Semantics Lead the Way: Harmonizing Semantic and Texture Modeling
with Asynchronous Latent Diffusion
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A. Additional Implementation Details
A.1. SemVAE Configuration

For semantic representation extraction, we employ
DINOvV2-B with registers [2, 19] on 256 x 256 images.
The SemVAE architecture consists of 4 transformer blocks
for both the encoder and decoder, with 29M parameters
each (58M total). We train on ImageNet-1K [3] for IM
iterations with random cropping as data augmentation.
Detailed hyperparameters are shown in Table 1.

A.2. Diffusion Model Configuration

We adopt LightningDiT [31] as our diffusion backbone,
which is available in multiple scales (B/L/XL/XXL). For la-
tent construction, SD-VAE [23, 31] (implemented in Light-
ningDiT' [31]) encodes textures into 32 channels with 16
spatial compression, while SemVAE extracts 16-channel se-
mantic representations. Their concatenation forms a unified
48-channel, 256-token latent for each 256 x256 image.

Following the ADM [4] preprocessing pipeline, all im-
ages are center cropped and resized to 256x256 resolu-
tion. Training is conducted on ImageNet-1K [3] for 800
epochs with a batch size of 256, using AdamW optimizer
with a learning rate of 1 X 10~% and B values of (0.9,
0.999). We employ logit-normal timestep sampling follow-
ing LightningDiT [31]. For sampling, the dopri5 solver [5]
with adaptive step size is employed, with absolute and rela-
tive tolerances set to 10~% and 1073 respectively. Detailed
hyperparameters across different model scales are shown in
Table 2.

A.3. Dual Timestep Embedding

To support asynchronous denoising, SFD employs two in-
dependent timestep embedders corresponding to the se-
mantic and texture timesteps ts and t,. Unlike Light-
ningDiT [31], which uses a single MLP-based embedder of
hidden dimension H, SFD constructs two smaller embed-
ders whose hidden dimensions are reduced to H/2. Each
embedder independently processes its respective timestep,
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Table 1. SemVAE training configuration.

Component Setting

Feature Extraction

Feature Extractor DINOV2-B-reg

Input Patch Size 256256
Architecture

Total Parameters 58M
Encoder Parameters 20M
Decoder Parameters 20M
Encoder Blocks 4
Decoder Blocks 4
Hidden Dimension 768
Attention Heads 6
Bottleneck Channels 16

KL Weight Ay 1077
Training

Dataset ImageNet-1K
Total Iterations 1,000,000
Batch Size 64

Data Augmentation Random cropping
Optimization

Optimizer AdamW
Learning Rate 5% 107°
(B1, B2) (0.9, 0.999)
LR Schedule

Warmup Steps 500
Constant Steps 800,000
Annealing Cosine to 5 x 107°

the two embeddings are then concatenated along the chan-
nel dimension and injected into the backbone. This design
allows the model to supply distinct timestep signals to the
semantic and texture latents:

e = [Ts(ts)a Tz(tz)]7 (1)

where [-, -] denotes channel-wise concatenation, and 75(+)
and 7, (+) are the semantic and texture timestep embedders.


https://github.com/hustvl/LightningDiT

Table 2. Hyperparameter settings across different model scales.

Backbone LightningDiT-B  LightningDiT-L.  LightningDiT-XL.  LightningDiT-XXL
Architecture

#Params 130M 458M 675M 1.0B
Input 16 x 16 x 48 16 x 16 x 48 16 x 16 x 48 16 x 16 x 48
Layers 12 24 28 32
Hidden dim. 768 1024 1152 1280
Num. heads 12 16 16 16

SFD settings

B8 2.0 2.0 2.0 2.0

At 0.3 0.3 0.3 0.3
REPA visual encoder DINOv2-B-reg  DINOv2-B-reg DINOv2-B-reg DINOv2-B-reg
REPA weight A 1.0 1.0 1.0 1.0
REPA alignment depth 2 2 2 2
REPA similarity function cosine cosine cosine cosine
Optimization

Batch size 256 256 256 256
Optimizer AdamW AdamW AdamW AdamW

Ir 1x107* 1x107* 1x107* 1x107*
(81, B2) (0.9, 0.999) (0.9, 0.999) (0.9, 0.999) (0.9, 0.999)
Sampling

Sampler dopri5 dopri5 dopri5 dopri5
Absolute tolerance 107¢ 107° 107¢ 107°
Relative tolerance 1073 1073 1073 1073

Table 3. Configurations of degraded models used for guidance.

Model Epochs Params Degraded Model Iterations Guidance Scale
LightningDiT-XL 80 675M  LightningDiT-B 70K 1.6
LightningDiT-XL 800 675M  LightningDiT-B 70K 1.5
LightningDiT-XXL 80 1.0B LightningDiT-B 60K 1.5
LightningDiT-XXL 800 1.0B LightningDiT-B 120K 1.5

A.4. Evaluation Details

AutoGuidance. = We employ AutoGuidance [12] as our
primary guidance method. Unlike Classifier-Free Guidance
(CFG) [9], which relies on an unconditional model, Auto-
Guidance guides the main diffusion model using a weaker
version of itself—typically a model with smaller capacity
or an earlier training snapshot. This self-guidance mech-
anism effectively suppresses out-of-manifold samples by
aligning the denoising trajectory toward regions of higher
data density, thereby improving image quality without sac-
rificing sample diversity. In practice, we use the de-
graded LightningDiT-B model as the guiding network. Af-
ter searching, configurations of degraded models are illus-
trated in Tab. 3.

Class-balanced Sampling. RAE [33] shows that class-
balanced sampling yields more reliable and lower FID es-
timates. To ensure fair comparison with prior work [17,
22,25, 28, 33], we follow this protocol and adopt class-

balanced sampling for FID-50K evaluation. Specifically,
we generate 50 images per class (50,000 in total).

B. Additional Experimental Results

B.1. Complete Comparisons

Table 4 presents a system-level comparison of class-
conditional generation on ImageNet 256 x 256. In the
guidance setting, our SFD achieves state-of-the-art perfor-
mance, surpassing existing methods in both FID and sFID.
Notably, our SFD-XL (675M) outperforms the previous
best model, RAE DiTPH (839M), with a lower FID (1.06
vs. 1.13), demonstrating superior generation quality with
fewer parameters. Scaling up to SFD-XXL (1.0B) further
pushes the performance boundary to a FID of 1.04. No-
tably, SFD achieves a superior sFID of 3.75, outperform-
ing previous methods by a substantial margin. Since sFID
serves as a metric for structural coherence and spatial align-
ment, this improvement validates the advantage of our ex-
plicit compression of semantic representations with spatial



layouts, which ensures robust global structure before tex-
ture refinement.

Regarding the unguided setting, SFD remains competi-
tive but exhibits limitations in texture convergence. This is
primarily attributed to the high complexity of the texture la-
tents. Unlike methods such as ReDi [14] or REG [29] that
utilize a standard f8d4 VAE, we employ the f16d32 variant
(following LightningDiT), which results in a latent space
with double the dimensionality. Consequently, modeling
these high-dimensional texture latents is inherently more
challenging and harder to converge.

B.2. Inference Strategies

Inference Steps. Table 5 illustrates FID scores with-
out guidance of various sampling steps, showing that SFD
maintains strong performance even with significantly fewer
inference steps. While other baselines require 200-250
steps to approach their optimal FID, SFD already achieves
a competitive score of 6.35 at only 100 steps, and further in-
creasing the steps to 250 yields only marginal improvement
(6.32). This observation suggests that the semantic-first de-
sign may facilitate more efficient sampling: by stabilizing
global semantics early, the model requires fewer refinement
steps to reach high-quality solutions.

Table 6 presents the FID scores with guidance across
varying sampling steps. Notably, SFD (XL) achieves a su-
perior FID of 1.045 at only 100 steps using the Euler sam-
pler, surpassing the result yielded by the dopri5S sampler
(1.064). Furthermore, in the few-step regime (25 steps),
SFD (XL) maintains its advantage over SVG [24], record-
ing an FID of 1.865 compared to 1.920 by SVG.

Class-balanced Sampling. To ensure a rigorous com-
parison, we re-evaluate prior state-of-the-art methods em-
ploying the same class-balanced protocol as discussed in
RAE [33]. Specifically, results for SiT [18], REPA [32], and
DDT [28] are adopted from RAE [33], while REPA-E [15]
figures are sourced from its original publication. Addition-
ally, we conduct independent evaluations for VA-VAE [31],
ReDi [14], and REG [29]. The quantitative comparison re-
sults are presented in Table 7. As observed, our proposed
SFD (XL) demonstrates consistent superiority across both
protocols. Remarkably, whether using class-balanced or
class-random sampling, SFD achieves the best performance
in terms of FID and sFID metrics, surpassing all competing
state-of-the-art methods.

B.3. Unconditional Generation

We further evaluate the proposed SFD on unconditional im-
age generation on ImageNet 256 x256. During both train-
ing and sampling, we set the class label to 1000 (the null
label). As shown in Table 8, SFD demonstrates remark-
able performance with high training efficiency. Even with-

out AutoGuidance (AG) [12], SFD significantly surpasses
ReDi (FID 25.10 — 10.24) after only 80 epochs and fur-
ther improves to an FID of 8.46 after 200 epochs. With AG
enabled, SFD achieves substantial gains, reaching FIDs of
3.77 and 2.90 at 80 and 200 epochs, respectively. We at-
tribute these improvements to the asynchronous denoising
mechanism of SFD, which becomes especially crucial in
the unconditional setting. These results suggest that, with-
out class labels as conditional guidance, smoother semantic
representations are more easily modeled, thus providing ac-
curate global structural cues for superior generation perfor-
mance.

B.4. SFD for VA-VAE

Tab. 9 analyzes the impact of applying Semantic-First Dif-
fusion (SFD) to VA-VAE [31]. For both VA-VAE and ReDi
settings, the SFD implementations used for comparison are
our reproduced versions. When equipped with SFD, VA-
VAE improves performance from an FID of 4.52 to 4.14,
indicating that SFD is also compatible with joint semantic-
texture latent space. However, its overall performance still
lags behind our SD-VAE-based SFD (FID 3.03). This is
likely because VA-VAE’s latent space inherently entangles
semantics and textures, leaving limited flexibility for the
asynchronous denoising mechanism to operate effectively.
In contrast, disentangling semantic and texture representa-
tions (as done in SD-VAE) allows the semantic latents to
stabilize early and provide clearer global guidance for tex-
ture refinement, ultimately yielding higher generative qual-

1ty.

B.5. Computational Cost

We evaluate the computational overhead introduced by inte-
grating SFD into LightningDiT-XL. SFD modifies the back-
bone in two ways. First, it augments the latent representa-
tion with a 16-channel semantic latent, which introduces a
marginal increase in backbone FLOPs. Second, SFD re-
places the single timestep embedder in LightningDiT with
two independent embedders that operate on the semantic
and texture timesteps ¢ and £,. As shown in equation 1, al-
though two embedders are used, the total parameter count is
actually smaller, since MLP parameters grow quadratically
with hidden dimension. Consequently, two (H/2)-width
MLPs contain only 0.5x the parameters and FLOPs of a
single H-width MLP.

Table 10 reports the computational cost comparison.
SFD incurs only a negligible increase in FLOPs (less than
0.01%) while delivering a dramatic improvement in FID at
400K iterations. This indicates that SFD achieves an ex-
tremely favorable cost—performance tradeoff with virtually
no additional computational burden.



Table 4. System-level comparison of class-conditional generation on ImageNet 256 < 256.

Method Epochs #Params Generation@256 w/o guidance Generation @256 w/ guidance
FID, sFID] ISt  Prec.tf Rec.t FID|] sFID| ISt Prec.t Rec.?
Autoregressive
VAR [25] 350 2.0B - - - - - 1.80 - 3654 0.83 057
MAR [17] 800 943M 2.35 - 227.8 079  0.62 1.55 - 303.7 0.81 0.62
XAR [22] 800 1.1B - - - - - 1.24 - 301.6 083 0.64
Pixel Diffusion
ADM [4] 400 554M 1094 6.02 101.0 0.69 0.63 394 6.14 2158 083 053
RIN [11] 480 410M 3.42 - 182.0 - - - - - - -
PixelFlow [1] 320 677TM - - - - - 1.98 5.83 282.1 0.81 0.60
PixNerd [27] 160 700M - - - - - 2.15 4.55 2970 0.79 0.59
SiD2 [10] 1280 - - - - - - 1.38 - - - -
Latent Diffusion
DiT [20] 1400 675M 9.62 6.85 121.5 0.67 0.67 2.27 460 2782 0.83 0.57
MaskDiT [34] 1600 675M 5.69 1034 1779 074 0.60 228 5.67 276.6 0.80 0.61
SiT [18] 1400 675M 8.61 6.32 131.7 0.68 0.67 206 450 2703 082 0.59
FasterDiT [30] 400 675M 7.91 545 1313  0.67 0.69 2.03 463 2640 0.81 0.60
MDT [6] 1300 675M 6.23 523 1430 0.71 0.65 1.79 457 283.0 0.81 0.61
MDTv2 [7] 1080 675M - - - - 1.58 452 3147 0.79 0.65
DDT [28] 400 675M 6.27 - 1547 0.68 0.69 1.26 - 310.6  0.79 0.65
Leveraging Visual Representations
VA-VAE [31] 800 675M 2.17 436 2056 0.77 0.65 1.35 4.15 2953 0.79 0.65
REPA [32] 800 675M 5.90 - - - - 142 470 3057 080 0.65
REPA-E [15] 800 675M 1.69 417 2193 0.77 0.67 .12 409 3029 0.79 0.66
ReDi [14] 800 675M 330 480 1889 074 0.68 1.61 466 2951 0.78 0.64
REG [29] 800 677TM 1.80 459 2308 0.77 0.66 136 425 2994 0.77 0.66
RAE [33] (DiT-XL) 800 676M 1.87 - 209.7 0.80 0.63 1.41 - 3094 0.80 0.63
RAE [33] (DiT”"-XL) 800 839M 1.51 - 2429 079 063 113 - 2626 078  0.67
SFD (XL) 80 675M 343 434 1620 0.75 0.65 1.30 387 2334 0.78 0.64
SFD (XL) 800 675M 254 438 1917 0.75 0.67 1.06 389 267.0 0.78 0.67
SFD (XXL) 80 1.0B 2.84 425 172.6 0.75 0.65 1.19 400 2404 0.78 0.65
SFD (XXL) 800 1.0B 238 437 1979 0.75 0.67 1.04 375 2642 0.78 0.66

Table 5. FID (}) comparison across inference steps. All models are trained for 400K iterations and evaluated using the Euler sampler
without guidance. Reported values are FID-10K scores computed at different inference step counts.

Inference steps

Method

250 200 150 100 80 60
LightningDiT 12.50 12.58 12.67 1291 13.03 13.40
LightningDiT+REPA 10.00 10.10 10.23 10.50 10.67 10.94
LightningDiT+VA-VAE 7.66 7.66 7.68 7.70 7.76 7.83
LightningDiT+ReDi 8.58 8.63 8.72 8.86 9.02 9.32

LightningDiT+SFD (Ours)  6.32 6.26 6.41 6.35 6.81 6.77

C. Additional Ablation Studies resentations. To investigate its design choices, we conduct a
series of ablation studies on four key aspects: the choice of
C.1. Semantic VAE Design pretrained vision encoder, model scaling within the encoder

family, the number of output channels representing seman-

Our Semantic VAE (SemVAE) compresses pretrained vi- tic capacity, and the choice of reconstruction objective.

sion foundation model features into compact semantic rep-



Table 6. FID (|) comparison across inference steps for SFD (XL) and SFD (XXL) models at 4M training iterations with guidance.

Reported values are FID-50K scores.

Method dopri5 250 200 150 100 80 60 50 40 30 25

SVG [24] - - - - - - - - - - 1.920

SFD (XL) 1.064 1.051 1.050 1.048 1.045 1.086 1.102 1.206 1.510 1.447 1.865

SFD (XXL) 1.040 1.035 1.040 1.041 1.058 1.080 1.106 1.190 1429 1456 1.844

Table 7. Comparison of class-random sampling and class-balanced sampling.
Method Random sampling Balanced sampling
FID] sFIDJ NG Prec.t Rec.t FID] sFID|] NG Prec.t Rec.t

SiT [18] 2.06 450 2703  0.82 0.59 1.95 - 259.5 - -
REPA [32] 1.42 470 3057 0.80 0.65 1.29 - 3063 0.79 0.64
REPA-E [15] 1.26 411 3149 0.79 0.66 1.12 4.09 3029 0.79 0.66
DDT [28] 1.40 - 303.6 - - 1.26 - 310.6  0.79 0.65
VA-VAE [31] 1.35 415 2953 0.79 0.65 1.23 420 296.0 0.79 0.65
ReDi [14] 1.61 466  295.1 0.78 0.64 1.60 599 2947 0.78 0.64
REG [29] 1.36 425 2994 077 0.66 1.19 444 3054 0.78 0.66
RAE [33] (DIT""-XL)  1.28 - 262.9 - - 1.13 - 2626 078  0.67
SFD (XL) 1.18 3.8 2668 0.78 0.67 1.06 3.8 267.0 0.78 0.67

Table 8. Comparison of unconditional generation on ImageNet
256x256. RG and AG are short of Representation Guidance [14]
and AutoGuidance [13].

Method Epochs Params FID] ISt
DiT-XL [20] 400 675M  30.68 32.7
ReDi [14] 80 675M 25.10 -
ReDi [14] (w/ RG) 80 675M  22.60 -
RAE [33] (w/ AG) 200 839M 496 123.1
RCG [16] (DiT-XL/2) 400 675M 489 1432
RCG [16] (MAGE-L) 800 502M  3.44  186.9
RCG-G [16] MAGE-L) 800 502M 215 2534
SFD (w/o AG) 80 675M 10.24 785
SFD (w/ AG) 80 675M  3.77 1279
SFD (w/o AG) 200 675M  8.46 89.9
SFD (w/ AG) 200 675M 290 1485

Table 9. Effect of SFD for VA-VAE.

TexEnc SFD FID]
VA-VAE X 4.52
VA-VAE v 4.14
SD-VAE (ours) v 3.03

Different target representation and model scaling.
Tab. 11 (a) compares several pretrained vision encoders
used as target representations. Among all candidates,
DINOV2-B achieves the lowest FID of 3.03, outperforming
MAE [8], CLIP [21], and SigLip [26], indicating that DI-
NOV2 provides the most effective supervision for compact

Table 10. Computational cost and performance comparison
between LightningDiT and LightningDiT+SFD at 400K iterations
on ImageNet 256 x256. SFD adds negligible computational over-
head while delivering substantially improved generation quality.

Method #Params (M) GFLOPs| FID]
LightningDiT-XL. 683.39 116.479 9.29
LightningDiT-XL + SFD 682.77 116.487 3.53

semantic latent learning. Tab. 11 (b) studies different model
scales within the DINOv2 family. Larger encoders yield
better semantic guidance, with DINOv2-L achieving the
best FID of 2.97. Notably, this finding stands in contrast to
recent works like REG [29] and RAE [33], which identified
DINOV2-B as the optimal choice and observed performance
degradation when scaling to larger VFMs due to their in-
creased dimensionality. Our results demonstrate the supe-
riority of our explicit semantic compression strategy, which
effectively handles high-dimensional features and unlocks
the potential for further scaling with more powerful VFMs.
Considering the trade-off between performance and effi-
ciency, we adopt DINOv2-B as the default pretrained visual
encoder.

Channel capacity. DINOv2-B outputs 768-dimensional
features, which are compressed by the Semantic VAE into
a lower-dimensional semantic latent. Tab. 11 (c) investi-
gates the impact of varying the latent channel capacity. We
observe a consistent performance improvement as the num-
ber of channels increases from 2 to 16. This trend indi-



Table 11. Ablation on Semantic VAE design. (a) compares different target representation models; (b) studies model scaling within

DINOV2 family; (c) analyzes semantic channel capacity.

Target Repr.  FIDJ Target Repr.
DINOv2-B 3.03 DINOv2-S
MAE-B 6.29 DINOv2-B
CLIP-B 4.89 DINOv2-L

SigLip-B 4.15

(a) Model comparison.

Table 12. Different reconstruction objectives for SemVAE.

Recon Loss FID |
MSE only 10.79
Cosine similarity only 10.71

MSE + Cosine similarity  10.14

cates that a higher channel capacity is essential for preserv-
ing the rich semantic information embedded in the origi-
nal high-dimensional features. The 16-channel configura-
tion achieves the best FID of 3.03, confirming that retaining
more semantic details directly contributes to superior gen-
eration quality.

SemVAE reconstruction objective. Tab. 12 compares
different reconstruction objectives for training the Seman-
tic VAE. We consider MSE loss, cosine similarity loss,
and their combination. MSE preserves feature magnitude
fidelity, while cosine similarity encourages angular align-
ment in the high-dimensional feature space. Using either
loss alone yields inferior performance, with FID scores of
10.79 and 10.71, respectively. Their combination achieves
the best FID of 10.14, so we use the combined objective by
default.

C.2. Effect of semantic loss weight

Tab. 13 analyzes the impact of the semantic loss weight 3
in the velocity prediction objective. As the weight increases
from 0.25 to 2.0, the FID score consistently decreases, indi-
cating that stronger semantic supervision enhances training
stability and generation performance. However, when 3 be-
comes excessively large (e.g., 4.0 or 8.0), the performance
degrades, suggesting that overemphasizing semantics sup-
presses texture learning and leads to loss of fine details.
Overall, 8 = 2.0 achieves the best balance between seman-
tic guidance and texture refinement, yielding the lowest FID
of 3.03.

C.3. Effect of REPA configurations

Alignment depth. Tab. 14 presents a systematic study
of REPA configurations. In our experiments, applying the

(b) Scaling comparison.

FID| #Channels FIDJ
4.14 2 3.90
3.03 4 3.67
2.97 8 3.16

16 3.03

(c) Channel capacity.

Table 13. Effect of semantic loss weight.

Weight 3 025 0.5 1.0 2.0 4.0 8.0
FID, 346 326 3.08 3.03 328 3.96

Table 14. Ablation on REPA configurations. Depth of conduct-
ing REPA loss, loss weight A, and loss type are included.

Depth  Weight A Type FID|
- - - 4.15
2 0.5 cosine+MSE  3.03
4 0.5 cosine+MSE 3.07
6 0.5 cosine+MSE 3.24
8 0.5 cosine+MSE 3.16
10 0.5 cosine+MSE 3.19
12 0.5 cosine+MSE 3.28
2 0.25 cosine+MSE 3.30
2 0.5 cosine+MSE  3.03
2 1.0 cosine+MSE 3.18
2 2.0 cosine+MSE 3.25
2 4.0 cosine+MSE 3.20
2 0.5 cosine 3.16
2 0.5 MSE 3.13
2 0.5 cosine+tMSE  3.03

REPA loss at shallow layers (specifically at depth 2) yields
the best performance with an FID of 3.03, whereas the
original REPA [32] reports optimal performance at depth
8. We attribute this discrepancy to the distinct role of the
alignment loss in our framework. While the original REPA
operates as a distillation process that forces the diffusion
model to gradually analyze and understand the input la-
tents, our approach utilizes the REPA loss to drive the model
to decode and reconstruct high-level semantic representa-
tions from the noisy compressed latents. Since decoding
from a semantic latent is inherently a more straightforward
task than analyzing semantics from scratch, our model can
achieve effective alignment at much shallower layers. Con-
sequently, early-layer alignment suffices to recover the se-
mantic guidance, avoiding the need for deeper intervention.



Figure 1. Semantic-Texture Separation. (a) Both semantic and
texture noise varied. (b) Semantic noise fixed, texture noise varied.

REPA loss weight A. For the REPA loss weight A, the
model achieves the lowest FID at A = 0.5. This indicates
that a moderate alignment strength provides a good balance
between semantic consistency and generative fidelity.

REPA similarity function. We also compare results of
different REPA similarity functions. While conventional
REPA employs cosine similarity for feature alignment, we
additionally explore combining cosine and MSE losses in-
spired by our SemVAE training. The combined objec-
tive (cosine+MSE) achieves the best performance of 3.03
FID score, outperforming single-loss variants. This sug-
gests that employing a similarity function consistent with
the SemVAE training metric yields optimal results. Further-
more, it demonstrates the complementary nature of the two
terms: MSE ensures distribution-level precision, whereas
cosine similarity enhances directional alignment, leading to
better semantic matching and visual realism.

It is worth noting that the optimal settings identified in
this ablation study differ slightly from the final hyperparam-
eters presented in Table 2. This discrepancy arises because
the ablation experiments were evaluated at 400K iterations;
however, over the full training duration (4M iterations), the
configuration detailed in Table 2 yielded superior perfor-
mance. Consequently, our final model adopts the settings
from Table 2 rather than strictly following the ablation out-
comes.

D. Limitation and Future Work

Currently, SFD employs a fixed temporal offset At to man-
age the asynchronous denoising process. However, a static
offset may not be optimal across all noisy levels. Future
work could explore dynamic or adaptive schedules for At to
further enhance the synergy between semantic and texture
generation. Furthermore, our framework presently relies on
the REPA loss as an auxiliary objective to enforce feature
alignment. A promising direction for future research is to
investigate methods that eliminate the need for such auxil-
iary supervision, aiming for a cleaner and more streamlined
optimization structure.

Beyond algorithmic refinements, extending and scaling
SFD to more complex application scenarios represents a

highly valuable research direction. Specifically, adapting
SFD to text-to-image and text-to-video generation tasks
could further validate its potential in handling intricate mul-
timodal guidance and temporal consistency.

E. More Visualization Results

We further provide visualizations in Fig. 1 to demonstrate
the separation between semantics and textures. Varying the
semantic latent changes the global composition and layout,
as shown in Fig. 1(a). In contrast, fixing the semantic noise
while varying the texture noise preserves the overall struc-
ture but changes local appearance details (e.g., fur texture,
scarf appearance), as shown in Fig. 1(b). These results qual-
itatively demonstrate a clear separation between semantic
and texture latent.

We qualitatively compare the training progression in Fig-
ure 2, where all models are evaluated using the same ini-
tial noise. The baseline LightningDiT, REPA, and VA-VAE
variants exhibit weaker structural consistency and struggle
to form coherent details in the early training stages. In con-
trast, SFD produces clearer structures and more realistic
details at much earlier iterations, demonstrating noticeably
faster convergence.

We also present more visualization results of SFD in Fig-
ures 3 - 11.
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Figure 2. Visualization of training results across different iterations (160K, 320K, and 480K). Under a fixed random seed and identical
initial noise, SFD produces clearer structures and more realistic details at early stages, demonstrating faster convergence compared with
other variants.
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Figure 3. Visualization results of LightningDiT-XL + SFD for the ImageNet class “Bald eagle” (22).
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Figure 6. Visualization results of LightningDiT-XL + SFD for the ImageNet class “Teapot” (848).



Figure 9. Visualization results of LightningDiT-XL + SFD for the ImageNet class “Castle” (483).



Figure 10. Visualization results of LightningDiT-XL + SFD for the ImageNet class “Lakeside” (975).

Figure 11. Visualization results of LightningDiT-XL + SFD for the ImageNet class “Hot-air balloon” (417).
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