Single-step Diffusion for Image Compression at Ultra-Low Bitratess
Supplemental Material

1. Implementation Details

Our method adopts the SWIN-Transformer [1] U-Net archi-
tecture used in ResShift [2] for the base branch, and we train
the entire model from scratch. For the quantization module,
we use a pretrained VQGAN [3]. Specifically, for the two
higher bitrate points, we extract features from layer f8 with
codebook sizes of 64 and 256. For the two lower bitrate
points, we use features from layer f16 with codebook sizes
of 256 and 8192, respectively. Training is performed using
the AdamW optimizer with a batch size of 8 and a learning
rate of Se-5, for a total of 60,000 iterations. All experiments
are conducted on the NVIDIA TITAN RTX GPU.

Training procedure As illustrated in Algorithm [, the
training pipeline jointly optimizes the encoder, VQ mod-
ule, residual fusion adapter, and diffusion-based decoder.
The encoder produces latent features, which are vector-
quantized with a learned codebook. These quantized latents
are perturbed with Gaussian noise and refined through the
residual fusion module before being denoised by the dif-
fusion model. The reconstructed output is then decoded and
optimized with a combination of reconstruction, perceptual,
and VQ losses.

Inference procedure As shown in Algorithm 2, during
inference, the input image is first encoded and quantized us-
ing the VQ module. The quantized latent is then perturbed
by Gaussian noise and refined via residual fusion, followed
by a single-step denoising process. The final quantized la-
tent is decoded to reconstruct the image, enabling fast and
high-quality decompression.

2. Additional Experiments

FPS-Rate comparison of image compression methods
As shown as Fig. |, we analyze the decoding speed
(FPS) and rate—distortion trade-off (LPIPS BD-Rate) on the
CLIC2020 dataset. Right—top indicates better performance.
Our proposed single-step method (red star) achieves the best
trade-off, delivering both significantly faster decoding and
superior perceptual quality. Competing approaches require

Algorithm 1: Training

Input: Image X

Output: Encoder &, Diffusion model Dy, Adapter A, Code-
book C, Decoder D

x <+ £(X) {Encode input}

y, Lvq < VQ(z) {Vector quantize latent}
Sample € ~ N(0,I)

Z < y + nqe {Forward process}

z + A(Z,y){Residual Fusion}

% < Dp(z) {Reverse process}

X « D(&) {Decode quantized latent}
Lreeon + [|X = X3

Lpercept = Lipips (X, X)

Liotal < Lrecon + )\L:percepl + Lvq

Update model parameters to minimize Ly

Algorithm 2: Inference

Input: Original image X
Output: Reconstructed image X
x < £(X) {Encode input}

y < VQ(z) {Quantize latent}
Sample € ~ N(0,1)

Z < y + nqe {Forward process}
z +A(Z,y) {Residual Fusion}
Z + Dy(z) {Reverse process}

X « D(&) {Decode quantized latent}

multiple diffusion steps and therefore suffer from lower de-
coding speed.

Additive analysis. We further analyze the effect of noise
modulation and the number of diffusion steps on recon-
struction quality. As shown in Figure 2, increasing the noise
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Figure 1. FPS-Rate comparison of image compression methods on
CLIC2020. Right-top is better.

modulation level 1 consistently improves perceptual qual-
ity (lower LPIPS), with the best performance achieved at
n = 0.9. Visual comparisons confirm that higher n values
preserve perceptual details more faithfully, reducing over-
smoothing and enhancing fidelity.

In addition, Figure 3 compares reconstructions under
different numbers of diffusion steps. Without denoising (0
step), the quantized latent exhibits strong artifacts, reflected
by low PSNR (16.5) and high LPIPS (0.50). A single de-
noising step significantly improves quality, reducing LPIPS
to 0.25 and DISTS to 0.14, while also boosting PSNR
to 21.7. However, applying excessive denoising (15 steps)
oversmooths the image, leading to a higher LPIPS (0.29)
despite slightly increased PSNR. These results highlight the
effectiveness of our single-step diffusion approach in bal-
ancing fidelity and perceptual similarity.

Additive qualitative results. We provide qualitative
comparisons on the Kodak and CLIC2020 datasets. As
shown in Figure 4 and Figure 5, our method preserves
sharper textures and clearer structural details compared to
both autoencoder-based (ELIC) and diffusion-based (Dif-
fEIC) codecs, while operating at lower bitrates and sig-
nificantly higher decoding speed. For instance, fine struc-
tures such as roof tiles and wood grain are faithfully re-
constructed by our approach, whereas competing methods
produce either over-smoothed or distorted patterns.

In addition, Figure 6 presents qualitative results on the
CLIC2020 dataset. Our single-step model achieves per-
ceptually faithful reconstructions at ultra-low bitrates (e.g.,
0.042 bpp), successfully maintaining subtle textures such as
fabric details and skin tones. In contrast, ELIC exhibits no-
ticeable blur, and DiffEIC often introduces artifacts. These
results highlight the ability of our method to deliver high
perceptual quality across diverse datasets, even under chal-

lenging compression settings.
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Figure 2. LPIPS score and visual comparisons under varying noise modulation levels 7. The plot (top) shows that higher values of 7
yield better perceptual quality (lower LPIPS). The reconstructions (bottom) demonstrate that as n™* increases, perceptual details are more
faithfully preserved, reducing oversmoothing and enhancing visual fidelity. The best performance is achieved at = 0.9, as marked in the
plot.

Original 0 step 1 step 15 step
PSNR 16.5 21.7 23.6
LPIPS 0.50 0.25 0.29
DISTS 0.28 0.14 0.17

Figure 3. O step: The reconstruction is directly decoded from the quantized latent without any refinement. It exhibits strong quantization
artifacts, with low PSNR (16.5) and high LPIPS (0.50), indicating poor perceptual quality. 1 step: A single-step denoising significantly
improves perceptual fidelity, reducing LPIPS to 0.25 and DISTS to 0.14, with a large PSNR gain to 21.7., 15 steps: Further denoising
slightly improves PSNR (23.6) but increases LPIPS to 0.29, suggesting that excessive denoising may oversmooth fine textures and harm
perceptual similarity.
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Figure 4. Qualitative examples on the Kodak dataset.
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Figure 5. Qualitative examples on the Kodak dataset.
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Figure 6. Qualitative examples on the CLIC2020 dataset.
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