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Figure 1. Visualization of the 3 gaps we address in this work. Failure to match the noise level (middle columns) results in either too noisy
or too smooth images. Inconsistent noise types (middle-right) introduces generative artifacts and color shift. Applying diffusion to discrete
data (far right) causes flat textures as well as color shift. Addressing all three gaps (middle-left) results in the most realistic reconstruction
that best matches the source image (far left).

Abstract

Generative neural image compression supports data repre-

sentation at extremely low bitrate, synthesizing details at the

client and consistently producing highly realistic images.

By leveraging the similarities between quantization error

and additive noise, diffusion-based generative image com-

pression codecs can be built using a latent diffusion model

to “denoise” the artifacts introduced by quantization. How-

ever, we identify three critical gaps in previous approaches

following this paradigm (namely, the noise level, noise type,

and discretization gaps) that result in the quantized data

falling out of the data distribution known by the diffusion

model. In this work, we propose a novel quantization-

based forward diffusion process with theoretical founda-

tions that tackles all three aforementioned gaps. We achieve

this through universal quantization with a carefully tailored

quantization schedule and a diffusion model trained with

uniform noise. Compared to previous work, our proposal

produces consistently realistic and detailed reconstructions,

even at very low bitrates. In such a regime, we achieve

the best rate-distortion-realism performance, outperform-

ing previous related works.

1. Introduction

In today’s data-driven world, the field of neural image
compression (NIC) [7, 8, 35] has experienced significant
growth, with increasing demand for more effective codecs.
As NIC performance continues to improve, recent efforts
have focused on achieving compression at even lower bi-
trates [24, 31]. Here, generative models excel, leveraging
their ability to synthesize textures effectively under strin-
gent information constraints.

Recently proposed methods [19, 31, 36] use diffusion
models [18, 33] as an expressive decoder to produce highly
detailed, realistic reconstructions, especially at extremely
low bitrates. This is achieved by conditioning the diffu-
sion model on information extracted from the source im-
age and generating a new image that attempts to match
the source as closely as possible. We refer to this as the
Conditioning-based Diffusion Image Compression (CDIC)
strategy. However, latent diffusion models [32] also support
a different paradigm for lossy image compression. Quanti-
zation error can be modeled as noise [7, 15], and given that
diffusion models are denoising models, one can directly ap-
ply them to the data to remove quantization artifacts [31].
We coin this strategy “Dequantization”-based Diffusion Im-
age Compression (DDIC). Following this paradigm pro-
vides several benefits, such as reduced decoding time (due
to the small number of diffusion steps compared to the full
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generation process) and increased flexibility to use founda-
tion models as minimal architecture changes are needed.

Although DDIC is a promising approach, we identify
three gaps in previous works in this area (detailed in Sec-
tion 3): the noise type, the noise level, and the discretization

gaps. The noise type gap represents the difference in distri-
bution between quantization error and Gaussian diffusion
models. The noise level gap refers to the possible mismatch
in the expected signal-to-noise ratio of the partially noisy
data versus the actual ratio. The discretization gap arises
from passing discrete data to a continuous diffusion model.
Leaving these gaps unsolved causes the data to fall out of
the distribution of the diffusion model, negatively impact-
ing the final reconstruction quality (see Fig. 1).

To tackle the above gaps, we propose a new
theoretically-founded quantization-based diffusion forward
process that places the quantized data perfectly along the
diffusion trajectory. Our proposed forward process uses
universal quantization to close the discretization gap and
introduces a new quantization schedule that dictates the
signal-to-noise ratio of the quantized data – which closes
the noise level gap. Finally, we solve the noise type gap
using a diffusion model trained with uniform noise, thus
matching the distribution of the quantization error. We addi-
tionally show that such a uniform noise diffusion model can
be efficiently obtained by fine-tuning existing Gaussian dif-
fusion models. Following our proposal, we build an image
codec that produces more realistic and detailed reconstruc-
tions than previous methods while being able to operate at
a wider range of target bitrates.

In summary, our contributions are:

• We identify three gaps that negatively affect the perfor-
mance of DDIC codecs: i) the noise type gap, ii) the noise
level gap, and iii) the discretization gap.

• We propose a novel diffusion-based image codec which
solves all the three gaps. We introduce a novel
quantization-based forward diffusion process, to close the
discretization and noise level gaps, and utilize a uniform
noise diffusion model to close the noise type gap.

• We establish the validity of latent uniform noise diffusion
models and show that one can be efficiently obtained by
finetuning a foundation Gaussian diffusion model.

• We validate our proposed method on various datasets and
evaluation criteria, showing improved quantitative and
qualitative results, particularly at very low bitrates.

2. Background and Related Work

2.1. Neural Image Compression

Neural image compression (NIC) codecs [7, 8, 24, 25]
convert between images and bitstreams via transform cod-
ing [7], where an image x is transformed to a representation
y that is then converted to bitstream. In such methods, the

forward transform ga and reverse transform gs are param-
eterized by a neural network of arbitrary architecture, e.g.,
a VAE (Variational Autoencoder) [21] or a GAN (Genera-
tive Adversarial Network) [13]. Converting between latent
and bitstream, performed by an entropy model [7, 8, 25], is
similarly parameterized by a neural network. Critically, en-
coding to bitstream requires discrete symbols, and thus, the
continuous output of ga must first be discretized. Formally,

ŷ = →ga(x)", x̂ = gs(ŷ), (1)

where →·" denotes the rounding operation, ŷ is the quan-
tized latent representation, and x̂ is the reconstructed image.
This discretization results in a loss of information and intro-
duces error, negatively affecting the reconstruction quality.
A common solution is to simulate this behavior during op-
timization [4, 7, 8], training the networks to be robust to the
error despite the discrepancy between the encoded discrete
representation and continuous data seen during training.

One advantage of NIC compared to traditional (non-
learned) compression methods is that they can be directly
optimized for the rate-distortion tradeoff, i.e., the balance
between compression cost and reconstruction quality:

L = R(ŷ) + λ ·D(x, x̂), (2)

where R(ŷ) is the cost of compression, D(x, x̂) is a met-
ric representing the similarity between the input and output
images, and λ is a hyperparameter controlling the tradeoff
between the two terms.

2.2. Diffusion Models

Diffusion models [33, 34] define a process that models the
transition between random noise and structured data. When
the forward (data to noise) and reverse (noise to data) pro-
cesses are divided into small steps, the transition between
each step is the addition or removal of a Gaussian noise
sample. The full diffusion process is thus a traversal be-
tween a series of timesteps t ∈ [N, 0]. While this process is
iterative, one can also express the partially noisy diffusion
variable yt at any given t in terms of the original data y0

and a noise sample ε:

yt =
√
αty0 +

√
1− αtε, ε ∼ N (0, I), (3)

where αt (known as the “variance schedule”) defines the
ratio of signal and noise at every t and increases as t → 0.
In practice, the reverse diffusion process is intractable and
thus parameterized by the diffusion model, which learns to
iteratively denoise yt by stepping through t = {N, ..., 1, 0}.
In DDIM [34] (the sampling strategy of diffusion models
we use in this work) the partially denoised data yt−1 can be
computed from the noisy data yt with:

yt−1 =
√
αt−1ỹ0 +

√

1− αt−1εθ(yt, t) (4)
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where εθ(yt, t) is a forward pass of the diffusion model,
which takes yt and the current timestep t as input, and ỹ0 =
f(εθ(yt, t), t) is an estimation of the fully denoised data
which is computed from the output of the diffusion model
and the current timestep.

Latent diffusion models [32] move the diffusion process
to the latent space of a VAE. This yields efficiency gains
as the diffusion model operates in a lower-dimensional rep-
resentational space, allowing for image generation at high
resolutions. Our proposed pipeline (Section 4) builds on la-
tent diffusion, taking advantage of such efficiency gains for
generative image compression.

2.3. Diffusion-based Image Compression

Most diffusion-based image compression works follow the
CDIC paradigm, in which an efficient data representation
is extracted from the image and then used to condition the
generative diffusion process at the decoding time. The con-
ditioning signal often takes the form of some spatial infor-
mation, such as a learned embedding [11, 36], an image
compressed via another codec [14, 19], or an edge or color
map [6, 23]. It can also be an unstructured content variable,
for example, text from an image captioning model [11] or
a CLIP embedding [6, 23]. The extracted conditioning sig-
nal is then injected into the diffusion generation process by
concatenation to the diffusion model input [11, 14, 19] or in-
termediate layers [36], via cross-attention [6, 11, 23, 28], or
through a ControlNet [23, 39]. Regardless of the modality,
such a paradigm often requires training the diffusion model
from scratch so that it can accept the respective condition-
ing modality. Additionally, due to the iterative diffusion
process, conditionally sampling an image requires a long
decoding time, limiting practicality.

Most similar to our proposal, Relic et al. [31] follow the
dequantization paradigm (DDIC) and use a latent diffusion
model to remove artifacts introduced during quantization.
They adaptively quantize the data by training a parameter
estimation module that predicts quantization parameters, in-
troducing a variable amount of error to the signal. There-
fore, they must predict the number of denoising steps to
perform at the receiver, corresponding with the quantiza-
tion noise. While following the dequantization paradigm
brings them substantial gains in computational efficiency,
Relic et al.’s formulation suffers in the three areas discussed
in Sec. 3, which results in sub-optimal reconstructions and
a limited range of practical target bitrate. As will be clear
during the next two sections, in this work we solve such is-
sues proposing a method that has the advantages of Relic et

al., while still allowing realistic constructions on a broader
range of bitrates.

Finally, like our proposal, a concurrent work [3] also in-
vestigates uniform noise diffusion models in the context of
image compression. They formulate a diffusion model us-

ing uniform noise whose objective function corresponds to
compression cost and build a progressive codec around this
model. While encouraging, their method focuses on bitrates
several orders of magnitude larger than our proposal. Addi-
tionally, it operates in the computationally expensive pixel
domain and thus their method is only shown to be effec-
tive on small resolution images. As a result, the practical
use of their codec is not yet feasible. In contrast, by build-
ing on the latent diffusion framework, our proposal is sig-
nificantly more efficient than [3] and is able to work with
high-resolution images.

3. Open problems in DDIC Methods

3.1. Noise Type Gap

Quantization error in many domains (such as the latent do-
main) is commonly known in signal processing to be well
approximated by uniform noise [7, 15]. However, diffu-
sion models assume a Gaussian noise structure as it aligns
with natural data distribution assumptions and facilitates
tractable modeling. This results in the noise type gap —
a discrepancy between the quantization error (well approx-
imated by uniform noise) and the Gaussian noise used in
the diffusion process. This misalignment means that when
a Gaussian denoising model interacts with uniform quanti-
zation noise, the model fails to correctly predict the actual
noise characteristics, resulting in generative artifacts. (see
Fig. 1, Noise Type Gap). Specifically, the mismatch can lead
to visually disruptive effects such as unnatural color shifts,
texture inconsistencies, and artificial patterns that degrade
the realism and fidelity of the generated image.

While theoretical frameworks exist which support uni-
form noise diffusion models [3, 16, 29] they are shown to
be effective only on toy datasets and small resolution im-
ages. This limitation prevents the real-world applicability
of uniform diffusion models, and thus any practical codec
following the dequantization paradigm must use a Gaussian
diffusion model and suffers from the noise type gap.

3.2. Discretization Gap

The neural decoders in NIC methods, despite being conti-
nous models, must operate on discrete representations ex-
tracted from the transmitted bitstream; most methods build
robust decoders which minimize the resulting negative ef-
fects [7, 8]. However, building a similarly robust diffu-
sion model in this context is impossible, since they model
transitions between continuous states and are inherently un-
able to handle discrete inputs. We term this behavior the
discretization gap —the incompatibility between using dis-
crete input data with continuous diffusion models.1 Under
the discretization gap, small variation in the input data is

1Note our definition represents a different, although related, phe-
nomenon than described in Yang et al. [37], despite the same name.
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Figure 2. Architecture of our proposed method. An input image is first encoded to the latent space of a diffusion model and discretized
according to the quantization stage of our proposed forward process. The discrete data is transmitted across the channel, subject to the
post-quantization stage of our forward process, denoised by the diffusion model, and decoded back to image space. The user-input timestep
parameter dictates the quantization parameters according to our proposed quantization schedule, as well as the number of denoising steps
performed by the diffusion model.

eliminated, which leads to flat textures and loss of detail,
and using a large quantization bin size causes blocking arti-
facts and color shifts due to the low resolution of the color
palette (Fig. 1, Discretization Gap).

3.3. Noise Level Gap

Diffusion image generation assumes a fixed progression
through the variance schedule, which dictates the noise level
at each t. It is therefore critical to ensure a match in noise
level between the forward and backward process (i.e., t
must be the same in both Eq. (3) and Eq. (4)); failure to
do so violates the equations which form the theoretical ba-
sis of diffusion models. However, when using a different
forward process, as done in DDIC, it is possible for the for-
ward and reverse processes to not align. This is the noise

level gap - a difference in the actual noise level of the diffu-
sion variable versus what is expected at any timestep. Intu-
itively, the diffusion model either over- or under-estimates
the noise in the variable throughout the diffusion process,
which results in either noisy or overly smoothed image re-
constructions (Fig. 1, Noise Level Gap).

Other works which follow the DDIC paradigm [31] es-
timate both quantization parameters (i.e. how much noise
is introduced) and the number of denoising iterations (i.e.
how much noise to remove), thus estimating independent ts
for Eqs. (3) and (4). While this technique may predict ap-
proximately close ts, small changes in the variance sched-
ule have significant impact on final image quality [12, 20].
Thus, even a well learned approximation of noise level pro-
duces suboptimal end results and care should be taken to
eliminate the noise level gap completely.

4. Method

Next, we build a solution that solves the three gaps identi-
fied in Section 3. Our pipeline, shown in Fig. 2, follows the
DDIC paradigm of a latent diffusion model with our pro-
posed forward process.

4.1. Universal quantization diffusion compression

Improved forward diffusion process One of our key
contributions to closing the aforementioned gaps is an im-
proved forward diffusion process. The goal is to formulate
this process with quantization, such that a discrete variable
can be encoded to bitstream, while maintaining the noise
characteristics of the original diffusion variance schedule.
We begin with the standard forward process (a slight reor-
ganisation of Eq. 3):

yt =
√
αty0 + ε, ε ∼ N (0, (1− αt)I), (5)

We propose to introduce universal quantization to the
forward noising process in order to obtain a discrete vari-
able for entropy coding. Universal quantization [38, 40] is
hard quantization dithered by a uniform random variable.
This has the unique property of being equal in distribution
to simply adding another sample (from an identical random
variable) to the original unquantized variable:

ŷ = →y−u"∆+u
d
= y+u′, u,u′ ∼ U [−∆/2,∆/2], (6)

where →·"∆ denotes rounding to a bin of width ∆.
We begin to construct our new forward process by com-

bining Eqs. (5) and (6) and separating into quantization and
post-quantization stages: 2

ŷt = →
√
αty − u"∆t

+ u, u ∼ U [−∆t/2,∆t/2] (7)

ẑ = →
√
αty − u"∆t

, ŷt = ẑ+ u. (8)

Eq. (7) already solves the discretization gap. Compared
to hard quantization, which passes the discrete data directly
to the decoder (as in Eq. (1)), our output ŷt is once again a
continuous variable; the addition of a uniform noise sample
moves the data back into continuous space.

2Note ∆ and ∆t are equivalent, we use the latter to explicitly denote
that ∆ can vary as a function of the diffusion step t.
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We now shift our focus on bridging the noise level gap,
which is done by matching the signal-to-noise ratio (SNR)
of yt and ŷt for all t. Via Eq. (7), SNR(ŷt) can be con-
trolled by adjusting the quantization bin width and uniform
noise support, defined in terms of ∆t. Thus, to close the
noise level gap, we must match the noise levels of yt and
ŷt:

SNR(ŷt) = SNR(yt) ∀t ∈ {T, ..., 0}. (9)

We therefore introduce a quantization schedule, which
varies ∆t as a function of t. Our quantization schedule can
be matched with the diffusion variance schedule by substi-
tuting Eqs. (3) and (7) into Eq. (9) and solving for ∆t:

3

∆t =
√

12(1− αt) (10)

Our proposed quantization-based forward process simul-
taneously eliminates both the discretization and noise level
gaps, via universal quantization and the quantization sched-
ule, respectively. An added benefit of our quantization
schedule is that t also becomes a rate-distortion tradeoff
parameter, as the quantization bin width directly impacts
the final size of the compressed bitstream. Additionally,
because diffusion models can denoise data at any arbitrary
timestep, our method supports compression to multiple bi-
trates with a single model by accepting t as user input at
inference time.

For any t = τ , ∆τ is computed via Eq. (10) by in-
dexing into αt at timestep τ and used in Eq. (7) to pro-
duce ŷτ , which is denoised by the diffusion model over
t ∈ {τ, ..., 1, 0}. τ must be known by both sender and re-
ceiver and is transmitted as side information for negligible
bit cost.

Uniform noise diffusion model Depsite existing formu-
lations for a uniform noise diffusion model [3, 16, 29],
we have experimentally been unable to train such a model
on images of practical resolution with reasonable compute
budget. However, [3] show that uniform diffusion models
are equivalent to Gaussian diffusion models as t → ∞,
and thus we theorize that a uniform diffusion model can
be efficiently obtained by starting from a pretrained Gaus-
sian diffusion model. We find that this can be achieved by
finetuning a foundation diffusion model and exchanging the
Gaussian noise for uniform noise. As diffusion models are
sensitive to changes in the variance schedule [12, 19, 20],
we find it most effective to leave it unchanged, despite the
change in distribution. In our scenario of adapting a Gaus-
sian diffusion model to uniform noise, this is done by draw-
ing ε ∼ U(−

√
3,
√
3) in Eq. (3) during training.

3We provide a derivation in the Supplementary Material.

4.2. Implementation

Architecture For the architecture of the latent transforms
and diffusion model, we use Stable Diffusion v2.1 [32]. ga
and gs remain frozen and we finetune the diffusion model.
However, we note that our proposed forward process and
uniform noise finetuning can be implemented with any pre-
trained latent diffusion model, and we select Stable Diffu-
sion due to its publicly available code and model weights
and its widespread use in the image generation community.

Entropy coding is performed with a mean-scale hyper-
prior entropy model [25] and asymmetric numeral sys-
tems (both implemented via CompressAI [9]). As we take
the Stable Diffusion VAE as ga and gs, we utilize only the
entropy model, consisting of hyperprior encoder and de-
coder and conditonal entropy bottleneck. Due to the signif-
icantly fewer latent channels of the Stable Diffusion VAE
compared to other VAE-based NIC codecs, we similarly
reduce the channel depth of the hyperprior transforms to
32 (i.e., M = 32 in [9]).

Optimization Our method is optimized in two distinct
stages. In the first stage, we finetune the pretrained Gaus-
sian diffusion model to operate with uniform noise. We fol-
low the original training strategy (including objective func-
tion) of Stable Diffusion, except for sampling ε from a uni-
form distribution of unit variance rather than a standard nor-
mal Gaussian (see Sec. 4.1). Our model is trained for 100k
steps on a subset of the LAION Improved Aesthetics 6.5+
dataset with batch size 8 and learning rate 1e−5. We ad-
ditionally employ input perturbation [27] as this has been
shown to improve sampling quality. The VAE encoder and
decoder are kept frozen.

In the second stage we freeze ga, gs, and the diffusion
model and train only the entropy model to efficiently encode
ẑ to bitstream and back. Notably, since all image transform
modules are frozen and the entropy coding stage is lossless,
we optimize only on the rate objective of Eq. (2). We ran-
domly sample t ∈ {1, 5, 10, 20, 30, 40, 45} during training
- the function of the entropy model is an accurate probabilty
model of the quantized data, and as the distribution of ẑ is
dependent on input parameter t, we vary it to reflect opera-
tion conditions at inference time. This range of t was chosen
as we employ DDIM sampling with a maximum of 50 steps
and thus elect to sample a wide range of possible values.
We perform the second training stage over the Vimeo90k
dataset and and crop each image to 2562 resolution. We use
batch size 8 and learning rate 1e−4.

5. Experiments

5.1. Datasets

We evaluate our method on the following datasets: Ko-

dak [22], containing 24 images of 768 × 512 (or trans-
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Figure 3. Progression of image quality between our method and Relic et al. [31] as bitrate decreases. Their reconstructions are significantly
worse at lower bitrates while ours maintain high realism at all bitrates. Best viewed digitally.

pose); for larger images, CLIC2020 [2], containing 428
images approximately 2000px on the longer side; and MS-

COCO 30k, used in recent compression works to measure
realism [5, 19]. We prepare the data as discussed in Agusts-
son et al. [5] to produce 30,000 images of 2562 resolution.

5.2. Metrics

For image quality evaluation, we use three primary metrics:
FID, LPIPS, and MS-SSIM. FID [17] is a metric which
assesses the realism of generated images. We follow re-
cent work [19, 24, 32] and evaluate FID on 2562 image
patches.4 Kodak does not contain enough images to com-
pute FID score, thus on this dataset we evaluate only on the
other metrics. LPIPS serves as a perceptual distortion met-
ric, aiming to assess human-like visual similarity between
images. For pixelwise fidelity, we use MS-SSIM. Together,
these metrics provide a robust evaluation of realism, per-
ceptual similarity, and pixel-level accuracy.

It is important to note that at low bitrates, pixelwise met-
rics such as MS-SSIM and PSNR do not accurately reflect
the quality of reconstructed images [10, 11]. In fact, it
is mathematically proven that achieving high performance
in pixelwise distortion necessarily decreases visual qual-
ity [10]. As one of our goals is to produce realistic and
perceptually pleasing images, we do not focus on perfor-
mance measured by MS-SSIM.

4The patching process is detailed in Appendix A.7 of Mentzer et
al. [24].

5.3. Baselines

The codecs proposed by Relic et al. [31], Hooge-
boom/etal (HFD) [19], and Yang and Mandt (CDC) [36]
are used as baselines to compare against diffusion-based
methods. We only include quantitative comparisons against
CDC as it operates in a significantly higher bitrate range,
and thus a fair qualitative comparison is not feasible. Ad-
ditionally, evaluation with Relic et al. on CLIC2020 is
not possible as their method cannot compress large reso-
lution images. While other diffusion-based compression
methods exist [6, 11], we cannot evaluate on them as no
code or reconstructions are available. We also compare to
MR [5], MS-ILLM [26], and HiFiC [24], all GAN-based
approaches, to provide a baseline to other generative image
compression codecs. As a reference of traditional compres-
sion methods, take VTM 19.2 [1], the state of the art in
non-learned codecs.

Additional detail on how we produce baseline results is
provided in the Supplementary Material.

5.4. Results

Quantitative results are shown in Fig. 4. Our model
achieves superior rate-realism performance on MS-COCO
30k below 0.1bpp and remains competitive with Relic et

al. at higher rates. On the larger resolution images of
the CLIC20 dataset, we achieve the best results among
diffusion-based methods and similar performance as MS-
ILLM over a wide range of bitrates. When evaluating with
LPIPS and MS-SSIM, we achieve the best performance
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Figure 4. Rate-realism (left) and rate-distortion (right) performance of our method compared to Relic et al. [31], HFD [19], CDC [36],
MR [5], MS-ILLM [26], and HiFiC [24].

Figure 5. Rate-distortion results of our ablation study on the Ko-
dak dataset.

below 0.08bpp. Above this rate, our performance suffers
when measured by MS-SSIM, consistent with the findings
of Blau and Micheli [10] and other generative compression
works [11, 24].

Qualitatively, as shown in Fig. 6, our method consis-
tently produces more detailed and accurate textures than
HFD, especially noticeable in the red door and flowers. The
reconstructions of Relic et al. significantly change the color
compared to the ground truth, best shown in the sky and
statue. Our proposed method does not suffer from such arti-
facts and produces the most realistic reconstructions, main-
taining a high accuracy to the original content while remain-
ing free of any color shifts.

As one of our goals is to improve DDIC at low bitrates,
we examine the progression of image quality as bitrate de-
creases in Fig. 3. While Relic et al. introduce gray color
into the sky and over-saturate the wood grain or water, the
reconstructions of our method maintain a high perceptual
quality even into the extremely low bitrate range.

5.4.1 Ablation

To examine the impact of our proposed changes on over-
all performance we ablate the uniform diffusion model (by
denoising with a Gaussian diffusion model) and univer-
sal quantization (by using hard quantization instead, i.e.,
ẑ = →√αty"). The ablations are performed on the Kodak
dataset and results shown in Fig. 5. Our proposed changes
improve the reconstruction quality of output images, espe-
cially at low bitrates. This further shows the negative effects
of leaving the three gaps unsolved, and reinforces that our
proposed changes remove a barrier preventing DDIC-based
methods from performing well at low bitrates.

6. Conclusion

While codecs following the DDIC paradigm benefit from
increased computational efficiency and flexibilty of pre-
trained models, we show that there are three main barriers
blocking effective compression to extremely low bitrates:
the noise level gap, the noise type gap, and the discretiza-
tion gap. Our proposed quantization-based diffusion pro-
cess and uniform noise diffusion model close these gaps,
showing improved results at low bitrates while minimally
affecting performance at higher rates. We additionally are
the first to show that uniform diffusion models work in the
latent domain and on images of practical resolution, vali-
dating previous theoretical results. Furthermore, we are the
first to show that such models can be efficiently obtained by
finetuning a Gaussian diffusion model on the desired distri-
bution. Potential future work includes addressing possible
misgeneration of content, particularly in structural details at
low birates.

Ethical Concerns. Generative compression, while pow-
erful, raises ethical concerns due to the potential for mis-
predictions or misgeneration, where the model reconstructs
details inaccurately or in a misleading way, potentially al-
tering important information. Future research must focus on

2455



Figure 6. Qualitative comparison of our method to Relic et al. [31], HFD [19], and VTM [1] on the Kodak dataset. Bitrates are also
expressed as a percentage of our method. Best viewed digitally.

addressing these risks, minimizing unintended alterations
and maintaining the integrity of compressed data.
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