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Abstract

We present DC-AE 1.5, a new family of deep compression
autoencoders for high-resolution diffusion models. Increas-
ing the autoencoder’s latent channel number is a highly
effective approach for improving its reconstruction qual-
ity. However, it results in slow convergence for diffusion
models, leading to poorer generation quality despite bet-
ter reconstruction quality. This issue limits the quality up-
per bound of latent diffusion models and hinders the em-
ployment of autoencoders with higher spatial compression
ratios. We introduce two key innovations to address this
challenge: i) Structured Latent Space, a training-based
approach to impose a desired channel-wise structure on
the latent space with front latent channels capturing ob-
Ject structures and latter latent channels capturing image
details; ii) Augmented Diffusion Training, an augmented
diffusion training strategy with additional diffusion training
objectives on object latent channels to accelerate conver-
gence. With these techniques, DC-AE 1.5 delivers faster
convergence and better diffusion scaling results than DC-
AE. On ImageNet 512x512, DC-AE-1.5-f64c128 delivers
better image generation quality than DC-AE-f32¢32 while
being 4 X faster.

1. Introduction

Latent Diffusion Model (LDM) [25] has established itself
as a dominant paradigm in high-resolution image synthe-
sis [12, 19, 21, 32]. It leverages an autoencoder to project
images of size H x W x 3 into compressed latent represen-
tations of shape % X % x ¢, reducing the computational
cost of the diffusion model. The diffusion model’s outputs
are fed to the autoencoder at inference time to reconstruct
images from the latent representations. In LDM, the autoen-

coder reconstruction quality is critical, as it sets a quality

TEqual contribution. Correspondence to: Han Cai (hcai@nvidia.com).
1f* denotes the autoencoder’s spatial compression ratio. ‘c’ represents
the latent channel number of the autoencoder.

upper bound for the whole image synthesis pipeline.

A common approach to improve the quality of autoen-
coder reconstruction is to increase its latent channel number
[10, 12, 19]. For example, Figure 1 (b) shows the autoen-
coder’s rFID (reconstruction FID, the lower the better) re-
sults with different latent channel numbers. We can see that
the rFID consistently improves as the latent channel number
increases, decreasing from 1.60 to 0.26 if switching from
cl6 to c128.

Expanding the latent channel number is especially criti-
cal for deep compression autoencoders [7], which acceler-
ate latent diffusion models by increasing the autoencoder’s
spatial compression ratio (Figure 1a). Under a high spa-
tial compression ratio (e.g., f64), deep compression autoen-
coders must use a large latent channel number (e.g., c128)
to maintain a satisfactory reconstruction quality.

However, using a large latent channel number signifi-
cantly slows the diffusion model’s convergence, leading to
worse gFID (generation FID, the lower the better) results.
For example, Figure 1 (b) demonstrates DiT-XL’s [24] gFID
results with different latent channel numbers. Although the
autoencoder’s rFID keeps improving, the gFID keeps de-
teriorating. This issue not only limits LDM’s quality up-
per bound but also bounds its efficiency as it hinders the
employment of autoencoders with high spatial compression
ratios (e.g., f64).

This work presents DC-AE 1.5, which introduces two
key innovations to tackle the aforementioned challenge.
First, we analyze the autoencoder’s latent space under dif-
ferent latent channel numbers (Section 3.1). We find that the
latent space has a sparsity issue when using a large number
of latent channels (Figure 2a). It allocates most of the latent
channels for capturing image details while the latent chan-
nels for capturing object structure become sparse among the
whole latent space”. This sparsity issue makes it more dif-
ficult for diffusion models to learn object structure, leading
to the slow convergence issue. As shown in Figure 2 (b),
the image details remain good when we increase the latent

2We refer to them as detail latent channels and object latent channels,
respectively.
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Figure 1. (a) Training Throughput Comparison under Different Autoencoder Spatial Compression Ratios. Increasing the autoen-
coder’s spatial compression ratio effectively improves diffusion models’ training efficiency by producing a latent space with fewer tokens.
However, larger latent channel numbers are required to maintain satisfactory reconstruction quality. (b) rFID and gFID Results under
Different Latent Channel Numbers. We use DiT-XL [24] as the diffusion model. rFID keeps improving with more latent channels, while
gFID keeps getting worse. (c) Efficiency-Quality Trade-off Comparison on ImageNet 512x512. Classifer-free guidance [13] is not
used. DC-AE-1.5-f64c128 delivers 4 x speedup over DC-AE-f32¢32 while maintaining a better image generation quality.

channel number. However, the object structures suffer from
significant distortion.

Motivated by the findings, we propose Structured La-
tent Space (Section 3.2) to alleviate the sparsity issue. It
introduces a training-based approach (Figure 4) to impos-
ing a specific structure on the latent space: the front latent
channels focus on capturing object structure, while the lat-
ter latent channels focus on capturing image details (Fig-
ure 3). Second, based on the Structured Latent Space, we
propose Augmented Diffusion Training (Section 3.3) to
address the slow convergence issue. It introduces extra dif-
fusion training objectives on object latent channels to accel-
erate diffusion models’ learning speed on capturing object
structure (Figure 5).

With these techniques, we significantly accelerate diffu-
sion models’ convergence when using a large latent chan-
nel number (Figure 5b), leading to better gFID results (Ta-
ble 2 and 3). In addition, it also leads to better diffusion
model scaling results than previous autoencoders (e.g., DC-
AE-f32c¢32), as shown in Figure 6. On ImageNet 512x512,
DC-AE-1.5-f64c128+USiT-2B achieves 2.18 gFID without
classifier-free guidance, surpassing DC-AE-f32¢32+USiT-
2B while being 4 x faster (Figure 1c). We summarize our
contributions as follows:

* We analyze the latent space of autoencoders under differ-
ent latent channel numbers. Our study reveals the latent
space’s sparsity issue when using a large latent channel
number, which leads to the slow convergence issue for
diffusion models.

* We propose Structured Latent Space and Augmented Dif-
fusion Training, which effectively address the slow con-
vergence issue.

* We build DC-AE 1.5 based on our key innovations. It
delivers better diffusion scaling results than prior autoen-
coders, boosting the quality upper bound of LDMs and

paving the way for the employment of autoencoders with
higher spatial compression ratios.

2. Related Work

Autoencoders in Image Generation. Training diffusion
models in high-resolution pixel space is computationally
prohibitive due to the large token number. To overcome
this challenge, [25] proposes to employ pretrained autoen-
coders to produce a compressed latent space and operate
diffusion models on the compressed space. This strategy
significantly reduces diffusion models’ training and infer-
ence costs, making it possible to train large-scale diffusion
models on web-scale datasets, leading to impressive image
generation results [12, 19, 21].

Following that, one line of works focuses on improv-
ing the autoencoders’ reconstruction quality by increasing
the latent channel number [10, 12, 19] or adding task-
specific priors [37]. Another line of works focuses on im-
proving diffusion models’ efficiency by increasing autoen-
coders’ spatial compression ratio [5-7]. A third line of
work [9, 27, 29, 30] explores hierarchical VAEs with multi-
resolution latent spaces, while our approach focuses on in-
troducing structure in the latent channel dimension. Con-
current to our work, some recent works propose to make the
latent space more friendly for diffusion models by aligning
it with a pretrained discriminative model [33] or leverag-
ing scale equivariance regularization [16, 28]. Unlike prior
works, our work addresses the slow convergence issue of
diffusion models when using a large latent channel number
(e.g., c128). It also provides novel insights and solutions to
this critical problem.

Accelerating Diffusion Model Convergence. Training
the diffusion model consumes extensive computation re-
sources, motivating many works to improve its training
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Figure 2. We visualize the channel-wise average feature here. We provide the complete latent space visualization in the supplementary
material (Figure 9 and 10). The visualization shows that the object structure information gets blurred if we increase the latent channel
number. It makes diffusion models unable to learn object structure efficiently. As a result, we can see gradually distorted object structures
when we enlarge the latent channel number, as shown in the visualization of the diffusion model’s outputs. We use the DiT-XL as the

diffusion model here.

efficiency. Representative techniques include designing
better model architectures [2—4], representation alignment
with pretrained discriminative models [35], better diffusion
training schedulers [12, 22], improving the training data
quality [8, 31], etc. Orthogonal to these techniques, our
work accelerates diffusion model convergence by employ-
ing a structured latent space.

3. Method

In Section 3.1, we first analyze the latent spaces of au-
toencoders with different latent channel numbers to under-
stand the underlying source of the slow convergence issue.
Next, in Section 3.2 and Section 3.3, we introduce DC-AE
1.5 with Structured Latent Space and Augmented Diffusion
Training to address the slow convergence issue.

3.1. Analysis and Motivation

We visualize the latent spaces of DC-AE-f32 [7] with dif-
ferent latent channels (c32, c64, c128, and c256) to analyze
why diffusion models suffer from the slow convergence is-
sue when using a large latent channel number. Due to the
page limit, we provide the complete latent space visualiza-
tion in the supplementary material. In Figure 2 (a), we pro-

vide the visualization of the channel-wise average feature

of the latent spaces”.

We can see that the information about the object struc-
ture becomes more sparse as we increase the latent channel
number from c32 to ¢256. From the complete latent space
visualization (Figure 9), we find that this phenomenon is be-
cause the f32¢256 autoencoder contains a lot of latent chan-
nels for capturing image details. In contrast, only a few la-
tent channels are responsible for capturing object structure.

It is reasonable since capturing more image details is
critical for achieving a good reconstruction quality. How-
ever, since we treat all latent channels equally, it is chal-
lenging for diffusion models to distinguish between the
overall object structure and high-frequency details, making
them unable to learn object structure efficiently. For exam-
ple, we visualize the image generation results of DiT-XL
[24] with different autoencoders (DC-AE-f32¢32 — DC-
AE-f32¢256) in Figure 2 (b). We can see that the diffusion
model gradually loses control over structural coherence as
the number of latent channels increases. In contrast, the im-
age details remain good under all settings.

3 Assuming each latent representation has a shape of [h, w, c], we get
its channel-wise average feature via ‘torch.mean(latent, dim=2)’.
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Figure 3. Image Reconstruction Comparison. With the structured latent space, DC-AE 1.5 can reconstruct images given partial latent
channels, with front latent channels reconstructing overall object structure and semantics and latter latent channels adding details. In
contrast, DC-AE can not reconstruct the object structure well given partial latent channels. The decoder is fine-tuned for all settings to

fully reveal the information encoded in the (partial) latent space.
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Figure 4.
Strategy. The key difference from conventional autoencoder train-
ing is that we add a channel-wise random masking step before
feeding the latent features to the decoder. The mask is generated
randomly at each step according to Eq. 1. It enables the autoen-
coder to reconstruct with partial latent channels and naturally im-
pose the channel-wise structure on the latent space.

Based on these findings, we conjecture the autoen-
coder’s latent space suffers from the object information
sparsity issue as demonstrated in Figure 2 (a) when using
a large latent channel number. This sparsity issue makes
diffusion models unable to learn object structure efficiently,
leading to slow convergence.

3.2. Structured Latent Space

Motivated by the above analysis, we introduce Structured
Latent Space to help diffusion models distinguish object la-
tent channels from detail latent channels to tackle the latent
space sparsity issue. Figure 3 illustrates the general idea.
Unlike the conventional autoencoders, whose latent spaces
have no structure along the latent channel dimension, we

design and add a channel-wise structure on the latent space.

Specifically, DC-AE 1.5 has an additional capacity of re-
constructing images from partial latent channels (e.g., first
16/32/64 channels from c128). For example, as shown in
Figure 3, it first focuses on reconstructing object structures
from the first 16 latent channels and gradually refines im-
age details as we include more latent channels. In contrast,
when given partial latent channels, the conventional autoen-
coder (e.g., DC-AE [7]) cannot reconstruct the object struc-
ture well.

In the supplementary material, we visualize the complete
latent space comparison between DC-AE and DC-AE 1.5
(Figure 10). We can see a clear separation between object
latent channels and detail latent channels in DC-AE 1.5°s
latent space with front channels as object latent channels
and latter channels as detail latent channels, which is absent
in DC-AE’s latent space.

Figure 4 demonstrates our autoencoder training strategy
to achieve the desired channel-wise latent space structure.
The intuition of our design is based on the finding that the
autoencoder’s latent space naturally focuses more on the
object structure when the latent channel number is small.
Therefore, we augment the original autoencoder training
objective with the additional objective of reconstructing in-
put images from partial latent channels.

Specifically, an autoencoder consists of an encoder F
that maps the input image € R¥*W*3 o the latent fea-
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Figure 5. (a) Illustration of Augmented Diffusion Training. We randomly generate a channel-wise mask at each training step and use
it to augment diffusion training. (b) Training Curve Comparison. We achieve 6 x faster convergence on UViT-H [2] with Augmented

Diffusion Training.

Structured
Autoencoder ‘ Latent Shape Latent Space rFID |
DC-AE-f32¢32 [7] 8x8x32 X 0.69
DC-AE-f32c128 [7] | 8x8x128 X 0.26
DC-AE-1.5-f32¢128 | 8x8x128 v | 0.26

Table 1. Image Reconstruction Results on ImageNet 256 x256.
DC-AE 1.5 maintains the same rFID as DC-AE under the same
setting (f32¢128). In addition, DC-AE 1.5 has the latent space
structure, while DC-AE does not.

w
TX

ture z = E(x) € R 7 ¢ and a decoder D that predicts
the image y = D(z) € RT*W>3 from the latent feature.
A training loss [(x, y) = l(x, D(z)) is used to supervise the
autoencoder’s training, which is a weighted average of the
L1 loss, the perceptual loss [36], and the GAN loss [14].

In our design, we also require the autoencoder to recon-
struct the image when only the first several channels are
selected. In practice, we implement this by randomly sam-
pling a latent channel number (¢’ < ¢, € [e1,ca,- -+ ,])
at each training step and generate a mask

mask, o = (1,1,...,1,0,0,...,0). (1)
! !

Then we use the modified loss [(z, D(z - mask, /)) to up-
date the autoencoder.

Through this training strategy, the autoencoder gains the
ability to reconstruct images given any latent channel num-
ber ¢ € [e1,¢2, -, ], and its latent space naturally has
our desired channel-wise structure. In addition, this train-
ing strategy has little impact on the autoencoder’s recon-
struction quality. Table 1 shows the rFID comparison be-
tween DC-AE and DC-AE 1.5. DC-AE 1.5 achieves the
same rFID as DC-AE under the same setting while having
the additional latent space structure.

3.3. Augmented Diffusion Training

Given the structured latent space, our next step is to uti-
lize this structure to accelerate diffusion models’ learning
efficiency on object structure for better convergence. We
achieve this with Augmented Diffusion Training, as demon-
strated in Figure 5 (a). The core idea is explicitly augment-
ing the diffusion training with additional objectives on ob-
ject latent channels.

For example, let’s consider a latent diffusion model ¢y
supervised by the noise prediction loss. Given the latent
feature zo € R7 ¥ 7 *° and the corresponding noisy latent
feature x; = ayxg + Pie, the denoising loss is defined as
le — eolae, 1)1

At each diffusion training step, we randomly sample a
latent channel number (¢’ < ¢, € [e1,¢2,--+ ,¢]), and
leverage the corresponding mask mask, . defined in Eq. 1
to modify the diffusion training loss

|le - mask, o — €p(2¢ - mask, o, t) - maske o 1. @

Figure 5 (b) illustrates the training curves of UViT-H [2]
with and without Augmented Diffusion Training on Ima-
geNet 256256, demonstrating 6 x faster convergence and
better final image generation quality.

4. Experiments
4.1. Setups

We use Pytorch [1] to implement and train our models on
NVIDIA H100 GPUs. We use FSDP and bf16 training to
reduce the training time and training memory cost. Our
largest model (USiT-3B) takes around 5 days to complete
training on 16 NVIDIA H100 GPUs.

For autoencoder training, we follow the same train-
ing strategy proposed in DC-AE [7], including a low-
resolution full training phase, a high-resolution latent adap-
tation phase, and a local refinement phase. We add the train-
ing technique discussed in Section 3.2 to add the channel-
wise structure to the latent space. Specifically, our autoen-
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ImageNet 256 <256

Diffusion Patch Inception
Model Autoencoder Size gFID | Score
DiT-XL [24] DC-AE-f32¢128 [7]| 1 | 2644 5341

DC-AE-1.5-f32¢128| 1 17.31  80.38
DC-AE-f32c¢128 [7]| 1 17.38  78.42

UVITH Pl pe AR 15-/32¢128) 1 | 1082 109.23
. DC-AE-f32¢128 [7]] 1 | 20.81 68.69
SITEXL 221 e AR-1.5-£32¢128| 1 | 1491 93.78

. DC-AE-f32¢128 [7]| 1 | 845 121.09
USIFH T | b AB-15-32c128] 1 | 610  146.03

Table 2. Comparison with DC-AE on ImageNet 256 <256 Im-
age Generation. Faster convergence leads to better final results.
DC-AE-1.5-f32¢128 outperforms DC-AE-f32¢128 under all set-
tings.

coders support reconstructing with any latent channel num-
ber in [16, 20, 24, ..., c], where c is the largest latent channel
number (e.g., 128).

We follow the same training settings as the official im-
plementations for diffusion experiments, except that we in-
crease the training batch size from 256 to 1024 for all DiT
and SiT models to increase GPU utilization. We consider
4 settings in our experiments, including DiT [24], UViT
[2], SiT [22], and USIiT [7]. In addition to existing diffu-
sion models, we build a larger version of USiT to conduct
diffusion model scaling experiments, with a depth of 56, a
hidden dimension of 2048, and 32 heads. We refer to this
model as USiT-3B. By default, we do not use classifier-free
guidance [13] except stated explicitly. Evaluation metrics
include FID [23], Inception Score [26], Precision [17], and
Recall [17]. We profile the training throughputs of diffusion
models on the NVIDIA H100 GPU with PyTorch.

4.2. Main Results

Accelerating Diffusion Model Convergence. We com-
pare DC-AE 1.5 with DC-AE [7] under the same settings
(f32¢128 for ImageNet 256 X256 and f64c128 for ImageNet
512x512) to evaluate DC-AE 1.5’s effectiveness.

Table 2 summarizes the class-conditional image gen-
eration results on ImageNet 256x256 [11]. DC-AE-1.5-
f32¢128 not only converges faster than DC-AE-f32¢128 but
also results in better image generation quality, thanks to the
improved convergence. It consistently delivers better gFID
and Inception Scores than DC-AE-f32¢128 under all set-
tings. For example, on UViT-H [2], it improves gFID from
17.38 to 10.82 and Inception Score from 78.42 to 109.23.

Table 3 reports the class-conditional image generation
results on ImageNet 512x512. The results are consistent
with our findings on ImageNet 256x256. DC-AE-1.5-
f64c128 outperforms DC-AE-f64¢128 for all cases. It again

ImageNet 512x 512

Diffusion Patch Inception
Model Autoencoder Size gFID | Score
DiT-XL [24] DC-AE-f64¢c128 [7]| 1 | 2131  71.17

DC-AE-1.5-f64c128| 1 15.16  95.69
DC-AE-f64c128 [7]| 1 17.34  88.47

UVITH 21 e ap 1 5-fe4c128| 1 | 1032 121.08
. DC-AE-f64¢128 [7]| 1 | 16.83  89.17
SITXL 221 Do AB-15-f64c128| 1 | 12.44 11408
DC-AE-f64c128 [7]| 1 | 6.88  144.24

USIiTH [7]

DC-AE-1.5-f64c128| 1 5.35 163.03

Table 3. Comparison with DC-AE on ImageNet 512x512
Image Generation. DC-AE-1.5-f64c128 outperforms DC-AE-
f64c128 under all settings.

+ DC-AE-f32c128
- DC-AE-1.5-f32c128

DC-AE-f32¢32
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Figure 6. Diffusion Model Scaling Results on ImageNet

256 x256 with USIiT. DC-AE-1.5-f32¢128 delivers a better scal-
ing curve than DC-AE-f32¢32 and DC-AE-f32¢128.

justifies DC-AE 1.5’s effectiveness in accelerating diffusion
model convergence and improving image generation qual-
ity for autoencoder settings where we target using a large
latent channel number (e.g., c128).

Improving Diffusion Model Scaling Curve. With DC-
AE 1.5 addressing the slow convergence issue, an exciting
thing is to boost the quality upper bound of latent diffusion
models by using an autoencoder with a higher latent chan-
nel number to achieve a better image reconstruction qual-
ity. To demonstrate this, we conduct diffusion model scal-
ing experiments with USIiT [7] on ImageNet 256 %256 and
summarize the results in Figure 6.

Using DC-AE-f32¢32 [7], we can see that the incep-
tion score improvements from scaling up the diffusion mod-
els saturate due to the autoencoder’s limited reconstruction
quality. In contrast, scaling up diffusion models with DC-
AE-f32c128 brings more significant improvements. How-
ever, due to the slow convergence, its generation quality re-
mains inferior to DC-AE-f32¢32 until the model is scaled
to USiT-3B. Last, using DC-AE-1.5-f32¢128, we improve
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ImageNet 512 %512

Image Patch Training Throughput gFID | Inception -,

Generative Model Autoencoder Size Params (B) (image/s) T w/o CFG w/ CFG| Score 1 Precision 1) Recall 1
UViT-H [2] Flux-VAE-f8¢16 [19]| 2 0.50 55 30.91 12.63 | 56.72 0.64 0.59
DiT-XL [24] Flux-VAE-f8¢16 [19]| 2 0.68 54 27.35 8.72 53.09 0.68 0.61
DiT-XL [24] SD-VAE-{8c4 [25] 2 0.67 54 12.03 3.04 105.25 0.75 0.64
UViIT-H [2] SD-VAE-{8c4 [25] 2 0.50 55 11.04 3.55 125.08 0.75 0.61
SiT-XL [22] SD-VAE-f8c4 [25] 2 0.67 54 - 2.62 - - -
MAGVIT-v2 [34] - - - - 3.07 1.91 213.1 - -
MAR-L [20] - - - - 2.74 1.73 205.2 - -
EDM2-XXL [15] - - - - 1.91 1.81 - - -
SiT-XL [22] DC-AE-f32¢32 [7] 1 0.67 241 7.47 2.41 131.37 0.77 0.65
USIiT-H [7] DC-AE-f32¢32 [7] 1 0.50 247 3.80 1.89 174.58 0.78 0.64
USIT-2B [7] DC-AE-f32¢32 [7] 1 1.58 112 2.90 1.72 187.68 0.79 0.63
USIT-H [7] DC-AE-f64c128 [7] | 1 0.50 984 6.88 2.90 144.24 0.77 0.62
USIT-2B [7] DC-AE-f64c128 [7] | 1 1.58 450 |4x faster 3.20 40.722.33 195.94 0.80 0.61
USIT-2B [7] DC-AE-1.5-f64c128 | 1 1.58 450 2.18/ 1.84 | 237.11 0.80 0.62
USIT-3B [7] DC-AE-1.5-f64c128 | 1 3.11 214 1.70 1.63" | 262.04 0.80 0.61

Table 4. Comparison with State-of-the-Art Image Generative Models on ImageNet 512x 512 Class-Conditional Image Generation.
DC-AE-1.5-f64¢128 outperforms DC-AE-f32¢32, delivering 4 x higher training throughput and better image generation quality. T denotes

the result obtained by using Guidance Interval [18].

the scaling curve by accelerating convergence. DC-AE-1.5-
f32¢128 can achieve superior Inception Score than DC-AE-
£32¢32 on USiT-2B and USiT-3B.

Comparison with State-of-the-Art Image Generative
Models on ImageNet 512x512. In addition to improv-
ing the quality upper bound of latent diffusion models, an-
other exciting direction is to push their efficiency frontier
by increasing the spatial compression ratio, such as from
£32¢32 to f64c128. DC-AE 1.5 contributes to this direc-
tion by improving f64c128’s image generation results with
faster convergence. To demonstrate this, we train the USiT
model (USiT-2B) with DC-AE-1.5-f64c128 on ImageNet
512x512 and compare our results with state-of-the-art dif-
fusion models and autoregressive image generative models.

We summarize the results in Table 4. With DC-AE-
1.5-f64c128, USIiT-2B achieves a competitive image gen-
eration quality with exceptional efficiency. In particular, it
achieves a gFID of 2.18, an inception score of 237.11 with-
out using classifier-free guidance, significantly outperform-
ing DC-AE-f32¢32+USiT-2B. More importantly, it delivers
4x higher training throughput than DC-AE-f32¢32+USiT-
2B. Figure 7 demonstrates our image generation examples,
showing competitive visual quality compared with other
generative models trained on ImageNet.

4.3. Ablation Study

Component-Wise Analysis of DC-AE 1.5. We conduct
component-wise ablation to investigate the impact of DC-

ImageNet 256 <256
Diffusion Structured Augmented FID | Inception
Model Latent Space Diffusion Training & Score 1
2644 5341
. 4 26.75  51.07
DIT-XL [24] v 36.83 4222
4 v 17.31  80.38
8.45 121.09
. 4 6.72  132.02
USITH[7] v 899 12589
4 v 6.10 146.03

Table 5. Component-wise Ablation Study Experiments. Re-
moving either Structured Latent Space or Augmented Diffusion
Training causes a significant image generation quality drop, show-
ing it is critical to use these two techniques together.

AE 1.5’s two key designs, i.e., Structured Latent Space
(Section 3.2) and Augmented Diffusion Training (Sec-
tion 3.3). If Structured Latent Space is enabled, we employ
DC-AE-1.5-f32¢128; otherwise, we use DC-AE-f32¢128.

We report the results in Table 5. We can see that both
Structured Latent Space and Augmented Diffusion Train-
ing are essential for improving the image generation qual-
ity. For example, on DiT-XL [24], adding Structured Latent
Space or Augmented Diffusion Training alone even hurts
the results. In contrast, combining them leads to clear im-
provements, decreasing the gFID from 26.44 to 17.31 and
increasing the inception score from 53.41 to 80.38. Thus,
we recommend using these two techniques together.
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Figure 7. Selected Image Samples Generated by Diffusion Models using DC-AE 1.5.

ImageNet 256 <256

1]\)/;(1:21:;0“ Setting Autoencoder | gFID | Irslccf(:);r)zi(%n
DIT-XL [24] | £32¢32 DDS_'QE_EQ 18:;3 18;:32
USIT-H [7] | f32¢32 DDS:QE.E@ 431:?2 igéj;‘g

Table 6. Comparison with DC-AE under £32¢32.

Comparison with DC-AE under £32¢32. While DC-AE
1.5 is mainly for autoencoder settings with large latent
channel numbers (e.g., c128), we can still apply it to set-
tings with small latent channel numbers (e.g., ¢32). Table 6
summarizes the comparison between DC-AE 1.5 and DC-
AE under 32¢32. We find DC-AE-{32¢32 performs slightly
better than DC-AE-1.5-f32¢32. We conjecture that f32¢32
does not have the latent space sparsity issue. Thus, adding
Structured Latent Space and Augmented Diffusion Train-

ing is not necessary. It is consistent with our analysis in
Section 3.1 and Figure 2. Based on this finding, we recom-
mend using DC-AE 1.5 when targeting a large latent chan-
nel number (e.g., c128) and conventional autoencoders such
as DC-AE when targeting a small latent channel number
(e.g., c32).

5. Conclusion

This paper presents a new approach for addressing the slow
convergence issue of latent diffusion models when using
a large latent channel number. Our approach consists of
two key innovations, including Structured Latent Space for
imposing a desired channel-wise structure on the latent
space and Augmented Diffusion Training to utilize the la-
tent space structure to accelerate object structure learning.
These techniques collectively enable faster diffusion model
convergence and lead to better image generation results,
paving the way for employing autoencoders with higher
quality upper bound or higher spatial compression ratios.
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