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Supplementary Material

This supplementary provides additional discussion on:
• Section A. Further ablation study and discussion.
• Section B. Additional performance comparison.
• Section C. Study of user preference for AEIC-SE.
• Section D. Network structures of AEIC models.
• Section E. Detailed training and inference procedures.
• Section F. Third-party models and evaluation methods.
• Section G. Potential future directions based on AEIC-SE.

A. Further Ablation and Discussion

Effect of High-Resolution Finetuning. As a supplement
to Fig. 8 and its accompanying discussion, Fig. 9 provides
a visual comparison of 2K-resolution reconstructions from
AEIC-SE trained with and without high-resolution finetun-
ing (HRF). After applying HRF, AEIC-SE produces recon-
structions with more faithful and visually coherent local
textures while using fewer bits. For example, the stem and
contour of the berry become sharper and more consistent
with the original content, whereas the water textures appear
more realistic and better aligned with natural patterns.
Lightweight Encoder for Extreme Bitrate. We further in-
vestigate whether lightweight encoders can be applied to
StableCodec [31], one of the latest ultra-low bitrate im-
age compression methods. StableCodec employs a complex
multi-stage encoder that includes the Stable Diffusion VAE
encoder, the ELIC encoder [11], and a latent-space trans-
form encoder to produce a 64× downsampled latent. As
shown in Fig. 3 (a), these components result in 47.16M en-
coder parameters in total. To examine the encoder complex-
ity, we replace StableCodec’s encoders with our moderate
encoder (3.09M parameters) used in AEIC-ME, while keep-
ing all other modules and training strategies unchanged. We
test two variants with spatial compression ratios of 32 and
64, denoted as StableCodec-ME (32×) and StableCodec-
ME (64×). As shown in Fig. 10, StableCodec-ME (64×)
achieves performance comparable to the original Stable-
Codec, whereas StableCodec-ME (32×) even surpasses the
baseline on all four metrics. These results support our find-
ing that ultra-low bitrate compression does not require a
large or expressive encoder, since the latent information is
fundamentally constrained by the bitrate budget.
Decoder Architectural Pruning. We next provide a de-
tailed analysis of the decoder architecture, specifically the
unconditional denoiser ϵSD and lite VAE decoder DSD in-
troduced in Section 3.1.2. We begin by constructing a base
AEIC-ME model using the original conditional denoiser
ϵSD and VAE decoder DSD from SD-Turbo. Following
[6], we remove the text encoder, timestep embeddings, and
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Figure 9. Qualitative comparison on AEIC-SE models trained with
or without high-resolution finetuning (HRF), using 2K resolution
images from the CLIC 2020 test set. Best viewed on screen.
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Figure 10. StableCodec [31] performance on Kodak when replac-
ing original encoders with our moderate encoders (ME) of differ-
ent spatial compression ratios (abbreviated as StableCodec-ME).

all cross-attention layers from ϵSD, since textual conditions
contribute negligibly reconstruction quality in image com-
pression [22], and the timestep input degenerates to a con-
stant in one-step denoising. As shown in Table 6 (Variant
1), this pruning removes over 75M parameters and converts
ϵSD into an unconditional denoiser (from Eq. 6 to Eq. 4),
while also slightly improving overall performance.

StableCodec (Table 6) [31] indicates that decoding la-
tency is dominated by DSD. To further improve decoding
efficiency, we replace the original VAE decoder with a lite
version [6] that prunes 50% of its channels (Variant 2). Ta-
ble 6 shows that this reduces parameters from 49.5M to
12.4M, while incurring less than 1% performance degra-
dation relative to Variant 1. This efficiency-performance
balance is reasonable because ultra-low bitrate compression
(below 0.05 bpp) inherently cannot fully exploit the repre-



Table 6. Ablation study on the decoder architecture pruning. We
first construct a base AEIC-ME model with the original condi-
tional denoiser ϵSD and VAE decoder DSD in SD-Turbo. Then, we
construct “Variant 1” by removing text encoders, timestep embed-
dings, and all cross-attention layers from ϵSD, transforming ϵSD
into an unconditional denoiser. In “Variant 2”, we further replace
the original DSD with a lite version [6] using only 50% channels.

Model
Params. (M) BD-rate (↓%) on Kodak
ϵSD DSD PSNR MS-SSIM LPIPS DISTS

Base 865.9 49.5 0 0 0 0
Variant 1 790.6 49.5 -1.29 -1.39 -0.23 -0.39
Variant 2 790.6 12.4 -0.37 -0.46 +0.38 +0.60

Table 7. Reconstruction quality of different methods on Kodak.
SD VAE stands for the VAE used in SD-Turbo and SD 2.1.

Method PSNR↑ MS-SSIM↑ LPIPS↓ DISTS↓
SD VAE 26.65 0.932 0.073 0.041

SD VAE (w. lite DSD) 26.56 0.930 0.079 0.046
AEIC-ME (0.038 bpp) 23.30 0.832 0.143 0.082

sentational capacity of the original VAE decoder. Table 7
further compares reconstruction performance across meth-
ods, indicating that even the highest bitrate setting of AEIC-
ME produces reconstructions substantially worse than the
SD VAE itself. Therefore, a lite decoder is sufficient for
maintaining quality while enabling faster decoding.
Selection of Perceptual Loss. Table 8 reports the impact of
different perceptual losses when finetuning AEIC-ME un-
der ultra-low bitrates. Unlike commonly adopted LPIPS,
which measures latent-level distortion using VGG features,
we employ DISTS [8], which imposes statistical constraints
and provides more effective supervision for texture fidelity
under extreme bitrates. In practice, we adopt the overlap-
chunked edge-aware DISTS (OC-EA-DISTS) [16, 25], a re-
cent variant tailored for different patch sizes and designed to
jointly evaluate structure and texture similarity. As shown in
Table 8, using OC-EA-DISTS sacrifices distortion fidelity
slightly but leads to improved perceptual quality, which is
more critical in ultra-low bitrate scenarios.

B. Additional Performance Comparison
Rate-Distortion-Perception Comparison on Kodak. Fig.
12 shows the rate-perception and rate-distortion compar-
isons on the Kodak dataset [7]. Since Kodak contains only
24 images at a resolution of 768×512, we follow prior
works [13, 26, 31] and omit FID [12] and KID [3] due to
their unreliability on small datasets. We compare AEIC
with the traditional codec H.266/VVC [4] using VTM-
23.13 intra mode, a distortion-oriented neural codec ELIC
[11], and several state-of-the-art perceptual-oriented ultra-
low bitrate methods including MS-ILLM [21], GLC [13],
PerCo [5], DiffEIC [18], DLF [26], and StableCodec [31].
Both AEIC-ME and AEIC-SE achieve the best perceptual

Table 8. Ablation study on the perceptual loss Lp. We train AEIC-
ME models using similar strategies as described in Section 3.3,
only vary the selection of Lp in Stage 2 between LPIPS [30] and
overlap-chunked edge-aware DISTS (OC-EA-DISTS) [16, 25].

Model Lp Selection
BD-rate (↓%) on Kodak

PSNR MS-SSIM LPIPS DISTS

AEIC-ME
LPIPS 0 0 0 0

OC-EA-DISTS +9.90 +7.14 -5.19 -20.35
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Figure 11. User preference study on Kodak comparing AEIC-SE
against traditional codec H.266/VVC [4] and advanced learning-
based generative codec DLF [26] and StableCodec [31].

performance (e.g., LPIPS and DISTS) across all bitrates. In
terms of distortion, AEIC-ME and AEIC-SE remain com-
petitive among advanced perceptual-oriented codec, while
significantly outperforming them in perception.

Additional Visual Comparison. Fig. 15 presents ad-
ditional qualitative results on 512×512 patches from the
Kodak dataset. We compare AEIC-SE with H.266/VVC
(VTM-23.13 intra), as well as strong ultra-low bitrate base-
lines DLF and StableCodec. AEIC-SE consistently recon-
structs more visually coherent structures and textures us-
ing fewer bits. Figs. 16-21 further provide comparisons
on 2K-resolution images from the CLIC 2020 test set and
DIV2K validation set. Across all resolutions and content
types, AEIC-SE delivers the most visually consistent results
while operating at the lowest bitrate, reinforcing its superior
capability for ultra-low bitrate perceptual compression.

C. User Study

We conducted a user preference study based on side-by-side
visual comparisons. In each case, we display the ground-
truth image and two reconstructions at similar ultra-low bi-
trates: one produced by AEIC-SE and the other produced
by a competitor (H.266/VVC, DLF and StableCodec). The
left-right order of the two reconstruction methods was ran-
domized to prevent positional bias. We invited 15 users.
Each participant evaluated 24 cases. Fig. 11 shows a clear
preference, where AEIC-SE received 96.2% of the votes
against H.266/VVC, 82.7% against DLF and 72.1% against
StableCodec, indicating consistently better visual quality.



D. Model Structure

The overall structure of AEIC models are detailed in Fig. 13
and Fig. 14. Our codec consists of an analysis transform ga,
a synthesis transform gs, and an entropy model. We follow
[17, 31] to construct our entropy model with a pair of hyper
transform [1] and a 4-step quadtree-partitioned autoregres-
sive context model. The major networks and hidden dimen-
sions are detailed in Fig. 14, exploiting efficient convolution
blocks [19, 27, 28]. The synthesis transform gs produces
two latents, lT and lres, following the dual-branch decod-
ing format [31]. Note that AEIC-ME and AEIC-SE only
differ in the analysis transform ga and the entropy model as
detailed in Fig. 14 and summarized in Table 1. Regarding
the one-step diffusion, we set the LoRA rank in the uncondi-
tional Unet denoiser ϵSD to 32, while keeping the pretrained
VAE decoder DSD [6] frozen throughout AEIC training.

E. Training and Inference Details

AEIC-ME training. Stage 1 for AEIC-ME takes over
300K iterations, using 512×512 patches and a batch
size of 8. On 2× RTX 3090 GPUs (24GB memory),
this process requires 4 gradient accumulation steps and
an actual batch size of 1 for each GPU. The learning
rate degrades from 1e−4 to 5e−5 after 280K iterations.
{λS1, γ1, γ2, γ3} are set to {1, 2, 1, 0.1}, respectively. Stage
2 takes over 30K iterations, increasing the batch size to
32. The learning rate starts from 5e−5, then degrades to
{2e−5, 1e−5, 5e−6, 1e−6} at {10, 25, 28, 29}K iterations.
λS2 chooses from {2, 4, 8, 16, 32} for different ultra-low bi-
trates. α is set to 0.1. The total training for AEIC-ME re-
quires approximately 9 days on 2× RTX 3090 GPUs.
AEIC-SE training. Stage 1 for AEIC-SE takes over 200K
iterations, using 512×512 patches and a batch size of
8. This process requires 2 gradient accumulation steps
and an actual batch size of 2 for each GPU. The learn-
ing rate degrades from 1e−4 to 5e−5 after 180K itera-
tions. {λS1, γ1, γ2, γ3, β1} are set to {1, 2, 1, 0.1, 0.5}, re-
spectively. After 180K iterations, we drop Lenc and re-
set {λS1, γ1} to {1.1, 0.5} for fast convergence. Stage
2 takes over 30K iterations, using 512×512 patches and
a batch size of 32. The actual batch size and gra-
dient accumulation step for each GPU are set to 1
and 16. The learning rate starts from 5e−5, then de-
grades to {2e−5, 1e−5, 5e−6, 1e−6} at {10, 25, 28, 29}K
iterations. λS2 chooses from {2, 4, 8, 16, 32} for dif-
ferent ultra-low bitrates. {γ1, γ2, γ3, α, β2} are set to
{0.5, 1, 0.05, 0.05, 0.001}, respectively. After 20K itera-
tions, we drop Ldec for fast convergence. Stage 3 for AEIC-
SE takes over 5K iterations, using 1024×1024 patches and a
batch size of 8. The actual batch size and gradient accumu-
lation step for each GPU are set to 1 and 4. Gradient check-
pointing is activated. The learning rate starts from 2e−5,

then degrades to {1e−5, 5e−6, 1e−6} at {3, 4.5, 4.8}K iter-
ations. {λS3, γ1, γ2, γ3, α} remains the same as Stage 2.
The total training for AEIC-SE also requires about 9 days.
Inference Strategy. We use similar tiling and color fix
strategies [23, 29, 31] for high-resolution images. Specif-
ically, for AEIC-ME we set Unet tile size to 96 with an
overlap of 32, and the VAE decoder tile size to 160. Since
AEIC-SE has been finetuned on 1024×1024 patches, we set
Unet tile size to 192 with an overlap of 64. 16-bit color fix
[31] is employed when using tiling strategies for inference.

F. Third-Party Models and Evaluation
Ultra-low Bitrate Image Codec. We evaluate GLC [13],
DiffEIC [18], ResULIC [14], OSCAR [9], DLF [26] and
StableCodec [31] using the official code and pretrained
weights. We finetune MS-ILLM [21] using the official code
and the pretrained weight (at the lowest available bitrate) to
reach ultra-low bitrates. For PerCo [5], we rely on a com-
munity implementation [15] and the pretrained weights as
the official code is not available.
Distortion-Oriented Neural Image Codec. We evaluate
EVC-Small [10] by the official code and pretrained weights.
For ELIC [11], we follow the implementation in Compres-
sAI [2], and train models for ultra-low bitrates.
Traditional Codec. VTM-23.13 is the reference software
for H.266/VVC [4]. We install the software according to the
official instructions. For RGB images, we manage RGB-
YUV420 transformation using FFmpeg following [17].
Implementation of Evaluation Metrics. We construct
PSNR, MS-SSIM [24] and DISTS [8] metrics using PyIQA
with default settings, while implement LPIPS [30], FID [12]
and KID [3] metrics using TorchMetrics. FID and KID
are evaluated by splitting images into overlapped 256×256
patches following the protocol in [21].

G. Future Work
In this work, we primarily focus on the feasibility of ap-
plying shallow encoder for source-limited ultra-low bitrate
image compression senders. While the proposed AEIC-
SE demonstrates strong perceptual quality, real-time prac-
tical encoding efficiency, and competitive decoding speed
at ultra-low bitrates, a key challenge lies in further reduc-
ing the decoding latency, since achieving truly real-time
decoding at extreme bitrates remains difficult due to the
computational overhead of generative reconstruction. Fu-
ture research may investigate more compact generative pri-
ors, hardware-friendly decoder designs, and novel decoder
pruning mechanisms that preserve perceptual fidelity while
significantly lowering computational costs. We hope these
directions will inspire continued advancement toward effi-
cient, deployable, and perceptually optimized ultra-low bi-
trate image compression systems.
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Figure 14. Modules in AEIC models. Specifically, our transforms (ga, gs, ha and ha) employ StarBlock [19], an efficient convolution
network based on element-wise multiplication. The context model follows a similar implementation of StableCodec [31] with shared Ba-
sicBlocks (consists of InceptionNeXt [28] and GatedCNN [27]) and independent Adapters (a single resblock to adjust channel dimensions).
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