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Figure 1. Our deoupled diffusion transformer (DDT-XL/2) achieves a SoTA 1.31 FID under 256 epochs. Our decoupled diffusion
transformer models incorporate a condition encoder to extract semantic self-conditions and a velocity decoder to decode velocity.

Abstract

Diffusion transformers have demonstrated remarkable gen-
eration quality, albeit requiring longer training iterations
and numerous inference steps. In each denoising step,
diffusion transformers encode the noisy inputs to extract
the lower-frequency semantic component and then decode
the higher frequency with identical modules. This scheme
creates an inherent optimization dilemma: encoding low-
frequency semantics necessitates reducing high-frequency
components, creating tension between semantic encoding
and high-frequency decoding. To resolve this challenge, we
propose a new Decoupled Diffusion Transformer (DDT),
with a decoupled design of a dedicated condition encoder
for semantic extraction alongside a specialized velocity de-
coder. Our experiments reveal that a more substantial en-
coder yields performance improvements as model size in-
creases. For ImageNet 256× 256, Our DDT-XL/2 achieves
a new state-of-the-art performance of 1.31 FID (nearly
4× faster training convergence compared to previous dif-
fusion transformers). For ImageNet 512 × 512, Our DDT-
XL/2 achieves a new state-of-the-art FID of 1.28. Addi-
tionally, as a beneficial by-product, our decoupled architec-
ture enhances inference speed by enabling the sharing self-

condition between adjacent denoising steps. To minimize
performance degradation, we propose a novel statistical dy-
namic programming approach to identify optimal sharing
strategies.

1. Introduction

Image generation is a fundamental task in computer vision
research, which aims at capturing the inherent data distribu-
tion of original image datasets and generating high-quality
synthetic images through distribution sampling. Diffusion
models [19, 21, 28, 29, 40] have recently emerged as highly
promising solutions to learn the underlying data distribution
in image generation, outperforming the GAN-based mod-
els [3, 39] and Auto-Regressive models [5, 42, 50].

The diffusion forward process gradually adds Gaussian
noise to the pristine data following an SDE forward sched-
ule [19, 21, 40]. The denoising process learns the score es-
timation from this corruption process. Once the score func-
tion is accurately learned, data samples can be synthesized
by numerically solving the reverse SDE [21, 28, 29, 40].
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Diffusion Transformers [31, 35] introduce the trans-
former architecture into diffusion models to replace the tra-
ditionally dominant UNet-based model [2, 10]. Empirical
evidence suggests that, given sufficient training iterations,
diffusion transformers outperform conventional approaches
even without relying on long residual connections [35].
Nevertheless, their slow convergence rate still poses great
challenge for developing new models due to the high cost.

In this paper, we want to tackle the aforementioned ma-
jor disadvantages from a model design perspective. Clas-
sic computer vision algorithms [4, 17, 22] strategically em-
ploy encoder-decoder architectures, prioritizing large en-
coders for rich feature extraction and lightweight decoders
for efficient inference, while contemporary diffusion mod-
els predominantly rely on conventional decoder-only struc-
tures. We systematically investigate the underexplored po-
tential of decoupled encoder-decoder designs in diffusion
transformers, by answering the question of can decoupled
encoder-decoder transformer unlock the capability of ac-
celerated convergence and enhanced sample quality?

Through investigation experiments, we conclude that the
plain diffusion transformer has an optimization dilemma be-
tween abstract structure information extraction and detailed
appearance information recovery. Further, the diffusion
transformer is limited in extracting semantic representation
due to the raw pixel supervision [27, 51, 52]. To address this
issue, we propose a new architecture to explicitly decouple
low-frequency semantic encoding and high-frequency de-
tailed decoding through a customized encoder-decoder de-
sign. We call this encoder-decoder diffusion transformer
model as DDT (Decoupled Diffusion Transformer). DDT
incorporates a condition encoder to extract semantic self-
condition features. The extracted self-condition is fed into
a velocity decoder along with the noisy latent to regress the
velocity field. To maintain the local consistency of self-
condition features of adjacent steps, we employ direct su-
pervision of representation alignment and indirect supervi-
sion from the velocity regression loss of the decoder.

In the ImageNet256 × 256 dataset, using the tradi-
tional off-shelf VAE [37], our decoupled diffusion trans-
former (DDT-XL/2) model achieves the state-of-the-art per-
formance of 1.31 FID with interval guidance under only
256 epochs, approximately 4× training acceleration com-
pared to REPA [51]. In the ImageNet512×512 dataset, our
DDT-XL/2 model achieves 1.28 FID within 500K finetun-
ing steps.

Furthermore, our DDT achieves strong local consistency
on its self-condition feature from the encoder. This prop-
erty can significantly boost the inference speed by sharing
the self-condition between adjacent steps. We formulate the
optimal encoder sharing strategy solving as a classic mini-
mal sum path problem by minimizing the performance drop
of sharing self-condition among adjacent steps. We propose

a statistic dynamic programming approach to find the opti-
mal encoder sharing strategy with negligible second-level
time cost. Compared with the naive uniform sharing, our
dynamic programming delivers a minimal FID drop. Our
contributions are summarized as follows.
• We propose a new decoupled diffusion transformer

model, which consists of a condition encoder and a ve-
locity decoder.

• We propose statistic dynamic programming to find the
optimal self-condition sharing strategy to boost infer-
ence speed while keeping minimal performance down-
gradation.

• In the ImageNet256×256 dataset, using tradition SDf8d4
VAE, our decoupled diffusion transformer (DDT-XL/2)
model achieves the SoTA 1.31 FID with interval guid-
ance under only 256 epochs, approximately 4× training
acceleration compared to REPA [51].

• In the ImageNet512× 512 dataset, our DDT-XL/2 model
achieves the SoTA 1.28 FID, outperforming all previous
methods with a significant margin.

2. Related Work

Diffusion Transformers. The pioneering work of
DiT [35] introduced transformers into diffusion models
to replace the traditionally dominant UNet architec-
ture [2, 10]. Empirical evidence demonstrates that given
sufficient training iterations, diffusion transformers out-
perform conventional approaches even without relying
on long residual connections. SiT [31] further validated
the transformer architecture with linear flow diffusion.
Following the simplicity and scalability of the diffu-
sion transformer [31, 35], SD3 [12], Lumina [53], and
PixArt [6, 7] introduced the diffusion transformer to more
advanced text-to-image areas. Moreover, recently, diffusion
transformers have dominated the text-to-video area with
substantiated visual and motion quality [1, 20, 23]. Our
decoupled diffusion transformer (DDT) presents a new
variant within the diffusion transformer family. It achieves
faster convergence by decoupling the low-frequency
encoding and the high-frequency decoding.

Fast Diffusion Training. To accelerate the training ef-
ficiency of diffusion transformers, recent advances have
pursued multi-faceted optimizations. Operator-centric ap-
proaches [13, 44, 47, 48] leverage efficient attention mech-
anisms: linear-attention variants [13, 44, 48] reduced
quadratic complexity to speed up training, while sparse-
attention architectures [47] prioritized sparsely relevant to-
ken interactions. Resampling approaches [12, 16] proposed
lognorm sampling [12] or loss reweighting [16] techniques
to stabilize training dynamics. Representation learning en-
hancement approaches integrate external inductive biases:
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Figure 2. Selected 256× 256 and 512× 512 resolution samples. Generated from DDT-XL/2 trained on ImageNet 256× 256 resolution
and ImageNet 512× 512 resolution with CFG = 4.0.

Diffusion Process in 𝒙	space
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Figure 3. The reverse-SDE process (generation) of SiT-XL/2 in
x space. There is a clear generation process from low frequency
to high frequency. Most of the time is spent on generating high-
frequency details (from t = 0.4 to t = 1.0).

REPA [51], RCG [26] and DoD [52] borrowed vision-
specific priors into diffusion training, while masked mod-
eling techniques [14, 15] strengthened spatial reasoning by
enforcing structured feature completion during denoising.
Collectively, these strategies address computational, sam-
pling, and representational bottlenecks.

3. Preliminary Analysis

Linear-based flow matching [28, 29, 31] represents a spe-
cialized family of diffusion models that we focus on as
our primary analytical subject due to its simplicity and effi-
ciency. For the convenience, in certain situations, diffusion
and flow-matching will be used interchangeably. In this
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Figure 4. The FID50K metric of SiT-XL/2 for different
timeshift values. We employ a 2-nd order Adams-like solver to
collect the performance. Allocating more computation at noisy
steps significantly improves the performance.

framework, t = 0 corresponds to the pure noise timestep.
As illustrated in Fig. 3, diffusion models perform au-

toregressive refinement on spectral components [11, 36].
The diffusion transformer encodes the noisy latent to cap-
ture lower-frequency semantics before decoding higher-
frequency details. However, this semantics encoding pro-
cess inevitably attenuates high-frequency information, cre-
ating an optimization dilemma. This observation motivates
our proposal to decouple the conventional decode-only dif-
fusion transformer into an explicit encoder-decoder arch.

When t increases to less noisy timesteps, semantic en-
coding becomes easier (due to noise reduction) while de-
coding complexity increases(See Appendix). Consider
fmax(t) as the maximum remaining frequency of the clean
data at the denoising step t, the diffusion transformer en-
codes frequencies up to fmax(t) and to progress to step s,
it must decode a residual frequency of at least fmax(s) −
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fmax(t). Failure to decode these residual frequencies at
step t creates a critical bottleneck for progression to subse-
quent steps. From this perspective, if allocating more of the
calculations to more noisy timesteps can lead to an improve-
ment, it means that diffusion transformers struggle with en-
coding lower frequencies to provide semantics. Otherwise,
if allocating more of the calculations to less noisy timesteps
can lead to an improvement, it means that flow-matching
transformers struggle with decoding frequency residuals.

To figure out the bottom-necks of current diffusion mod-
els, we conducted a targeted experiment using SiT-XL/2
with a second-order Adams-like linear multistep solver.
As shown in Fig. 4, by varying the time-shift values,
we demonstrate that allocating more computation to early
timesteps improves final performance compared to uniform
scheduling. This reveals that diffusion models face chal-
lenges in more noisy steps. This leads to a key conclusion:
Current diffusion transformers are fundamentally con-
strained by their low-frequency semantic encoding ca-
pacity. This insight motivates the exploration of encoder-
decoder architectures with strategic encoder parameter allo-
cation and validation with vigorous experiments.

Prior researches further support this perspective. While
lightweight diffusion MLP heads demonstrate limited de-
coding capacity, MAR [27] overcomes this limitation
through semantic features produced by its masked back-
bones, enabling high-quality image generation. Simi-
larly, REPA [51] enhances low-frequency encoding through
alignment with pre-trained vision foundations [34].

4. Method

Our decoupled diffusion transformer architecture comprises
a condition encoder and a velocity decoder. The condi-
tion encoder extracted the low-frequency component from
noisy input, class label, and timestep to serve as a self-
condition for the velocity decoder; the velocity decoder pro-
cessed the noisy latent with the self-condition to regress
the high-frequency velocity. We train this model using the
established linear flow diffusion framework. For brevity,
we designate our model as DDT (Decoupled Diffusion
Transformer).

4.1. Condition Encoder

The condition encoder mirrors the architectural design and
input structure of DiT/SiT with improved micro-design. It
is built with interleaved Attention and FFN blocks, with-
out long residual connections. The encoder processes three
inputs, the noisy latent xt, timestep t, and class label y,
to extract the self-condition feature zt through a series of
stacked Attention and FFN blocks:

zt = Encoder (xt, t, y). (1)

Specifically, the noisy latent xt are patchfied into continu-
ous tokens and then fed to extract the self-condition zt with
aforementioned encoder blocks. The timestep t and class
label y serve as external-conditioning information projected
into embedding. These external-condition embeddings are
progressively injected into the encoded features of xt using
AdaLN-Zero[35] within each encoder block.

To maintain local consistency of zt across adjacent
timesteps, we adopt the representation alignment technique
from REPA [51]. Shown in Eq. (2), this method aligns the
intermediate feature hi from the i-th layer in the condition
encoder with the DINOv2 representation r∗. Consistent to
REPA [51], the hϕ is the learnable projection MLP:

Lenc = 1− cos(r∗, hϕ(hi)). (2)

This simple regularization accelerates training convergence,
as shown in REPA [51], and facilitates local consistency
of zt between adjacent steps. It allows sharing the self-
condition zt produced by the encoder between adjacent
steps. Our experiments demonstrate that this encoder-
sharing strategy significantly enhances inference efficiency
with only negligible performance degradation.

Additionally, the encoder also receives indirect supervi-
sion from the decoder, which we elaborate on later.

4.2. Velocity Decoder
The velocity decoder adopts the same architectural design
as the condition encoder and consists of several stacked
interleaved Attention and FFN blocks, akin to DiT/SiT. It
takes the noisy latent xt, timestep t, and self-conditioning
zt as inputs to estimate the velocity vt. Unlike the encoder,
we assume that class label information is already embedded
within zt. Thus, only the external-condition timestep t and
self-condition feature zt are used as condition inputs for the
decoder blocks:

vt = Decoder (xt, t,zt). (3)

As demonstrated previously, to further improve consistency
of self-condition zt between adjacent steps, we employ
AdaLN-Zero [35] to inject zt into the decoder feature. The
decoder is trained with the flow matching loss as shown in
Eq. (4):

Ldec = E[
∫ 1

0

||(xdata − ϵ)− vt||2dt]. (4)

4.3. Sampling acceleration
By incorporating explicit representation alignment into the
encoder and implicit self-conditioning injection into the de-
coder, we achieve local consistency of zt across adjacent
steps during training (shown in Fig. 5). This enables us to
share zt within a suitable local range, reducing the compu-
tational burden on the self-mapping encoder.
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Formally, given total inference steps N and encoder
computation bugets K, thus the sharing ratio is 1 − K

N , we
define Φ with |Φ| = K as the set of timesteps where the
self-condition is recalculated, as shown in Equation 5. If
the current timestep t is not in Φ, we reuse the previously
computed zt−∆t as zt. Otherwise, we recompute zt using
the encoder and the current noisy latent xt:

zt =

{
zt−∆t, if t /∈ Φ

Encoder (xt, t, y), if t ∈ Φ
(5)

Uniform Encoder Sharing. This naive approach recalu-
culate self-condition zt every N

K steps. Previous work, such
as DeepCache [32], uses this naive handcrafted uniform Φ
set to accelerate UNet models. However, UNet models,
trained solely with a denoising loss and lacking robust rep-
resentation alignment, exhibit less regularized local consis-
tency in deeper features across adjacent steps compared to
our DDT model. Also, we will propose a simple and ele-
gant statistic dynamic programming algorithm to construct
Φ. Our statistic dynamic programming can exploit the opti-
mal Φ set optimally compared to the naive approaches [32].
We will elaborate on our novel approach below.

Statistic Dynamic Programming. We construct the
statistic similarity matrix of zt among different steps S ∈
RN×N using cosine distance. The optimal Φ set would
guarantee the total similarity cost −

∑K
k

∑Φk+1

i=Φk
S[Φk, i]

achieves global minimal. This question is a well-formed
classic minimal sum path problem, it can be solved by dy-
namic programming. As shown in Eq. (7), we donate Ck

i as
cost and Pk

i as traced path when Φk = i. the state transition
function from Ck−1

j to Ck
i follows:

Ck
i =

i
min
j=0

{Ck−1
j − Σi

l=jS[j, l]}. (6)

Pk
i = argminij=0{Ck−1

i − Σi
l=jS[j, l]}. (7)

After obtaining the cost matrix C and tracked path P, the
optimal Φ can be solved by backtracking P from PK

N .

5. Experiment
We conduct experiments on 256x256 ImageNet datasets.
The total training batch size is set to 256. Consistent with
methodological approaches such as SiT [31], DiT [35], and
REPA [51], we employed the Adam optimizer with a con-
stant learning rate of 0.0001 throughout the entire training
process. To ensure a fair comparative analysis, we did not
use gradient clipping and learning rate warm-up techniques.
Our default training infrastructure consisted of 16× or 8×
A100 GPUs. For sampling, we take the Euler solver with
250 steps as the default choice. As for the VAE, we take the

off-shelf VAE-ft-EMA with a downsample factor of 8 from
Huggingface1. We report FID [18], sFID [33], IS [38], Pre-
cision and Recall [24].

5.1. Improved baselines
Recent architectural improvements such as SwiGLU [45,
46], RoPE [41], and RMSNorm [45, 46] have been ex-
tensively validated in the research community [8, 30, 49].
Additionally, lognorm sampling [12] has demonstrated sig-
nificant benefits for training convergence. Consequently,
we developed improved baseline models by incorporating
these advanced techniques, drawing inspiration from recent
works in the field. The performance of these improved base-
lines is comprehensively provided in Tab. 2. To validate the
reliability of our implementation, we also reproduced the
results for REPA-B/2, achieving metrics that marginally ex-
ceed those originally reported in the REPA[51]. These re-
production results provide additional confidence in the ro-
bustness of our approach.

The improved baselines in our Tab. 2 consistently out-
perform their predecessors without REPA. However, upon
implementing REPA, performance rapidly approaches a sat-
uration point. This is particularly evident in the XL model
size, where incremental technique improvements yield di-
minishingly small gains.

5.2. Metric comparison with baselines
We present the performances of different-size models at
400K training steps in Tab. 2. Our diffusion encoder-
decoder transformer(DDT) family demonstrates consistent
and significant improvements across various model sizes.
Our DDT-B/2(8En4De) model exceeds Improved-REPA-
B/2 by 2.8 FID gains. Our DDT-XL/2(22En6De) exceeds
REPA-XL/2 by 1.3 FID gains. While the decoder-only dif-
fusion transformers approach performance saturation with
REPA[51], our DDT models continue to deliver superior
results. The incremental technique improvements show di-
minishing gains, particularly in larger model sizes. How-
ever, our DDT models maintain a significant performance
advantage, underscoring the effectiveness of our approach.

Training and Inference comparison Our experiments
utilized 8×A100 GPUs (with 32 batches per GPU for both
training and inference), employing torch.compile to op-
timize memory allocation and reduce redundant computa-
tions for both the baseline and our DDT approach. The 4×
step-wise acceleration in DDT is hardware-agnostic, as the
total batch size(256) remains consistent with baselines.
5.3. System level comparision
ImageNet 256×256. We report the final metrics of DDT-
XL/2 (22En6De) and DDT-L/2 (20En4De) at Tab. 1. Our

1https://huggingface.co/stabilityai/sd-vae-ft-
ema
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256×256, w/o CFG 256×256, w/ CFG
Params Epochs FID↓ IS↑ Pre.↑ Rec.↑ FID↓ IS↑ Pre.↑ Rec.↑

MAR-B [27] 208M 800 3.48 192.4 0.78 0.58 2.31 281.7 0.82 0.57
CausalFusion [9] 368M 800 5.12 166.1 0.73 0.66 1.94 264.4 0.82 0.59

LDM-4 [37] 400M 170 10.56 103.5 0.71 0.62 3.6 247.7 0.87 0.48
DDT-L (Ours) 458M 80 7.98 128.1 0.68 0.67 1.64 310.5 0.81 0.61
MAR-L [27] 479M 800 2.6 221.4 0.79 0.60 1.78 296.0 0.81 0.60
VAVAE [49] 675M 800 2.17 205.6 0.77 0.65 1.35 295.3 0.79 0.65

CausalFusion [9] 676M 800 3.61 180.9 0.75 0.66 1.77 282.3 0.82 0.61
ADM [10] 554M 400 10.94 - 0.69 0.63 4.59 186.7 0.82 0.52

DiT-XL [35] 675M 1400 9.62 121.5 0.67 0.67 2.27 278.2 0.83 0.57
SiT-XL [31] 675M 1400 8.3 - - - 2.06 270.3 0.82 0.59
ViT-XL [16] 451M 400 8.10 - - - 2.06 - - -

U-ViT-H/2 [2] 501M 400 6.58 - - - 2.29 263.9 0.82 0.57
MaskDiT [14] 675M 1600 5.69 178.0 0.74 0.60 2.28 276.6 0.80 0.61
FlowDCN [47] 618M 400 8.36 122.5 0.69 0.65 2.00 263.1 0.82 0.58

RDM [43] 553M / 5.27 153.4 0.75 0.62 1.99 260.4 0.81 0.58
REPA [51] 675M 800 5.9 157.8 0.70 0.69 1.42 305.7 0.80 0.64

DDT-XL (Ours) 675M 80 6.62 135.2 0.69 0.67 1.52 263.7 0.78 0.63
DDT-XL (Ours) 675M 256 6.30 146.7 0.68 0.68 1.31 308.1 0.78 0.62
DDT-XL (Ours) 675M 400 6.27 154.7 0.68 0.69 1.26 310.6 0.79 0.65

Table 1. System performance comparison on ImageNet 256 × 256 class-conditioned generation. Gray blocks mean the algorithm uses
VAE trained or fine-tuned on ImageNet instead of the off-shelf SD-VAE-f8d4-ft-ema.

Model FID↓ sFID↓ IS↑ Prec.↑ Rec.↑

SiT-B/2 [31] 33.0 6.46 43.7 0.53 0.63
REPA-B/2 [51] 24.4 6.40 59.9 0.59 0.65
REPA-B/2(Reproduced) 22.2 7.50 69.1 0.59 0.65
DDT-B/2† (8En4De) 21.1 7.81 73.0 0.60 0.65

Improved-SiT-B/2 25.1 6.54 58.8 0.57 0.64
Improved-REPA-B/2 19.1 6.88 76.49 0.60 0.66
DDT-B/2 (8En4De) 16.32 6.63 86.0 0.62 0.66

SiT-L/2 [31] 18.8 5.29 72.0 0.64 0.64
REPA-L/2 [51] 10.0 5.20 109.2 0.69 0.65
Improved-SiT-L/2 12.7 5.48 95.7 0.65 0.65
Improved-REPA-L/2 9.3 5.44 116.6 0.67 0.66
DDT-L/2 (20En4De) 7.98 5.50 128.1 0.68 0.67

SiT-XL/2 [31] 17.2 5.07 76.52 0.65 0.63
REPA-XL/2 [51] 7.9 5.06 122.6 0.70 0.65
Improved-SiT-XL/2 10.9 5.3 103.4 0.66 0.65
Improved-REPA-XL/2 8.14 5.34 124.9 0.68 0.67
DDT-XL/2 (22En6De) 6.62 4.86 135.1 0.69 0.67

Table 2. Metrics of 400K training steps with different model
sizes. All results are reported without classifier-free guidance.
gray means metrics are copied from the original paper, otherwise
it is produced by our codebase. By default, our DDT models are
built on improved baselines. DDT† means model built on naive
baseline without architecture improvement and lognorm sampling,
consistent to REPA. Our DDT models consistently outperformed
their counterparts.

TrainMem TrainSpeed InferMem InferSpeed
Baseline-XL/2 29.3G 0.25s/it 13G 0.78s/image

DDT-XL/2 30.5G 0.26s/it 13G 0.84s/image

DDT models demonstrate exceptional efficiency, achiev-
ing convergence in approximately 1

4 of the total epochs
compared to REPA [51] and other diffusion transformer
models. In order to maintain methodological consistency
with REPA, we employed the classifier-free guidance with
2.0 in the interval [0.3, 1], Our models delivered impres-
sive results: DDT-L/2 achieved 1.64 FID, and DDT-XL/2
got 1.52 FID within just 80 epochs. By extending train-
ing to 256 epochs—still significantly more efficient than
traditional 800-epoch approaches—our DDT-XL/2 estab-
lished a new state-of-the-art benchmark of 1.31 FID on
ImageNet 256×256, decisively outperforming previous dif-
fusion transformer methodologies. To extend training to
400 epochs, our DDT-XL/2(22En6De) achieves 1.26 FID,
nearly reaching the upper limit of SD-VAE-ft-EMA-f8d4,
which has a 1.20 rFID on ImageNet256.

ImageNet 512 × 512. We provide the final metrics of
DDT-XL/2 at Tab. 3. To validate the superiority of our DDT
model, we take our DDT-XL/2 trained on ImageNet 256 ×
256 under 256 epochs as the initialization, fine-tune out
DDT-XL/2 on ImageNet 512 × 512 for 100K steps. We
adopt the aforementioned interval guidance [25] and we
achieved a remarkable state-of-the-art performance of 1.90
FID, decisively outperforming REPA by a significant 0.28
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ImageNet 512× 512

Model FID↓ sFID↓ IS↑ Pre.↑ Rec.↑

BigGAN-deep [3] 8.43 8.13 177.90 0.88 0.29
StyleGAN-XL [39] 2.41 4.06 267.75 0.77 0.52

ADM-G [10] 7.72 6.57 172.71 0.87 0.42
ADM-G, ADM-U 3.85 5.86 221.72 0.84 0.53
DiT-XL/2 [35] 3.04 5.02 240.82 0.84 0.54
SiT-XL/2 [31] 2.62 4.18 252.21 0.84 0.57
REPA-XL/2 [51] 2.08 4.19 274.6 0.83 0.58
FlowDCN-XL/2 [47] 2.44 4.53 252.8 0.84 0.54
DDT-XL/2 (500K) 1.28 4.22 305.1 0.80 0.63

Table 3. Benchmarking class-conditional image generation on
ImageNet 512×512. Our DDT-XL/2(512 × 512) is fine-tuned
from the same model trained on 256 × 256 resolution setting of
1.28M steps. We adopt the interval guidance with interval [0.3, 1]
and CFG of 3.0

performance margin. In Tab. 3, some metrics exhibit sub-
tle degradation, we attribute this to potentially insufficient
fine-tuning. When allocating more training iterations to
DDT-XL/2, it achieves 1.28 FID at 500K steps with CFG3.0
within the time interval [0.3, 1.0].

5.4. Acceleration by Encoder sharing
As illustrated in Fig. 5, there is a strong local consistency of
the self-condition in our condition encoder. Even zt=0 has
a strong similarity above 0.8 with zt=1. This consistency
provides an opportunity to speed up inference by sharing
the encoder between adjacent steps.

We employed the simple uniform encoder sharing strat-
egy and the new novel statistics dynamic programming
strategy. Specifically, for the uniform strategy, we only re-
calculate the self-condition zt every K steps. For statistics
dynamic programming, we solve the aforementioned mini-
mal sum path on the similarity matrix by dynamic program-
ming and recalculate zt according to the solved strategy.
As shown in Fig. 6, there is a significant inference speedup
nearly without visual quality loss when K is smaller than
6. As shown in Tab. 4, the metrics loss is still marginal,
while the inference speedup is significant. The novel statis-
tics dynamic programming slightly outperformed the naive
uniform strategy with less FID drop.

5.5. Ablations
We conduct ablation studies on ImageNet 256 × 256 with
DDT-B/2 and DDT-L/2. For sampling, we take the Eu-
ler solver with 250 steps as the default choice without
classifier-free guidance. For training, we train each model
with 80 epochs(400k steps), and the batch size is set to 256.

Encoder-Decoder Ratio we systematically explored ra-
tios ranging from 2 : 1 to 5 : 1 across different model sizes.

SharRatio Acc Φ FID↓ sFID↓ IS↑ Prec.↑ Rec.↑

0.00 1.0× Uniform 1.31 4.62 308.1 0.78 0.66
0.50 1.6× Uniform 1.31 4.48 300.5 0.78 0.65
0.66 1.9× Uniform 1.32 4.46 301.2 0.78 0.65
0.75 2.3× Uniform 1.34 4.43 302.7 0.78 0.65

0.80 2.6× Uniform 1.36 4.40 303.3 0.78 0.64
StatisticDP 1.33 4.37 301.7 0.78 0.64

0.83 2.7× Uniform 1.37 4.41 302.8 0.78 0.64
StatisticDP 1.36 4.35 300.3 0.78 0.64

0.87 3.0× Uniform 1.42 4.43 302.8 0.78 0.64
StatisticDP 1.40 4.35 302.4 0.78 0.64

Table 4. Statistic Dynamic Programming Inference Acceler-
ation. All results are reported with classifier-free guidance. Our
StatisticDP outperforms uniform baseline with a moderate margin.

Timsteps:   0                                     1
Tim

steps:   0                                     1

Figure 5. The cosine similarity of self-condition feature zt from
encoder between different timesteps. There is a strong correla-
tion between adjacent steps, indicating the redundancy.

SharRatio 75%  (Acc 2.3x) 83%  (Acc 2.7x) 87%  (Acc 3.0x)50% (Acc 1.6x)

Figure 6. Sharing the self-condition zt in adjacent steps signif-
icant speedup the inference.We tried various sharing frequency
configurations. There is marginal visual quality down-gradation
when the sharing frequency is reasonable.

in Fig. 7 and Fig. 8. Our notation mEnnDe represents mod-
els with m encoder layers and n decoder layers. The inves-
tigation experiments in Fig. 7 and Fig. 8 revealed critical
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Figure 7. The DDT-B/2 built upon Improved-baselines under various Encoder and Decoder layer ratio. DDT-B/2(8En4De) achieves
much faster convergence speed and better performance.
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Figure 8. The DDT-L/2 built upon Improved-baselines under various Encoder and Decoder layer ratio. DDT-L/2 prefers an unex-
pected aggressive encoder-deocder ratio DDT-L/2(20En4De) achieves much faster convergence speed and better performance.

insights into architectural optimization. We observed that
a larger encoder is beneficial for further improving the
performance as the model size increases. For the Base
model in Fig. 7, the optimal configuration emerged as 8 en-
coder layers and 4 decoder layers, delivering superior per-
formance and convergence speed. Notably, the Large model
in Fig. 8 exhibited a distinct preference, achieving peak per-
formance with 20 encoder layers and 4 decoder layers, an
unexpectedly aggressive encoder-decoder ratio. This un-
expected discovery motivates us to scale the layer ratio in
DDT-XL/2 to 22 encoder layers and 6 decoders to explore
the performance upper limits of diffusion transformers.

Decoder Block types. In our investigation of decoder
block types and their impact on high-frequency decoding
performance, we systematically evaluated multiple archi-
tectural configurations. Our comprehensive assessment in-
cluded alternative approaches such as simple 3×3 convolu-
tion blocks and naive MLP blocks. As shown in Tab. 5,
the default (Attention with the MLP) setting achieves better
results. Thanks to the encoder-decoder design, naive Conv
blocks even achieve comparable results.

6. Conclusion
In this paper, we have introduced a novel Decoupled Diffu-
sion Transformer, which rethinks the optimization dilemma
of the traditional diffusion transformer by decoupling the

DecoderBlock FID↓ sFID↓ IS↑ Prec.↑ Rec.↑

Conv+MLP 16.96 7.33 85.1 0.62 0.65
MLP+MLP 24.13 7.89 65.0 0.57 0.65
Attn+MLP 16.32 6.63 86.0 0.62 0.66

Table 5. Metrics of 400K training steps on DDT-B/2(8En4De)
with different decoder blocks. All results are reported without
classifier-free guidance. The Default Attention + MLP configura-
tion achieves best performance.

low-frequency encoding and high-frequency decoding into
dedicated components. Furthermore, we discovered that in-
creasing the encoder capacity relative to the decoder yields
increasingly beneficial results as the overall model scale
grows. This insight provides valuable guidance for fu-
ture model scaling efforts. Our experiments demonstrate
that our DDT-XL/2 with an unexpected aggressive encoder-
decoder layer ratio achieves great performance while re-
quiring only 256 training epochs. This significant improve-
ment in efficiency addresses one of the primary limitations
of diffusion models: their lengthy training requirements.
The decoupled architecture also presents opportunities for
inference optimization through our proposed encoder re-
sult sharing mechanism. Our statistical dynamic program-
ming approach for determining optimal sharing strategies
enables faster inference while minimizing quality degrada-
tion, demonstrating that architectural innovations can yield
benefits beyond their primary design objectives.
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