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Figure 1. Visual examples and comparisons when compressing a 4K-resolution image [38] at ultra-low bitrates. The proposed Stable-
Codec produces more realistic and consistent details with fewer bits. In contrast, VVC [10], ELIC [20] and MS-ILLM [46] reconstructions
are blurry, while PerCo [11] and DiffEIC [40] generate inconsistent details against the original images. Best viewed on screen for details.
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Abstract

Diffusion-based image compression has shown remarkable
potential for achieving ultra-low bitrate coding (less than
0.05 bits per pixel) with high realism, by leveraging the
generative priors of large pre-trained text-to-image diffu-
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sion models. However, current approaches require a large
number of denoising steps at the decoder to generate real-
istic results under extreme bitrate constraints, limiting their
application in real-time compression scenarios. Addition-
ally, these methods often sacrifice reconstruction fidelity, as
diffusion models typically fail to guarantee pixel-level con-
sistency. To address these challenges, we introduce Sta-
bleCodec, which enables one-step diffusion for high-fidelity
and high-realism extreme image compression with improved
coding efficiency. To achieve ultra-low bitrates, we first de-
velop an efficient Deep Compression Latent Codec to trans-
mit a noisy latent representation for a single-step denoising
process. We then propose a Dual-Branch Coding Structure,
consisting of a pair of auxiliary encoder and decoder, to en-
hance reconstruction fidelity. Furthermore, we adopt end-
to-end optimization with joint bitrate and pixel-level con-
straints. Extensive experiments on the CLIC 2020, DIV2K,
and Kodak datasets demonstrate that StableCodec outper-
forms existing methods in terms of FID, KID and DISTS
by a significant margin, even at bitrates as low as 0.005
bits per pixel, while maintaining strong fidelity. Addition-
ally, StableCodec achieves inference speeds comparable to
mainstream transform coding schemes. Code is available
at our project repository.

1. Introduction
Image compression is a foundational problem in signal pro-
cessing. Driven by advances in digital imaging and the
widespread use of social platforms, the volume of image
data in modern multimedia has grown exponentially, plac-
ing increasing demands on the coding efficiency of image
compression techniques. Over the past few decades, tra-
ditional codecs such as JPEG [62] and H.266/VVC [10],
along with emerging learning-based methods [4, 5, 12, 18,
19, 28, 42, 44, 45], have been widely adopted in real-world
image compression applications. However, these methods
are typically optimized for rate-distortion performance, and
often produce unrealistic and blurry reconstructions, partic-
ularly under severe bitrate constraints, as shown in Fig. 1.

To tackle this issue, generative image compression
[2, 43] optimized for human perceptual performance has
gained increasing attention. These methods are evaluated
based on the rate-distortion-perception tradeoff [8, 9, 67,
68], and progressively demonstrate their advantages in pro-
ducing visually appealing reconstructions at lower bitrates
compared to traditional codecs or common neural codecs. A
prominent research direction [3, 21, 31, 43, 43, 46, 66] in-
volves integrating a discriminator into the transform coding
pipeline [5, 20, 44], employing adversarial training to en-
hance the perceptual quality of reconstructions. Motivated
by the impressive generative capabilities, more researchers
[11, 24, 35, 40, 51, 59, 65, 69] have begun exploring the po-
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Figure 2. (Top) Illustration of our motivation. One-step dif-
fusion can produce perceptually consistent results given severely
corrupted images and a general prompt. (Bottom) Challenges in
StableCodec: how to compress a noisy latent for one-step diffu-
sion using ultra-low bitrates, and how to improve fidelity.

tential of diffusion models, particularly the generative priors
in large pre-trained text-to-image (T2I) models, to compen-
sate for severely distorted information at ultra-low bitrates
while ensuring perceptually consistent generation. A recent
study, PerCo [11], produces realistic results at an extreme
bitrate as low as 0.003 bits per pixel (bpp) using a pre-
trained latent diffusion model (LDM), highlighting the po-
tential of diffusion-based generative codecs on image com-
pression at more severe bitrates.

Despite these promising advancements, existing meth-
ods face two primary limitations inherent to diffusion mod-
els. First, they require dozens of denoising steps at the de-
coder to produce results with sufficient perceptual quality.
Second, the reconstructions often deviate from the original
images, as diffusion models typically do not guarantee re-
construction consistency. To address the first challenge, we
consider leveraging the generative priors in SD-Turbo [54],
a distilled version of Stable Diffusion 2.1 [52] that enables
real-time image synthesis in 1 to 4 denoising steps. Fol-
lowing [73], we demonstrate that SD-Turbo can produce
perceptually consistent reconstructions with a single-step
denoising process, even for severely corrupted inputs and
a general positive prompt, as shown in Fig. 2. We thus
pose an intuitive question: Can we compress a noisy latent
representation of the original image, which can be effec-
tively denoised in a single-step diffusion process, using an
ultra-low bitrate? Building on these insights, we present
StableCodec for extreme image compression, which inte-
grates SD-Turbo with the proposed Deep Compression La-
tent Codec to compress noisy latents at ultra-low bitrates for
a single-step diffusion process.

In response to the second challenge, we introduce a
Dual-Branch Coding Structure with a pair of auxiliary en-
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coder and decoder to further enhance reconstruction fidelity.
Considering the limitations of the pre-trained VAE encoder
on practical entropy coding and reconstruction consistency,
we employ a rate-distortion-oriented auxiliary encoder to
embed more entropy-aware semantic information for cod-
ing decisions. In parallel, we add an auxiliary decoder to
perform structure apportionment during the decoding pro-
cess, improving the generation guidance on the one-step de-
noising process for more consistent details. To enable end-
to-end optimization, we design a two-stage training objec-
tive that jointly optimizes bitrate and pixel-level constraints.

Benefit from these designs, StableCodec produces high-
fidelity and high-realism reconstructions at ultra-low bi-
trates as low as 0.005 bpp. Extensive experiments on CLIC
2020 [60], DIV2K [1] and Kodak [16] demonstrate that
StableCodec sets up a new state-of-the-art performance in
terms of FID [22], KID [6], and DISTS [14], outperform-
ing existing methods by significant margins. In terms of
computational complexity, StableCodec offers much faster
decoding speeds compared to other diffusion-based com-
petitors, achieving inference times comparable to those of
mainstream transform coding schemes. For practical de-
ployment, StableCodec supports inference at arbitrary reso-
lutions with memory consumption less than 9 GB.

We summarize our contributions as follows:
• We present StableCodec, an extreme image codec inte-

grating one-step diffusion and Deep Compression Latent
Codec to achieve ultra-low bitrate compression with high
realism, high fidelity and superior coding efficiency.

• We develop Dual-Branch Coding Structure to improve re-
construction fidelity. A pair of auxiliary encoder and de-
coder is introduced for semantic enhancement and struc-
ture apportionment.

• StableCodec obtains SOTA FID, KID and DISTS perfor-
mance on CLIC 2020 and DIV2K dataset, significantly
outperforms existing methods at bitrates as low as 0.005
bpp with well-preserved fidelity, and achieves compara-
ble inference speeds with mainstream neural codecs.

2. Related Work

2.1. Generative Image Compression
Learning-based image compression has shown competi-
tive potential compared to traditional methods [10, 37, 39,
58, 62], leveraging non-linear transforms and joint rate-
distortion optimization. Ballé et al. [4] introduced the first
end-to-end learned image compression framework, which
was subsequently enhanced with the hyperprior [5] and con-
text model [45]. Building on this foundation, much work
[12, 18, 19, 28, 42, 44, 49] has been devoted to improving
both rate-distortion performance and model practicality.

In practical scenarios, a key challenge is achieving ex-
treme image compression at ultra-low bitrates while main-

taining both fidelity and realism [2]. Traditional image
codecs optimized for rate-distortion often produce blurry
reconstructions and noticeable artifacts. To address this,
Mentzer et al. [43] introduced HiFiC and the concept
of generative image compression, integrating GANs into
codec optimization and evaluating performance in terms of
the rate-distortion-perception tradeoff [8, 9, 67, 68]. Sub-
sequent research can be broadly categorized into two main
approaches. The first category [3, 21, 31, 43, 46] focuses on
enhancing transform coding [5, 20, 44] for human percep-
tion by incorporating adversarial losses and optimized dis-
criminator architectures, which typically can be extended
to a wide range of bitrate and a flexible decoding control
between fidelity and realism [3, 31]. The second category
[11, 24, 35, 40, 51, 59, 65, 69] leverages diffusion models
for generative image compression. Although these methods
show promise for ultra-low bitrate compression, they are of-
ten constrained by reconstruction fidelity and inference ef-
ficiency due to the multi-step denoising process. Recently,
GLC [26] introduced transform coding in the generative la-
tent space of VQ-VAE [15, 61], achieving more visually
appealing results at ultra-low bitrates.

2.2. Generative Models and Few-Step Diffusions
Generative models play a crucial role in image genera-
tion. While many architectures, such as VAEs [30] and
GANs [17], have been explored, diffusion models [55] have
emerged as a powerful alternative, achieving state-of-the-
art synthesis quality. Inspired by non-equilibrium statistical
physics [55], diffusion models learn to reverse a noise per-
turbation process through a Markovian framework. Recent
advancements, such as DDPM [23], DDIM [56], and LDM
[52], have significantly reduced computational complexity
and improved image synthesis quality, making diffusion-
based approaches a dominant force in generative modeling.

To address the inefficiency of iterative denoising, several
approaches [53, 54, 57, 70] aim to reduce the number of de-
noising steps while maintaining generation quality. These
methods train diffusion models to approximate the full de-
noising trajectory in a single or a few steps, significantly
improving inference efficiency. Notably, SD/SDXL-Turbo
[54] demonstrates image generation in 1 to 4 steps with
near-parity quality compared to multi-step models, making
real-time diffusion-based applications [48, 63, 73] feasible.

3. Method

3.1. Overview
In this section, we introduce the overall framework of the
proposed StableCodec, built upon SD-Turbo [54] with a
VAE encoder ESD, a VAE decoder DSD and a denoising
Unet ϵSD. As shown in Fig. 3, we incorporate a Deep
Compression Latent Codec to perform extreme transform
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Figure 3. The framework of StableCodec. We incorporate the proposed Deep Compression Latent Codec to transmit a noisy latent lT for
one-step denoising, where 64× denotes a spatial compression ratio of 64. To adjust the latent resolution, we deploy DownSample block
and Conv3×3 as adapters after the VAE encoder ESD and auxiliary encoder EAux, respectively. We use a general prompt in both training
and inference. The auxiliary decoder DAux shares a similar structure with gs. More details on networks are provided in the supplementary.

coding in the VAE latent space. To adapt SD-Turbo for
image compression, we integrate LoRA [25] into ESD and
ϵSD, while keeping DSD unchanged to preserve the genera-
tive priors [73]. Additionally, we introduce a Dual-Branch
Coding Structure to enhance reconstruction fidelity, utiliz-
ing an auxiliary encoder EAux to embed rich semantic infor-
mation and an auxiliary decoder DAux to perform structure
apportionment. Finally, we optimize StableCodec end-to-
end with joint bitrate and pixel-level constraints, achieving
high-fidelity and high-realism extreme image compression.

3.2. Deep Compression Latent Codec
We design our latent codec using the extreme analysis trans-
form ga, extreme synthesis transform gs and a 4-step au-
toregressive entropy model. To reach ultra-low bitrates, we
employ deep compression transform networks for both ga
and gs. Specifically, ESD and DSD provide a latent space
with a spatial compression ratio of 8 (abbreviated as 8×).
Unlike mainstream schemes [18, 20, 26, 28, 40, 42, 49] that
perform entropy coding at 16×, we further downsample and
apply entropy coding for ŷ at 64× and the hyperprior [5] at
256×. Consequently, we use gs to restore the spatial com-
pression ratio to 8× for ϵSD and DSD. The entire coding
process can be formulated as follows:

l = concat[ESD(x), EAux(x)] (1)
y = ga(l), ŷ = Q(y), lT = gs(ŷ) (2)

l0 = [lT −
√
1− ᾱT · ϵSD(lT , T )] /

√
ᾱT (3)

x̂ = DSD(l0 +DAux(ŷ)) (4)

In Eq. (1), we first obtain an intermediate latent l from the
input image x through ESD and EAux. Eq. (2) is the latent-
space transform coding process to produce a noisy latent
lT using ultra-low bitrates. Eq. (3) displays the one-step
denoising process with the noise schedule {ᾱt} [23] in the
T -th timestep. Finally, in Eq. (4), the reconstruction x̂ is
obtained from l0 and ŷ using DSD and DAux. To balance
performance and coding latency, we construct efficient ga
and gs with InceptionNeXt [72] and GatedCNN [71], and
build a 4-step antoregressive entropy model with quadtree
partition [36] and latent residual prediction [44].

3.3. Dual-Branch Coding Structure
While deploying the proposed latent codec with LoRA en-
ables image compression with SD-Turbo at ultra-low bi-
trates, the reconstruction fidelity is limited. In this section,
we analyze the reasons and introduce Dual-Branch Coding
Structure with a pair of auxiliary encoder and decoder, EAux

and DAux, to further enhance compression performance.

3.3.1. Entropy-Aware Semantic Enhancement
We observed that the VAE in SD-Turbo has several limita-
tions when reconstruction fidelity and practical coding are
required. As noted in [52] and Table 1, this VAE is pre-
trained for perceptual compression, which does not preserve
pixel-level fidelity as well as a rate-distortion-oriented au-
toencoder from a typical neural codec [20]. Additionally,
while this VAE provides a compressed representation of the
original image, it is still in floating-point format and not op-
timized for practical entropy coding, making it less suitable
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Table 1. Reconstruction quality of VAEs on Kodak [16]. The
pre-trained VAE in SD performs perceptual compression, while
the one in ELIC [20] preserves more pixel-level information.

VAE PSNR↑ MS-SSIM↑ LPIPS↓ DISTS↓
SD 26.65 0.9318 0.0726 0.0415

ELIC 40.40 0.9961 0.0555 0.0707

OriginalChannel 2Channel 1 Channel 4Channel 3
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Figure 4. Top-energy channels learned from different encoders.
EAux embeds more pixel-level semantic information into latents.

for further latent-space ultra-low bitrate compression.
Building on these insights, we introduce the analysis

transform of a pre-trained high-bitrate ELIC model [20] to
serve as an auxiliary encoder EAux. EAux remains frozen,
and provides rich, entropy-aware semantic information of
the input images. To combine the latents from different en-
coders, we introduce trainable adapters that align the latent
resolutions to a spatial compression ratio of 16, followed by
channel-wise concatenation. During optimization, various
pieces of information are learned from different encoders
as shown in Fig. 4, where more pixel-level semantic infor-
mation is embedded into the latent codec through EAux.

3.3.2. Structure Apportionment
The reconstruction quality of StableCodec heavily depends
on how the denoising Unet is conditioned. Since a fixed
prompt is used for both training and inference, the one-step
denoising process is primarily guided by lT , which is pro-
duced by gs. This places high demands on the capability
of gs, resulting in unsatisfactory denoising guidance, as re-
flected in the reconstructions shown in Fig. 5 (b).

To alleviate the decoding burden on gs, we introduce an
auxiliary decoder DAux to perform an additional decoding
branch from ŷ, bypassing the Unet. This design is moti-
vated by the observation that an extremely compressed bit-
stream contains mainly the basic structure of images. We
distribute and decode these components directly from the
bitstream using the auxiliary branch, allowing gs to focus
primarily on producing guidance to generate realistic de-
tails. Fig. 5 compares StableCodec that is trained with or
without DAux. When trained without DAux, gs produces
all types of information as it is the only decoding branch.
When trained with DAux, structural information is routed
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(b) Reconstruction comparison, trained w. or w/o 𝒟Aux

Figure 5. Impact of DAux on latents and reconstructions.

through DAux, while the energy in gs latents drops signif-
icantly. Meanwhile, more semantically aligned details are
reconstructed in Fig. 5 (b), suggesting gs now provides bet-
ter high-frequency guidance for the denoising Unet ϵSD.

3.4. End-to-End Training Objective
We adopt end-to-end optimization with joint bitrate and
pixel-level restrictions to train StableCodec. Given the orig-
inal image x, the quantized latent ŷ and the reconstructed
image x̂, we construct our training objective based on the
standard rate-distortion loss:

λR(ŷ) +D(x, x̂) (5)

where the bitrate R and pixel-level distortion D are bal-
anced by the Lagrange multiplier λ.

Inspired by [20, 44], we train StableCodec with a 2-stage
implicit bitrate pruning (IBP) strategy. We first train a base
model using a smaller λbase, adapting the latent codec into
SD-Turbo under a relaxed bitrate constraint, and warming
up with a more expressive transform. In the second stage,
we finetune the shared base model with larger λtarget to
reach ultra-low target bitrates. IBP facilitates efficient and
stable training, resulting in improved performance.

The distortion term D includes MSE, LPIPS (using VGG
features) [74] and a CLIP [50] distance LCLIP , for which
we compute the L2-distance between the CLIP embeddings
of x and x̂. Note that this term is a simplified version from
[34], and we find it beneficial for reconstruction at ultra-
low bitrates. Additionally, we follow [73] and incorporate
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Figure 6. Rate-distortion and rate-perception curve comparisons of different methods on the CLIC 2020, DIV2K and Kodak dataset.

a GAN loss Ladv to narrow the distribution gap between
x and x̂. We use DINOv2 [47] with registers [13] as the
discriminator backbone [33]. To ensure stable training, we
incorporate the GAN only in the second training stage. The
full objective can be formulated as:

Stage I : argmin
θ

λbaseR(ŷ) +D(x, x̂) (6)

Stage II : argmin
θ

λtargetR(ŷ) +D(x, x̂) + βLadv (7)

D(x, x̂) = d1MSE(x, x̂) + d2LPIPS(x, x̂)

+ d3LCLIP (x, x̂)
(8)

where θ represents all trainable parameters in StableCodec
(Fig. 3), d1, d2, d3 and β are balancing weights.

4. Experiments
4.1. Implementation
Training Details. We use the training set of DF2K [41] and
CLIC 2020 Professional [60] to train StableCodec. Dur-
ing training, we use 512×512 patches with a batch size of
8. The first training stage takes over 100k iterations with a

learning rate of 1e−4 and a λbase of 0.5 (about 0.05bpp).
In the second stage, we finetune the base model for an-
other 20k iterations with GAN incorporated and λtarget ∈
{2, 3, 4, 6, 8, 12, 16, 24, 32}, while the learning rate under-
goes 5e−5, 2e−5, 1e−5 and 1e−6 for 5k iterations each. We
set d1, d2, d3 and β to 2, 1, 0.1 and 0.1, repectively. All
models are trained using 2 RTX 3090 GPUs.
Test Data. We evaluate StableCodec on the test set of
CLIC 2020 Professional [60] (CLIC 2020 Test), the vali-
dation set of DIV2K [1] (DIV2K Val) and Kodak [16] fol-
lowing [26, 40]. CLIC 2020 Test and DIV2K Val contain
428 and 100 high-quality 2K-resolution natural images, re-
spectively, while Kodak contains 24 natural images with a
smaller resolution of 768×512. We evaluate all images with
the original resolution as detailed in the supplementary.
Evaluation Metrics. We employ established metrics to as-
sess the rate-distortion-perception performance of Stable-
Codec. Concretely, we measure bitrate by bits per pixel
(bpp), and evaluate perceptual quality using FID [22], KID
[6], DISTS [14] and LPIPS [74] (using AlexNet features by
default). Meanwhile, we use PSNR and MS-SSIM [64] to
measure the reconstruction fidelity. We follow [26, 40, 46]
to calculate FID and KID on 256×256 patches, and neglect
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the results on Kodak as it is too small for calculating. Note
that pixel-level distortion metrics like LPIPS, PSNR and
MS-SSIM have strong limitations when evaluating image
compression at ultra-low bitrates [11, 14, 26, 35]. There-
fore, for StableCodec, we focus primarily on FID, KID, and
DISTS, which offer a more accurate assessment of quality
in severely compressed images. We also provide user study
in the supplementary to visually validate the results.
Compared Methods. We compare StableCodec with
advanced image compression methods: (1) Traditional
Codec H.266/VVC [10] by VTM-23.0 intra coding, (2)
Neural Codec ELIC [20], (3) Generative Codec HiFiC
[43], Text+Sketch [35], MS-ILLM [46], PerCo [11], EGIC
[31], DiffEIC [40], TACO [34] and GLC [26]. Note that
some methods do not release models for ultra-low bitrates,
we either re-train or finetune existing weights to reach spe-
cific bitrates. For PerCo and GLC that do not have official
codes, we use PerCo (SD) [32] as a substitute, and request
for the results of GLC under the same evaluation approach1.
We equip PerCo and Text+Sketch with the same inference
strategy for a fair comparison on high-resolution images.

4.2. Main Results
4.2.1. Rate-Distortion-Perception Performance
Fig. 6 presents the rate-perception and rate-distortion
curves of various methods at ultra-low bitrates over CLIC
2020 Test and DIV2K Val. The proposed StableCodec out-
performs all compared methods in terms of FID, KID, and
DISTS. Specifically, StableCodec shows a significant im-

1We acknowledge the authors of [26] for kindly providing their results.

Table 2. Encoding and decoding seconds averaged on Kodak.

Type Method #Steps Enc. T Dec. T
VAE- ELIC [20] - 0.155 0.245
based MLIC++ [27] - 0.364 0.319
GAN- HiFiC [43] - 0.143 0.337
based MS-ILLM [46] - 0.139 0.316

Text+Sketch [35] 25 113.252 33.560
Diffusion- PerCo [11] 20 0.287 3.742

based DiffEIC [40] 50 0.676 7.423
StableCodec (Ours) 1 0.159 0.326

provement over H.266/VVC and ELIC on all perceptual
metrics. Compared to generative codec especially previous
SOTA GLC [26], StableCodec demonstrates superiority and
stability on FID and KID performance with well-preserved
fidelity, and reaches extreme bitrates as low as 0.005 bpp.
Although TACO [34] achieves the best LPIPS performance,
it fails to ensure visual quality as FID, KID and DISTS
scores are high. The PSNR and MS-SSIM results on CLIC
and DIV2K are displayed in the supplementary.

4.2.2. Qualitative Comparisons
We provide qualitative results among compared methods
in Fig. 7. Notably, StableCodec generates more visually-
aligned details and realistic textures at ultra-low bitrates,
such as the teeth and murals shown in the first and third
rows. In contrast, all other methods fail to produce high-
realism results with well-preserved fidelity due to the se-
vere bitrate restriction. For example, ELIC and MS-ILLM
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Table 3. Ablation study on EAux and DAux.

Model BD-rate↓ on the Rate-Y curves
Variants PSNR MS-SSIM LPIPS DISTS

Base 0 0 0 0
+ EAux -20.63% -22.05% -23.04% -28.13%

+ EAux & DAux -23.96% -28.12% -40.66% -54.89%

Table 4. Ablation study on LoRA ranks (ESD/ϵSD/DSD).

LoRA BD-rate↓ on the Rate-Y curves
Ranks PSNR MS-SSIM LPIPS DISTS
8/8/- 0 0 0 0

8/16/- 1.21% -0.35% -4.67% -5.28%
16/16/- -5.62% -3.27% -6.41% -12.78%
16/32/- -7.12% -5.31% -13.43% -17.96%
32/32/- -5.98% -5.69% -11.21% -16.70%
32/64/- -5.15% -4.98% -12.95% -17.34%
16/32/4 -21.77% -12.28% -8.27% -5.13%

produce blurry reconstructions, while PerCo and DiffEIC
deviate from the original images. EGIC and TACO exhibit
noticeable artifacts, particularly in detailed areas.

4.2.3. Computational Complexity
We compare the practical complexity of StableCodec with
representative schemes in Table 2 using a single RTX 3090
GPU. Among representative image compression schemes,
Diffusion-based methods [11, 35, 40] typically suffer from
a much longer decoding time compared to VAE-based
[20, 27] or GAN-based [43, 46] competitors due to multi-
step denoising. In contrast, StableCodec reaches compara-
ble encoding and decoding speed against these methods ex-
ploiting one-step denoising, deep compression transforms
and efficient entropy model, while achieving significantly
better performance at ultra-low bitrates. Detailed runtime
analysis is provided in the supplementary. In terms of mem-
ory, StableCodec consumes less than 9 GB VRAM with
tiling techniques [29, 63], supporting arbitrary-resolution
inference on a single GTX 1080Ti GPU.

5. Ablation Studies
In this section, we conduct ablations to validate the pro-
posed components. For reliable comparison, we compute
the BD-rate [7] with Rate-Y curves on Kodak [16] using
four target bitrates, where Y denotes specific metrics among
PSNR, MS-SSIM, LPIPS, and DISTS.
Auxiliary Encoder and Decoder. We begin by providing
numerical results for the auxiliary coding branch in Table
3. Specifically, we construct a base model without EAux

and DAux, and a variant with EAux only. When EAux is in-
corporated, more than 20% bits can be saved to reach the

Table 5. Ablation study on the training strategy components.
Implicit bitrate pruning is abbreviated as IBP. The base one-stage
objective only contains bitrate, MSE and LPIPS.

Training Strategy BD-rate↓ on the Rate-Y curves
IBP Ladv LCLIP PSNR MS-SSIM LPIPS DISTS

- - - 0 0 0 0
✓ - - -24.12% -13.67% -21.37% -16.60%
✓ ✓ - 24.41% 9.88% -36.18% -49.24%
✓ ✓ ✓ 13.29% 5.70% -38.99% -52.95%

same reconstruction quality. Subsequently, DAux further
improves the performance particularly in perceptual qual-
ity. As shown in Fig. 5, the purified gs latent provides better
guidance for reconstruction consistency.
LoRA Ranks. We explore the impact of LoRA ranks in
Table 4. Positive results are observed in both distortion and
perception as the ranks increase to 16/32, which become our
final choice. For larger ranks like 32 and 64, we observe
performance degradation as the pre-trained priors may be
corrupted. Besides, adding LoRA to the VAE decoder in-
troduces a distortion-perception tradeoff, where PSNR and
MS-SSIM improve at the cost of LPIPS and DISTS. To pre-
serve perceptual quality, we leave the decoder unchanged.
Training Strategy. We perform ablations on our training
strategy components in Table 5. We construct a simplified
one-stage objective with bitrate, MSE and LPIPS, then pro-
gressively integrate the two-stage implicit bitrate pruning
(IBP), adversarial training Ladv and the CLIP distance term
LCLIP . We find that IBP improves performance consider-
ably by first adapting the latent codec into the T2I model
with relaxed bitrate constraint. Furthermore, incorporating
GAN introduces a significant distortion-perception tradeoff
since we primarily focus on the perceptual quality. Besides,
the CLIP distance alleviates the degradation in distortion
and slightly improves perceptual quality.

6. Conclusion

In this work, we introduce StableCodec, a novel diffusion-
based extreme image compression approach that addresses
key limitations of existing methods. By leveraging one-step
diffusion in combination with Deep Compression Latent
Codec and Dual-Branch Coding Structure, StableCodec
achieves ultra-low bitrate compression with high realism,
fidelity, and coding efficiency. Extensive experimental eval-
uations on benchmark datasets demonstrate the superiority
of StableCodec in terms of FID, KID, and DISTS, even at
extreme bitrates as low as 0.005 bpp, while enabling com-
petitive speeds with mainstream transform coding methods.
These results underscore the potential of diffusion models
for practical image compression, particularly in real-time
coding scenarios where bitrate is severely constrained.
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