig. 2 plots the resulting
NELBO values, corresponding to the bits-per-dimension cost of lossless compression. We observe
that for UQDM, learning the reverse-process variance signi cantly improves the NELBO across all
T, and a highel is not necessarily better. In fact, there seems to be an optimab, for which

we obtain a bpd of around 8. The theoretical performance of VDM, by comparison, monotonically
improves withT (green curve) until it converges to a bpd of 5.8Tat 1000, as consistent with
theory Kingma et al, 2021). We also tried initializing a UQDM without learned reverse-process
variances to use the pre-trained VDM weights; interestingly, this resulted in very similar performance
to the end-to-end trained result (blue curve), and further netuning gave little to no improvement.



Published as a conference paper at ICLR 2025

-3¢~ UQDM (fixed rev. var) 80 0.07 —— VDM (T=100)

25 i UQDM 70 0.06 UQDM T=5
\ VDM —%— UQDM T=10
— X VDM (T =1000) .60 / 0.05 —*— UQDM T=20
8% g Q —%— UQDM T=30
g S50 = 0.04
0 \ [:4 . 5
215 X % 40 —— VDM (T=100) 8003
g A -1” & UQDM T=5 o
PSS i 30 - 0.02
10 ¥ —— UQDM T=10
20 —%— UQDM T=20 0.01
— —— UQDM T=30

10 12 0 2

4 6 8
Rate (bpd)

4 6 8
T Rate (bpd)

Figure 2: Results on swirl data. The VDM curves correspond to the hypothetical performance of
REC that remains computationally intractalleft: Lossless compression rates v.s. the choice of
T, for UQDM with/without learned reverse-process variance (blue/orange) and VDM (green). For
UQDM, learning the reverse-process variance signi cantly improved the NELBO, and an optimal
T 5. Middle, Right: Progressive lossy compression performance for VDM and UQDM, measured
in delity (PSNR) v.s. bit-rate (middle), or realism (sliced Wasserstein distance) v.s. bit-rate (right).
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Figure 3: Progressive lossy compression performance of UQDM on the CIFAR10 dataset, comparing
delity (PSNR) and realism (FID) with bit-rate per pixel (bpp), using either ancestral sampling or
denoised prediction to obtain progressive reconstructions as indicated. The VDM curve corresponds
to hypothetical performance of REC that is computationally intractable. We achieve better delity
and realism than JPEG and JPEG2000 across all bit-rates and than BPG in the high bit-rate regime.

This suggests that a pretrained VDM can already be used for progressive compression with UQ via
our moment-matching scheme (see Sec8pralthough the compression performance will be much
worse compared to end-to-end trained UQDM with learned reverse-process variances.

We then examine the lossy compression performance of progressive coding. Here, we train UQDM
end-to-end with learned reverse-process variances, and perform progressive reconstruction by ances-
tral sampling. Figure plots the results in delity v.s. bit-rate and realism v.s. bit-rate. For reference,

we also show the theoretical performance of VDM using 100 discretization steps, assuming a
hypothetical REC algorithm that operates with no overhead. The results are consistent with those on
lossless compression, with a similar performance ranking famong UQDM, and a gap remains to

the hypothetical performance of VDM.

Finally, we examine the quality of unconditional samples from UQDM with varyind\lthough
our earlier results indicate worse compression performance fer5, Figure7 shows that UQDM's
sample quality monotonically improves with increasihg

5.2 CIFAR10

Next, we apply our method to natural images. We start with the CIFAR10 dataset conning2
images. We train a baseline VDM model with a smaller architecture than that uséddoya et al.
(2021, converging to around 3 bits per dimension. We use the noise schedale ( () where .
is linear int with learned endpointsr and . For our UQDM model we empirically nd that 4
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Figure 4: Progressive lossy compression performance of UQDM on the Imagenet64 dataset, compar-
ing delity (PSNR) and realism (FID) with bit-rate per pixel (bpp), using either ancestral sampling

or the denoised prediction to obtain progressive reconstructions as indicated. The VDM curve
corresponds to hypothetical performance of REC that remains computationally intractable. While
the reconstruction quality of other codecs like CDC or BPG plateaus at higher bit-rates, our method
continues to gradually improve delity and realism even at higher bit-rates where it achieves the best
results of any baseline. We beat compression performance of JPEG, JPEG2000, and CTC across all
bit-rates. Note that only UQDM, CTC, and JPEG2000 implement progressive coding.

yields the best trade-off between bit-rate and reconstruction quality. We train our model end-to-end
on the progressive coding NELBO eq) (vith learned reverse-process variances.

We compare against the wavelet-based codecs JPEG, JPEG2000, andddB@ 2018. For JPEG

and BPG we use a xed set of quality levels and encode the images independently, for JPEG2000 we
instead use its progressive compression mode that allows us to set the approximate size reduction in
each quality layer and obtain a rate-distortion curve from one bit-stream.

As shown in Figure3, we consistently outperform both JPEG and JPEG2000 over all bit-rates
and metrics. Even though BPG, a competitive non-progressive codec optimized for rate-distortion
performance, achieves better reconstruction delity (as measured in PSNR) in the low bit-rate
regime, our method closely matches BPG in realism (as measured in FID) and even beats BPG in
PSNR at higher bit-rates. The theoretical performance of compression with Gaussian diffusion (e.g.,
VDM) (Theis et al. 2022, especially with a high number of steps suchras 1000, is currently
computationally infeasible, both due to the large number of neural function evaluations required, and
due the intractable runtime of REC algorithms in the Gaussian case. Still, for reference we report
theoretical results both far = 1000 andT = 20, where the latter uses a smaller and more practical
number of diffusion/progressive reconstruction steps.

5.3 IMAGENET64 64

Finally, we present results on the ImageNet 664 dataset. We train a baseline VDM model with
the same architecture as ikilgma et al, 2021), reproducing their reported BPD of arouBud;

we train a UQDM of the same architecture with learned reverse-process variances=afdIn
addition to the baselines described in the previous section, we also compare witll€5nc( al.
2023, a recent progressive neural codec, and CB&h§ & Mandt 2023, a non-progressive neural
codec based on a conditional diffusion model that can trade-off between distortion and realism
via a hyperparametgr. We separately report results for bgih= 0, which purely optimizes the
conditional diffusion objective, and = 0:9, which prioritizes more realistic reconstructions that also
jointly minimizes a perceptual loss. For CTC we use pre-trained model checkpoints from the of cial
implementationJeon et al.2023; for CDC we x the architecture but train a new model for each
bit-rate v.s. reconstruction quality/realism trade-off.

The results are shown in Figude When obtaining progressive reconstructions from denoised
predictions, UQDM again outperforms both JPEG and JPEG2000. Our results are comparable to, if
not slightly better than, CTC, and even though the reconstruction quality of other codecs plateaus
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Figure 5: Example progressive reconstructions from UQDM trained With 4, obtained with
denoised prediction (left) or ancestral sampling (right). The latter avoids blurriness but introduces
graininess at low bit-rates, likely because the UQDM is unable to completely capture the data
distribution and achieve perfect realism (perfect realism is also dif cult to achieve also for Gaussian
diffusion, as seen in the rate-realism plot ®héis et al. 2022). Flow-based reconstructions are
gualitatively similar to the denoising-based reconstructions and can be found in Bigure

FARE PN AR
Y &Y é

bpp=2.16, bpp=7.07, bpp=15.63,
psnr=26.61 psnr=38.80 psnr=55.67

at higher bit-rates, our method continues to improve quality and realism gradually, even at higher
bit-rates. Refer to Figurelk 5 and8 for qualitative results demonstrating progressive coding and
comparison across codecs. At high bit-rates, UQDM preserves details better than other neural
codecs. UQDM with denoised predictions tends to introduce blurriness, while ancestral sampling
introduces graininess at low bit-rates, likely because the UQDM is unable to completely capture
the data distribution and achieve perfect realism. Flow-based denoising matches the distortion of
denoised predictions but achieves signi cantly higher realism as measured by FID. We note that
the ideal of perfect realism (i.e., achieving O divergence between the data distribution and model's
distribution) remains a challenge even for state-of-the-art diffusion models.

6 DISCUSSION

In this paper, we presented a new progressive coding scheme based on a novel adaptation of the
standard diffusion model. Our universally quantized diffusion model (UQDM) implements the idea of
progressive compression with an unconditional diffusion motleé(s et al. 2022 but bypasses the
intractability of Gaussian channel simulation by using universal quantizaZimmif & Feder 1992

instead. We present promising rst results that match or outperform classic and neural compression
baselines, including a recent progressive neural image compression m&tbade{ al.2023. Given

the practical advantages of a progressive neural codec — allowing for dynamic trade-offs between
rate, distortion and computation, support for both lossy and lossless compression, and potential for
high realism, all in a single model — our approach brings neural compression a step closer towards
real-world deployment.

Future work may further improve our approach to close the performance gap to Gaussian diffusion;
the latter represents the ideal lossy compression performance under a perfect realism constraint
for an approximately Gaussian-distributed data sourbei§ et al.2022. This may require more
sophisticated methods for computing progressive reconstructions that can achieve higher quality
with fewer steps, or exploring different parameterizations of the forward and reverse processes with
better theoretical properties. Finally, we expect further improvement in computation ef ciency and
scalability when combining our method with ideas such as latent diffutompach et al2022),
distillation (Sauer et a).2024), or consistency model$png et al.2023.

10
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ETHICS STATEMENT

Our work focuses on the methodology of a learning-based data compression method, and thus has no
direct ethical implications. The deployment of neural lossy compression however carries with it risks
of miscommunication and misrepresentatiyar{g et al, 2023, and needs to carefully analyzed and
mitigated with future research.

REPRODUCIBILITY STATEMENT

We include proofs for all theoretical results introduced in the main text in Appehdird B. We
include further experimental and implementation details (including model architectures and other
hyperparameter choices) in Appendix Our code can be found attps://github.com/
mandt-lab/ugdm
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APPENDIX

A FORWARD PROCESS DETAILS

A.1 GaussiAN (DDPM/VDM)

For completeness and reference, we restate the forward process and related conditionals given in
(Kingma et al, 2021). The forward process is de ned by

Azjx) = N( x; 21);

where { and 2 are positive scalar-valued functionstofAs in (Kingma et al, 2021, we de ne the
following notation shorthand which are used in the rest of the appendix: fos arty, let

2
R 2 - 2

t 2. — . — 2 _s. — s.
tjs +— T tjs *T t 2 s tljs = i Gjs == tjs~ 2 tjs - tjis™ -
S s t t

"'I\J‘U’I\.)

o |-

By properties of the Gaussian distribution, it can be shown that fobany <t T,
q(zijzs) = N( ysXi Gsl)s
A(zsjzi;x) = N (Byszt + GysXi Fl);
In particular,
a(zt 1jze;x) = N(byje 1Ze + Gjr 1X; tzjt i)
A(zijzr;x) = N (brjize + CrpeX; £
and we can use the reparameterization trick to write
Zt 1= by 1Ze+ G X+ e 6ot NO(O51);
zt = brigzr + Crjgx+ i 15 1 N (051)

A.2 UNIFORM (OURS)

Our forward process is speci ed lyfz jx) andq(z; 1jz:; x) for eacht, and closely follows that of
the Gaussian diffusion. We sgfzt jx) to be the same as in the Gaussian case, i.e.,

qzrix) = N( x5 F1);
andq(z; 1jz¢; X) to be a uniform with the same mean and variance as in the Gaussian case, such that
. P P
a(zr 1jze;x) = U(kje 1Z¢ + Gjr 1X 3 4t nbj 1Ze F G X+ 3 gt 1)
or in other words,

p__
Zy 1= by 1Ze+ G aX+ 0 12 g U U U (O 1I=;1=):

In the notation of eq.4) this corresponds to lettinig(t) = k¢ 1, c(t) = ¢t 1, ( 1) = pTZ tjt 1
It follows by algebraic manipulation that

X p_
Zy = bl'jt Zr + Crjy X + 12 vjtUv; (8)

2

=1t

where
u, U ( === v=t+1;:T

are independent uniform noise variables, and
L' 1

vit ©= vjv 1 Bij 1=
j=t+l

p

SNR(v 1) SNR(v);

- e
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where 5
SNR(s) == —:
S
It can be veri ed that
Ell = 0;
X 4
Var(! ) = Zi= 5ISNR(t)  SNR(M)I = 2,,1;
v=t+l t

or in other words, at any steapour forward-process “posterior” distributia{z;jzr ; X) has the same
mean and variance as in the Gaussian case.

A.3 CONVERGENCE TO THEGAUSSIAN CASE

We show that both forward processes are equivalent in the continuous-time limit. To allow comparison
across different number of steps we suppose that; and ; are obtained from continuous-time
schedules () : [0;1]! R* and ():[0;1]! R* (which were xed ahead of time), such that

t:= (t=T)and ¢(:= (t=T)fort=0;:::;T, for any choice off . As in VDM (Kingma et al,
2021), we assume that the continuous-time signal-to-noise saiip) := ()?= ()? is strictly
monotonically decreasing.

To obtain the continuous-time limit, we hold the “continuous” time= % xed for some 2 [0; 1),

andletT !'1 (or equivalently, let the time discretizatiqh! 0). We note that the quantitids ;;,
Crit. %‘t only depend on, and are thus well-de ned when we holdxed and letT ! 1

T fo @20,
TR O )
2
cri= A ) 20 gy
2= 2w 50 ) 5= Oy smry:
i 20) 2@~ %) '

We start by showing that ow(z;jzt; x) converges to the corresponding Gaussian distribution in
VDM in the continuous-time limit, which in turn implies the convergence of g@jx) to the
corresponding Gaussian distribution in VDM.

Theorem A.1.

Forevery xed := i 2[0;1), o(zijzr;X) '\ (brjtzr + crjex; 3, 1)asT!1

Proof.
Recall the following fact in the forward process of UQDM (see &)): (
X _
Zi = brjpzr + Crjp X + 12 yjuy; ©)
=t+l
—(z—)
where

u, U ( === v=t+1;:T
are independent uniform noise variables, and

w1 2p
vit == vy 1 Bjj 1= — SNR(v 1) SNR(v);
j=t+l t
where 5
SNR(s) == —:
S
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It therefore suf ces to show that; converges in distribution thl (0; $jt 1) in the continuous-time

limit. Since the different coordinates bf; are independent, we focus on a single coordinate and
study the continuous-time limit of a scalay, given by a sum of scaled uniform variables,
|

X P50y '
L= . 12()() snr(v?l) snr(%) Uy (10)
|
x  Pisoo0y 1 N

whereU;'s are i.i.d. U( 1=;1=) variables, and in the last step we set= n(T) = T tand
switched the summation indexjo= v t.

De ne a triangular array of variables by

SvE oY
®

_ P 1 I
Xnj = snr( + 1) snr( + 1) U5

E[Xy; ] =0, and it can be veri ed that

EX51=Var( )= %= Q(snr( ) snr(1):

- 20)

To apply the Lindeberg-Feller central limit theoremufrett 2019 Theorem 3.4.10) to ; =
Xn:1+ i+ Xpn, it remains to verify the condition

X
8 > 0; lim E[XZ 1fi Xny > ¢]=0:
n: j -1
Let > 0. Sincesnr() is continuous on a compact domdih 1], it is also uniformly continuous;
then there exists asuch that

2
jsnrxy)  snr(xa)j < % L BKuXzX1 Xof < (12)

LetT (and thusn = T  t) become suf ciently large such thét < . Then, for all suchr (and
thusn) suf ciently large, and for alf , it holds thatlfj X,; j > g =0 almost everywhere:
! !

P, T : -

x> =P 2 s e Ll s+ by uis a9
1
: () 1
= PQUj> p— g A 14
@ ]J > 12 2( ) Snr( + %) snr( + JT) ( )
byeq.@2)

PGY > 1) (15)
=0 (16)

sinceU; U ( 1=;1=), and it follows that
EIX3 Ui Xnjj> g]=0
for all j for all suf ciently largen. We conclude by the Lindeberg-Feller theorem that
t:Xn’1+...+ Xn;n |N (0, -|2—]t)

asT !'1 . Applying the above argument coordinate-wise then proves the original stateménmnt.
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Corollary A.1.1.

If we assume t and 7 to be constants, then for everyg(z;jx) N (tx; Z)asT!1
that is, our forward model approaches the Gaussian forward process of VDM with an increasing
number of diffusion steps.

Proof. As q(ztjx) = N( tx; 21) does not depend o, the joint distributionq(z;; zt jx) =
d(z¢jzT; x)q(z7jx) converges in distribution, which in turn implies convergence(afjx). The

statement then follows from the identity
z

N(z; o ¢£1)=  N(zobrjozr + crpx; £, DN (zr; 1% $1)dzr:

B BACKWARD PROCESS DETAILS AND RATE ESTIMATES

B.1 GaussiaN (DDPM/VDM)

Kingma et al.(202]) setp(z; 1jz:) = a(z¢ 1jze;x = R) = N(byjr 12t + Gje 1R tzjt )
which yields
Lt 1 =KL N (bje 12e + Cjr 1%, [th D KN (e 120 + cjr 1 Res tzj[ )
_1G s
2 o1

We have that; 1! OasT!1 ,due tothe continuity S BNR( =T) =snr( )= ()?= ()2

kx ktkgzg(SNR(t 1) SNR(t) kx RK5:

B.2 UNIFORM (OURS)

Recall that we choose each coordinate of the reverse-process pipdeljz;) to have the density

p(z: 1jzi)i = a(2) ?2U(z; = =)
zZ+ t=2 1
= - a(z)dz = *t(Gt(Z"' =) G(z =2));
z t=2
whereG; andg; are the cdf and pdf of a distribution with meap:= by, 1z + G;j; 1% and variance
g, Z:=(Z)i, X == Xj,andR := R (z;;t);. Using the shorthand; = bj; 1z + G 1x we can
derive the rate associated with ttie coordinate

Le 1=KL(U(Z « =2 o+ 2)ka(2) 22Uz =5 =)
z -
1 t+ t=2 L{l[t t=2; (+ t=2](Z)
= = log dz
t o = = (Gi(z+ =) Gi(z =)
zZ
1 t=2
-1 9Gi(z+ i+ =) G+ =) dz
t t=2 9

= h(z)

To gain some intuition for this rate, note thgiz) is lowest when most of the probability mass@f
is concentrated tightly aroureh+ ¢, which is the case whegn;  7j is small. Speci cally, ifG; is
in a distributional family with a standardized o8¢ such thatG:(z) = Go((z "t)= ¢) then

8
<1l if jZ + ¢ Atj < =
Gi(z+ + =) Gi(z+ + =2)!  Go(0) ifjz  N= =
"0 else
as ¢! 0. Thus,ifj ¢ "j =2, we obtain improved bit-rates fory that are small (relative

to (). On the other hand, as almost certaiply *¢j > 0, we can't choose arbitrarily small
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g because in that case batrex( h( =); h( =) !1 andL; !1 as 4! 0. This
further motivates the merit of learning the backwards varianceg ass (z) &, , = s (z) {=12,

allowing them to adapt tp ¢ ~¢j. Conversely, by the mean value theorem, there exists one
c2( =; =) sothat

Gi(z+ t+ =) Gi(z+ =)= q(z+ +0 t(z+ )

where the last approximation becomes more accurate for laggéf we further assume thai; is
Gaussian (or suf ciently similarp(t) becomes approximately quadratic. In that case we study

2 2 2
hz 1 2 ho+ P Ph( =)+ B En( =),
t t t

a quadratic function that exactly matcheat valuesz 2 f  =;0; =g. Finally, this results in

" z z #

%(h( =)+ h( =) 2h(0)) - z2dz + i(h( =)  h( =))) - zdz+ h(0)
t t

t=2 t=2

ol -]

[4h(0) + h( =)+ h( =)] %lOQ(Z):

where the last equality usbéz) Oandh( =)+ h( =) log(0:25) which follow from the
fact thatG; is a cdf. Empirically we note that this estimate is very accurate as long as &, ,,
demonstrating that simply matching moments as in VDM will occur a constant overhead for each
diffusion step. As seen in Figug this can be partly mitigated with smalleg but increasing the
number of diffusion step$ might still lead to an increase in ELBO. Numerical integratior.of

con rms that if 5 is close to the optimal choiceofy j ¢ “j,Lt 1! OasT!1 asinthe
Gaussian case.

B.3 FLOW-BASED RECONSTRUCTIONS

Given an intermediate lateat, ancestral sampling yields an intermediate lossy reconstruction

R p(xjzt) that requires us to repeatedly sample from the conditip(@l 1jz;) until nally
obtaining a reconstruction fromy with the help ofp(xjzg). This is equivalent to approximately
solving a reverse SDESpng et al.20219 and introduces additional noise during inference, which
can make reconstructions grainy for diffusion models with a small number of steps, as can be seen in
Figureb. Song et al(20219 further note that an alternative approximate solution to the SDE can
be obtained by deterministically reversing a “probability- ow” ODE (see dibeis et al(2022).

Speci cally, this involves repeatedly evaluatiag ; = f (z;;t), wheref for VDM is de ned as

t 1 t1 t 1 t 1
f(z;t) = it 1 t = Ze+ g t Ry (17)
t t t t

recovering the same process de ned 8o(g et al.20213. The equivalence of the continuous
limit in Corollary A.1.1, suggests that the discrete-time backward processes of UQDM and VDM
are similar enough in the sense that €¢) @lso approximately solves the implied reverse SDE of
UQDM. Thus we use eql{) to obtain ow-based reconstructions for both VDM and UQDM.
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Unconditional UQDM samples
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Figure 7: Unconditional samples from UQDM models trained with varyiingn the swirl dataset.
The sample quality improves with largér however the compression performance becomes worse
afterT > 5, as discussed in Sectidh
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Figure 6:Left: 1000samples from the toy swirl sourcRight: Additional results on swirl data. We
examined the compression performance of applying universal quantization to a pre-trained VDM
model; conceptually this is equivalent to When using xed reverse-process variances, we can directly
re-use weights from a pretrained VDM model (orange), which achieves comparable results to training
a UQDM model from scratch, even for a smaller number of timesteps.
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Figure 8: Additional results on ImageNet 64x64 dateft: Example progressive reconstructions
from UQDM trained with T = 4, obtained with ow-based denoising, as in Figur&low-based
reconstructions achieve similar distortion (as meassured with PSNR) than denoised predictions at
higher delity (as meassured with FIDRight: Ablation of the in uence of model size on validation

loss. Bars are labeled with the number of parameters for each model. Increasing the size of the
denoising network allows for smaller bitrates.
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C ADDITIONAL EXPERIMENTAL RESULTS

C.1 SWIRL DATA

We use the swirl data from the codebaseKih@ima et al, 2021); Figure6 shows1000samples

from the toy data source. We use the same denoisng nefwak in the of cial implementatios,

which consists of 2 hidden layers with 512 units each. Figuhéghlights the consequence of
CorollaryA.1.1: Because VDM and UQDM share the same continuous limit, we can use the weights
of a pretrained VDM to obtain comparable UQDM results as a UQDM model that has been trained
from scratch.

C.2 CIFAR1O0

We use a scaled-down version of the denoising network from the VDM p&jregrfa et al, 2021
for faster experimentation. We use a U-Net of depth 8, consisting of 8 ResNet blocks in the forward
direction and 9 ResNet blocks in the reverse direction, with a single attention layer and two additional
ResNet blocks in the middle. We keep the number of channels constant throughout at 128.

We veri ed that our UQDM implementation based tansorflow-compression achieves le

size close the theoretical NELBO. When compressing a single 32x32 CIFAR image, we observe le
size overhead 3% of the theoretical NELBO. In terms of computation speed, it takes our model
with xed reverse-process variance less than 1 second to encode or decode a CIFAR image, either
on CPU or GPU likely because the very few neural-network evaluations requifed @). For

our model with learned reverse-process variance, however, it takes about 5 minutes to compress or
decompress a CIFAR image, with nearly all of the compute time spent on a single CPU core. This
is because with learned reverse-process variance, each latent dimension has a different predicted
variance, and a separate CDF table needs to be built for each latent dimension during entropy coding;
the tensorflow-compression library builds the CDF table for each coordinate in a naive
for-loop rather than in parallel. Thus we expect the coding speed to be dramatically faster with a
parallel implementation of entropy coding, e.g., using@hetGPU 4 library.

C.3 IMAGENET64 64

We use the same denoising network as in the VDM palderga et al, 2021). We use a U-Net

of depth 64, consisting of 64 ResNet blocks in the forward direction and 65 ResNet blocks in the
reverse direction, with a single attention layer and two additional ResNet blocks in the middle. We
keep the number of channels constant throughout at 256. To investigate the impact of the size of the
denoising network, in addition to this con guration with 237M parameters we call UQDM-big, we
also run experiments with three smaller networks with 32 ResNet blocks and 128 channels (UQDM-
medium, 122M parameters), 8 ResNet blocks and 64 channels (UQDM-small, 2M parameters), and 1
ResNet block and 32 channels (UQDM-tiny, 127K parameters), respectively. Smaller network are
signi cantly faster and more resource-ef cient but will naturally suffer from higher bitrates, as can
be seen in Figur8.

The required number of FLOPS per pixel for encoding and decoding is strongly dominated by the
number of neural function evaluations (NFE) of our denoising network which depends on how soon
we stop the encoding and decoding process. For lossless compression we have to multiple the FLOPS
per NFE withT which is equal to 4 in our case. For lossy compression afseeps, with lossy
reconstructions obtained through a denoised prediction, we obtain the required FLOPS for encoding
and decoding by multiplying with andt + 1 respectively. The FLOPS per NFE depend on the
network size, our investigated model size require 389K, 2.3M, 105M, and 204M FLOPS per pixel, in
order from smallest to biggest model.

2https://github.com/google-research/vdm/blob/main/colab/2D_VDM_Example.
ipynb
3Around 0.6 s for encoding and 0.5 s for decoding Intel(R) Xeon(R) Gold 5218 CPU @
2.30GHz CPU; 0.5 s for encoding and 0.3 s for decoding on a sigladro RTX 8000 GPU.
“https://github.com/facebookresearch/dietgpu

20



Published as a conference paper at ICLR 2025

Figures9 and 10 show more example reconstructions from several traditional and neural codecs,
similar to Figurel. At lower bitrates the artifacts each compression codecs introduces become more

visible.
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Figure 9: Additional example reconstructions , chosen at roughly similar (high) bitrates.
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Figure 10: Additional example reconstructions , chosen at roughly similar (low) bitrates.
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