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This is the supplementary material for the paper titled
“Toward Diffusible High-Dimensional Latent Spaces: A
Frequency Perspective”. The outline is listed as below.
A – Explanation of Authenticity and Amplitude
B – Quantitative Evaluation of the Importance of
Different Frequencies in Latent/RGB Spaces
C – Comparison with Low-resolution Pretraining
D – Limitation and Future Work

A. Explanation of Authenticity and Amplitude
The final goal of our method is to improve the authentic-
ity of generated high-frequency components which the de-
coder relies heavily on according to the Finding 1. For
this purpose, we further find the encoder underrepresents
high-frequency latent embeddings (Finding 3), which leads
to underfitting of LDMs on high-frequency bands during
training. Thus LDMs generate unauthentic high-frequency
embeddings in inference, resulting in bad reconstruction fi-
delity. Note that our goal is not synthesizing high-amplitude
high-frequency signals. Instead, we want to make the gen-
erated high-frequency signals more authentic. Authentic-
ity and amplitude are two distinct axes. We try to find a
method to improve the amplitude of high-frequency compo-
nents simply in training to mitigate the imbalance issue. In
inference, we still make LDMs synthesize high-frequency
embeddings with proper amplitude, but with high authen-
ticity. That is also the reason why we still need to finetune
the model on full-frequency bands after FreqWarm.

This also answers another question: why don’t we see a
better reconstruction performance by applying our method
only to the reconstruction process (without diffusion mod-
els)? High amplitude does not lead to better reconstruc-
tion. Instead, high authenticity is the deciding factor. The
latent embeddings encoded directly from input images are
undoubtedly authentic (despite low-amplitude), so direct fil-
tering in RGB space does not lead to improvement.

B. Quantitative Evaluation of the Importance
of Different Frequencies in Latent/RGB
Spaces

In Sec. 3 of the main paper, we conduct analysis on encoder
and decoder responses to input with different frequencies.
To further support our conclusion, we quantitatively evalu-
ate the quality of images reconstructed from different fre-
quencies. We use CLIP [4] score to measure the semantic
alignment between the decoded images and original images.
As shown in Tab. A, when the threshold changes from 0.03

Threshold r0 0.03 0.05 0.20

Low Frequency (r < r0) 29.6 30.5 31.2
High Frequency (r > r0) 67.4 65.8 58.4

Table A. Quantitative evaluation of images reconstructed from
high-frequency latent embeddings and low-frequency latent em-
beddings. r0 is the distance to the center on frequency profile after
FFT, which is a proxy of frequency. We use CLIP similarity be-
tween images as the metric.

Threshold r0 0.03 0.05 0.20

Low Frequency (r < r0) 87.5 91.1 98.9
High Frequency (r > r0) 24.2 21.9 20.3

Table B. Quantitative evaluation of high-frequency and low-
frequency components in RGB images. r0 is the distance to the
center on frequency profile after FFT, which is a proxy of fre-
quency. We use CLIP similarity between images as the metric.

to 0.20, the CLIP similarity of images reconstructed from
the high-frequency embeddings are consistently higher than
those reconstructed from low-frequency embeddings. This
result quantitatively validates our first finding that the de-
coder relies on the high-frequency bands in the latent space
more than the low-frequency bands.

We also implement a similar quantitative evaluation on
RGB images directly. As shown in Tab. B, the images re-
covered from low-frequency bands are way closer to the
original images, which suggests that most information ex-
ists in the low-frequency signals in the RGB space (our sec-
ond finding).

C. Comparison with Low-resolution Pretrain-
ing

In our method, we remove a portion of high-frequency com-
ponents in RGB images for warm-up in frequency domain.
A similar strategy is pretraining the diffusion model using
low-resolution images, and then finetuning the model using
high-resolution images. We implement this strategy by us-
ing 256×256 resolution for pretraining and using 512×512
resolution for finetuning. In contrast, our method always
trains models with the 512×512 resolution and controls the
frequency by explicitly setting up a frequency threshold.

As shown in Tab. C, the low-resolution pretraining strat-
egy can improve the performance decently. However, it
still lags behind our method by a large margin. Though
low-resolution images have more low-resolution signals



Model Strategy gFID ↓ IS ↑
Wan2.2-AE-f16c48 [5] None 43.67 33.48
Wan2.2-AE-f16c48 [5] Low-res Pretrain 39.10 35.09
Wan2.2-AE-f16c48 [5] FreqWarm 29.56 46.16
LTX-AE-f32c128 [2] None 24.18 61.60
LTX-AE-f32c128 [2] Low-res Pretrain 22.04 67.33
LTX-AE-f32c128 [2] FreqWarm 18.05 76.06
DC-AE-f32c128 [1] None 13.84 85.40
DC-AE-f32c128 [1] Low-res Pretrain 12.14 88.82
DC-AE-f32c128 [1] FreqWarm 9.42 108.80

Table C. Comparison with low-resolution pretraining. We use
USiT-H [3] as the diffusion model for all experiments. The or-
ange rows are the results of our method.

compared with their high-resolution counterparts, the high-
frequency components that may prevent the encoding pro-
cess are not fully removed. In contrast, our method explic-
itly sets up a hard threshold based on the frequency distribu-
tion, leading to a latent space with stronger high-frequency
embeddings which is easier for diffusion models to learn.

D. Limitation and Future Work

Despite the notable gains from our method, we still have to
point out some limitations. Our method narrows the recon-
struction–generation trade-off in high-dimensional latents.
However, it does not eliminate the conflict. More stud-
ies are needed to further figure out other reasons for this
phenomenon. In addition, we do not evaluate our findings
on other modalities (e.g., videos) and model architectures
(e.g., autoregressive models). We will continue to expand
our analysis to a wider range of task settings.

We also propose some promising future research direc-
tions based on our work.
• Learned frequency curricula. Replace fixed thresholds

with adaptive schedules and integrate anti-alias down-
sampling in encoders to reduce band interference.

• Autoencoder–denoiser co-design. Jointly optimize
VAEs and diffusion transformers under explicit frequency
budgets to avoid the impact of extremely high-frequency
signals in autoencoder training stage.

• Broader modalities and scales. Validate on modern text-
to-video systems and longer sequences where spatiotem-
poral high-frequency components are rarer but crucial.
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