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1. Method Details

Model Architecture. The overall architecture is illustrated
in Fig. 1. Our entropy model follows the classical hyper-
prior framework and further incorporates the autoregressive
context model introduced in StableCodec [24]. Different
from StableCodec, we replace the original context mod-
ules with a lightweight DepthConvBlock [13], which sig-
nificantly reduces computational complexity while preserv-
ing effective spatial–channel context modeling capability.
Given the quantized latent representation ẑ, the autoregres-
sive module predicts the Gaussian distribution parameters
(µ,σ) via a 4-step autoregressive procedure. These param-
eters are then fed into an arithmetic coder to convert quan-
tized symbols into a bitstream during encoding, or to recon-
struct symbols from the bitstream during decoding.

Resolution Generalization. DiT-IC adopts a Diffu-
sion Transformer without positional encoding (NoPE) [14],
avoiding positional extrapolation issues commonly encoun-
tered in standard Transformers. By removing positional
embeddings, the model does not bind representations to
fixed spatial indices, thereby improving length and resolu-
tion generalization. Although trained on small patches, the
model generalizes reliably to higher resolutions at inference
time without architectural modification.

Self-Distillation Alignment. The key idea is to collapse
multi-step diffusion supervision into a self-aligned single-
step objective without introducing an external teacher
model. We adopt alignment-style objectives to approx-
imate diffusion behavior under a one-step formulation,
and term this strategy Self-Distillation Alignment to dis-
tinguish it from conventional teacher–student distillation
methods. This formulation preserves diffusion-style super-
vision while avoiding additional model overhead.

Variance–Timestep Mapping. As shown in Fig. 4, the
predicted variance exhibits a strong correlation with com-
pressed noise (with cosine similarity up to 0.94). From
a variational inference perspective, higher latent variance
corresponds to higher conditional entropy and greater re-
construction uncertainty, which manifests as stronger noise
components. This observation motivates a monotonic
variance-to-timestep mapping strategy: larger variance is
mapped to a larger diffusion timestep, implying stronger
denoising. Consequently, entropy modeling and timestep
prediction are naturally aligned. Empirically, blocking gra-
dients from the F : σ → t branch results in negligible
bitrate change, indicating that joint optimization introduces
minimal conflict between compression and diffusion objec-
tives.

Distortion–Perception Trade-off. Under a fixed in-
formation rate, distortion and perceptual quality can-
not be simultaneously optimized, as established by the
rate–distortion–perception trade-off principle [3, 4, 19].
DiT-IC adheres to this information-theoretic constraint,
which explains why perceptual optimization may lead to
reduced PSNR. The trade-off is controlled by the weight-
ing parameter λ in Eq. (10). In practice, sweeping λ pro-
duces smooth distortion–perception operating curves, al-
lowing flexible control over reconstruction fidelity and per-
ceptual realism.

2. Captions Generated by a VLM

To avoid manual annotation and ensure scalable supervi-
sion, we employ a Vision–Language Model (VLM) to au-
tomatically generate semantic captions for training. Specif-
ically, we adopt InternVL [6, 22], which is consistent with
the captioning pipeline used in the original text-to-image
DiT-SANA [23] pretraining. Representative caption exam-
ples produced by the VLM are shown in Fig. 2.

3. More Implementation Details

Our DiT-IC model is trained on two NVIDIA RTX Pro 6000
GPUs using PyTorch 2.8.0 and CUDA 12.8. For fair com-
parison, we reproduce several open-source baselines within
the same environment to obtain detailed results. Due to dif-
ferences in software versions and numerical kernels, minor
deviations from the originally reported numbers may occur.

The training consists of two stages. In Stage 2, we ini-
tially disable the adversarial loss by setting λadv = 0, and
enable it only after 30% of iterations to stabilize optimiza-
tion. We also gradually anneal the contrastive co-alignment
loss that aligns latent embeddings with text embeddings,
controlled by a temperature parameter τ . This loss is used
only during the initial 30% of Stage 2 to provide early
semantic guidance while avoiding unstable or noisy text-
driven updates in later iterations.

After the two-stage training, the model typically reaches
a stable convergence point. At this stage, the Self-
Distillation Alignment module becomes less essential, and
jointly finetuning the entire model—including the en-
coder—could potentially yield further improvements. Al-
though encoder finetuning is not included in this work, ex-
ploring this unified training strategy remains a promising
direction for future research.
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Figure 1. Overall architecture of our model. The entropy model is based on the hyperprior framework and an autoregressive context model
similar to StableCodec [24], but replaces heavy components with lightweight DepthConvBlocks [13].

Table 1. Quantitative perceptual comparison between DiT-IC and StableCodec (λ = 2.0) at similar bitrates (∼0.03–0.04 bpp). We report
a suite of perceptual metrics including FID, KID, NIQE, CLIPIQA and MUSIQ. Lower is better for FID/KID/NIQE, and higher is better
for the remaining metrics. DiT-IC consistently outperforms StableCodec across most datasets and metrics, with a slight exception on KID
for CLIC2020. The best results are highlighted in red.

Datasets Kodak CLIC 2020 DIV2K Average Avg. Difference

Methods DiT-IC StableCodec DiT-IC StableCodec DiT-IC StableCodec DiT-IC StableCodec |∆| ↑ |∆|(%) ↑

FID ↓ - - 3.750 3.940 8.650 10.350 6.200 7.145 0.945 13.23%
KID ↓ - - 0.00083 0.00066 0.00060 0.00080 0.00072 0.00073 0.00002 2.06%
NIQE ↓ 3.099 3.557 3.833 4.459 3.270 3.603 3.400 3.873 0.473 12.21%
CLIPIQA ↑ 0.735 0.716 0.582 0.531 0.626 0.570 0.648 0.606 0.042 6.92%
MUSIQ ↑ 74.494 73.177 60.606 58.663 65.818 63.822 66.972 65.221 1.752 2.69%

4. Complexity

Training Complexity. Multi-stage training is commonly
adopted in diffusion-based codecs (e.g., StableCodec,
OneDC, and ResULIC), often involving external teacher
inference or multi-step diffusion supervision. In contrast,
our training pipeline is strictly sequential and does not re-
quire additional teacher models or iterative diffusion sam-
pling during optimization. In practice, the model converges
within approximately 3 days on two NVIDIA A100 GPUs.

Memory Usage. The reported 16GB memory foot-
print corresponds to full-frame 2K decoding without tiling.
When using 1024×1024 tiled decoding, peak memory con-

sumption decreases to below 7GB without any observable
quality degradation. Employing smaller tiles can further
reduce memory usage if necessary. Moreover, applying
INT8 quantization lowers memory consumption to approx-
imately 4GB, making deployment feasible on consumer-
grade GPUs.

5. Quantitative Evaluation

Rate-Distortion Curves. In Fig. 3, we present full
rate–distortion curves on Kodak [8], CLIC 2020 [20], and
DIV2K [1] as a supplement to Fig. 11 of main paper. As
discussed in main paper, pixel-level metrics such as PSNR



Caption: "A vibrant pink 

flamingo stands gracefully in shallow 

water, its long, slender legs partially 

submerged, creating delicate ripples that 

spread outward. The flamingo's 

plumage is a soft gradient of pink and 

orange, with darker accents near the tips 

of its feathers. Its neck curves elegantly, 

leading to a distinctive black-tipped

beak. The water reflects the flamingo's form, adding depth to the scene. The sunlight bathes the 

flamingo in a warm glow, highlighting the texture and color variations in its feathers, capturing 

a serene and tranquil moment in nature."

Caption: "A single vibrant yellow rose with a gradient of orange hues 

stands gracefully in a dark glass bottle labeled 'Montanaro Vermouth di Torino Rosso,' 

which is placed on a wooden table. The rose's green leaves are prominently visible, 

adding a touch of freshness. In the 

background, a window with white 

frames reveals a view of a building 

with a red door and a weathered roof. 

On the windowsill, there is a clear glass 

vase holding delicate white dried 

flowers, alongside a small glass jar. 

The scene is softly lit by natural light, 

creating a warm and serene atmosphere, 

enhanced by a white radiator below the 

window."

Caption: "An urban cityscape with towering skyscrapers of varying heights and textures, including glass facades and concrete structures, 

lining both sides of a busy street. The buildings cast long shadows, creating a dynamic interplay of light and dark. In the foreground, two bright yellow 

taxis with black numbers and rooftop signs dominate the scene. The taxi on the left displays the number '4K72' on its rooftop sign, while the taxi on the 

right shows '7V53.' One taxi is sleek and rectangular, while the other is larger and more angular. The street is filled with other vehicles, including a 

silver SUV, adding to the congestion. The road stretches into the distance, flanked by buildings that narrow the view towards a bright, slightly cloudy 

sky. A McDonald's sign is visible on the right side, capturing the essence of a bustling, vibrant city."

Figure 2. Illustrative VLM-generated captions used for semantic conditioning.
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Figure 3. Detailed Rate-distortion-perception curve comparisons of different methods on the Kodak, CLIC2020 and DIV2K dataset.

and MS-SSIM exhibit notable limitations [5, 7, 24]. These
metrics primarily emphasize pixel fidelity rather than se-
mantic consistency or perceptual realism, making them less
suitable for evaluating compression performance in the ul-
tra–low bitrate regime.

Semantic Study. We further evaluate semantic fidelity
using the OCRBench v2 evaluation pipeline [9]. This pro-
tocol measures high-level semantic consistency by apply-
ing a unified OCR-based recognition framework to recon-
structed images and comparing semantic accuracy against
ground truth. Unlike pixel-level metrics, this evaluation
directly assesses whether compressed reconstructions pre-
serve semantically meaningful content. As shown in Fig. 4
(right), DiT-IC maintains strong semantic consistency, in-
dicating that the perceptual enhancement does not compro-
mise high-level semantic integrity.

User Study. We conduct a large-scale user study with
61 participants to evaluate perceptual realism. Each partic-
ipant is presented with randomized pairwise comparisons
among ResULIC, PerCo, StableCodec, OSCAR, and DiT-

IC at matched bitrates, and is asked to select the visu-
ally more realistic reconstruction. The aggregated prefer-
ence scores are 8.2%, 1.0%, 27.5%, 6.5%,56.8% for Re-
sULIC, PerCo, StableCodec, OSCAR, and DiT-IC, respec-
tively. DiT-IC receives the highest preference by a substan-
tial margin, demonstrating its clear advantage in perceptual
realism under controlled bitrate settings.

Perceptual Evaluation. To provide a comprehensive
perceptual assessment beyond pixel-level measures, we ad-
ditionally report several widely used perceptual metrics, in-
cluding FID [12], KID [2], NIQE [18], CLIPIQA [21] and
MUSIQ [16]. FID and KID measure the distributional dis-
crepancy between reconstructed and reference images in the
feature space of pretrained classifiers, serving as holistic in-
dicators of realism. NIQE is a no-reference metric that eval-
uates natural scene statistics, reflecting perceived image nat-
uralness. CLIPIQA leverages CLIP embeddings to assess
semantic fidelity, while MUSIQ is modern deep IQA mod-
els designed to capture high-level perceptual quality across
diverse content and resolutions.
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Figure 4. DiT-IC achieves superior FID and Semantic accuracy.
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Figure 5. Visual examples and comparisons.

As shown in Table 1, we compare our DiT-IC with the
state-of-the-art StableCodec (λ = 2.0) at similar bitrates
(approximately 0.03–0.04 bpp). Due to differences in im-
plementation environments, our reproduced results exhibit
minor deviations from the originally reported values. We
neglect the FID and KID results on Kodak as it is too
small for calculating. DiT-IC achieves consistent improve-
ments across most perceptual metrics on Kodak, DIV2K,
and CLIC2020. The only exception is KID on CLIC2020,
where StableCodec shows a slight advantage, but DiT-IC
maintains overall superior perceptual performance across
datasets and metrics..

Fig. 4 further presents FID as a function of bitrate. DiT-
IC consistently outperforms prior codecs across operating
points. The performance margin on CLIC is smaller than
on DIV2K, likely because StableCodec is trained on CLIC,
resulting in better dataset alignment. Similar trends are ob-
served for KID. In addition, incorporating adversarial train-
ing further enhances perceptual realism, as evidenced by the
comparison with Ours w/o Adv loss in Fig. 4.

6. Visualization
We provide additional qualitative results and compar-
isons on high-quality images from DIV2K [1] and CLIC
2020 [20]. We compare our DiT-IC with represen-
tative compression models, including StableCodec [24],
ELIC [11], PerCo [17], OSCAR [10], and ResULIC[15].
As shown, DiT-IC delivers superior semantic consistency
and textural realism while operating at lower bitrates than
competing methods.



Original DiT-IC Original
bpp

DiT-IC
0.039

StableCodec
0.042

ResULIC
0.058

PerCo
0.12

ELIC
0.044

OSCAR
0.043

Original DiT-IC DiT-IC
0.054

StableCodec
0.054

ResULIC
0.053

PerCo
0.12

ELIC
0.082

OSCAR
0.0625

Original
bpp

Figure 6. Visual examples and comparisons.



Original DiT-IC
0.017 bpp

Original DiT-IC
0.027 bpp

Figure 7. Visual examples and comparisons.



Original DiT-IC
0.029 bpp

Original DiT-IC
0.060 bpp

Figure 8. Visual examples and comparisons.



References
[1] Eirikur Agustsson and Radu Timofte. Ntire 2017 challenge

on single image super-resolution: Dataset and study. In Pro-
ceedings of the IEEE conference on computer vision and pat-
tern recognition workshops, pages 126–135, 2017. 2, 5
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