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A close-up shot of a butterfly landing on the nose of a woman,
highlighting her smile and the details of the butterfly’s wings.”

"A close-up of a woman’s face with colored powder exploding
around her, creating an abstract splash of vibrant hues.”

Figure 1. Visual comparison of video quality between CFG (top row) and our STG method (bottom row). Best viewed in Acrobat Reader;

click on the images to watch the videos.

Abstract

Diffusion models have emerged as a powerful tool for
generating high-quality images, videos, and 3D content.
While sampling guidance techniques like CFG improve
quality, they reduce diversity and motion. Autoguidance
mitigates these issues but demands extra weak model train-
ing, limiting its practicality for large-scale models. In this

* indicates equal contribution.

work, we introduce Spatiotemporal Skip Guidance (STG), a
simple training-free sampling guidance method for enhanc-
ing transformer-based video diffusion models. STG em-
ploys an implicit weak model via self-perturbation, avoid-
ing the need for external models or additional training. By
selectively skipping spatiotemporal layers, STG produces
an aligned, degraded version of the original model to boost
sample quality without compromising diversity or dynamic
degree. Our contributions include: (1) introducing STG as
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an efficient, high-performing guidance technique for video
diffusion models, (2) eliminating the need for auxiliary
models by simulating a weak model through layer skip-
ping, and (3) ensuring quality-enhanced guidance without
compromising sample diversity or dynamics unlike CFG.
For additional results, visit https :// junhahyung.
github.io/STGuidance/.

1. Introduction

Diffusion models [11, 30—32] are a successful class of gen-
erative models known for their flexibility in modeling com-
plex data distributions, achieving impressive results in im-
age, video, and 3D generation. By progressively denoising
random noise, they enable robust generalization, making
them a leading choice for realistic content generation and
often surpassing GAN-based methods [5, 9, 18, 29]. Build-
ing on this success, video diffusion models [4, 12, 27, 33,
38] generate high-quality videos by using temporal or 3D
attention layers to handle sequential frames.

Meanwhile, to enhance sample quality, sampling
guidance techniques such as Classifier-Free Guidance
(CFG) [10] and Autoguidance [19] have been introduced
to guide the denoising process. These techniques employ
weak models to predict poor trajectories, steering the main
model away from them and pushing samples toward high-
quality regions on the data manifold. However, CFG often
reduces diversity, leading to saturated or overly simplified
results [6, 19].

Autoguidance [19] addresses this issue by using a weak
model trained on the same task, conditioning, and data dis-
tribution as the main model. The main drawback of this
approach, however, is the need to train an additional weak
model, which is impractical for large-scale models. Alter-
native methods such as PAG [1] and SEG [13] use self-
perturbation to implicitly mimic a weak model, avoiding
the need for extra training. Yet, these methods are designed
specifically for image generation diffusion models, apply-
ing self-perturbation to 2D spatial attention maps.

In this work, we propose Spatiotemporal Skip Guid-
ance (STG), a simple and effective sampling guidance
method for video diffusion models that significantly en-
hances the performance of any transformer-based video
diffusion model without additional training. Specifically,
we use an implicit weak model for guidance through self-
perturbation, eliminating the need for explicit weak models
and their associated training costs. This is especially crucial
for video diffusion models, where training costs are high.

Our implicit weak model, a key component of our frame-
work, is deliberately designed as a degraded but “aligned”
version of the original video generation model. As demon-
strated in Autoguidance [19], having the weak model share
the same task, conditioning, and data distribution as the

High  ~
Quality *

Figure 2. Comparison between CFG and STG, with the band con-
ceptually representing the noisy data manifold. In STG, the weak
model and the main model are aligned along the direction of in-
creasing quality. In contrast, the two models in CFG differ not
only in quality but also in aspects such as diversity and prompt
alignment capabilities.

main model is essential for quality improvement, as we ex-
pect both models to exhibit similar, aligned errors in the
same parts of samples. We conceptually illustrate this align-
ment in Fig. 2, where our weak model and main model are
arranged in a direction of increasing quality. To achieve
this, we apply spatiotemporal perturbation to both spatial
and temporal attention layers—or, in the case of 3D atten-
tion, to the entire layer—by selectively skipping certain lay-
ers. This straightforward approach effectively nullifies spe-
cific residual or attention layers, generating a lower-quality
version of the model that simulates an aligned weak model.

To ensure samples remain on the data manifold, even
when using large guidance scales, we employ optional tech-
niques such as the rescaling [21] and restart [36] methods.
Rescaling the latent code constrains its variance, address-
ing the issue of larger variance causing saturation in the re-
sults [21]. Meanwhile, the restart sampling technique lever-
ages the error contraction property of forward SDEs [36] to
keep the sampling trajectory on the manifold. These tech-
niques help prevent overshooting in the sampling trajectory,
which could otherwise push samples off the manifold and
result in saturated or distorted outputs.

Our key contributions are as follows:

* We propose STG—a surprisingly simple sampling guid-
ance framework that significantly boosts the performance
of video diffusion models.

* Our method introduces an implicit weak model by skip-
ping spatiotemporal layers in video diffusion models,
eliminating the need for additional training or external
models.

* Our method enhances sample quality during guidance
without reducing diversity or limiting the dynamics of
generated videos.
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2. Related Work

Guidance with trained weak model Classifier-Free
Guidance (CFG) [10] improves conditional generation in
Diffusion Models by using an implicit unconditional model
as a weak model. However, differences in tasks between
the unconditional and conditional models can reduce sam-
ple diversity [6, 19] and increase sampling trajectory cur-
vature [6], leading to overshooting the data manifold and
producing skewed or oversaturated images.

Autoguidance [19] mitigates these issues by employing
a bad version of the main model as a weak model, trained
with reduced capacity and compute to ensure alignment.
This alignment allows the guidance algorithm to correct er-
rors by analyzing prediction differences. While effective, it
requires additional training, which is challenging for large-
scale video diffusion models.

Guidance with training-free weak model Another
line of work avoids additional training by using self-
perturbation of the main model to mimic a weak model.
Self-Attention Guidance (SAG) [14] blurs high-attention re-
gions, Perturbed Attention Guidance (PAG) [1] replaces at-
tention maps with identity matrices, and Smoothed Energy
Guidance (SEG) [13] applies Gaussian blur to the attention
weights to smooth the energy landscape. These methods
guide sampling toward high-quality outputs by leveraging
differences in predictions from the weakened model. While
effective, they are primarily designed for image diffusion
models with 2D self-attention. We aim to extend this ap-
proach to video diffusion models, which require handling
temporal dynamics with additional temporal or 3D spa-
tiotemporal attention layers.

3. Preliminaries

3.1. Diffusion models

Diffusion models generate samples by progressively remov-
ing noise from noisy data, restoring the original data distri-
bution. Song et al. [32] defined the process of adding noise
to the data using a stochastic differential equation (SDE):

dzr = —@x dt ++/p(t) dw, (1)

where ((t) is a time-dependent noise schedule, and w repre-
sents the standard Wiener process. Corresponding reverse-
time SDE is:

dr = |- )0, 0gpi(@)| dt + VBG a0 @)

where dw is the Wiener process running backward in time.
Here, the score function V, log p;(z) is approximated by

a neural network sg(x(t)) trained using denoising score
matching [35]:

0* = arg min {MOE B, [
[Iso(xs) — Vs, logpt(wtlfco)l\g} } )
3.2. Classifier Guidance

Classifier Guidance (CG) [25] reformulates the reverse pro-
cess of a diffusion model by incorporating an external clas-
sifier py as

Po(e|y) o< po(we)ps(ylae)?, “4)

where y is the desired class label and A controls the guid-
ance strength. The score function is then derived as:

Ve, log pg(xtly) = Vo, log pg(z¢)
+ AV, logpg(ylze).  (5)

By substituting the score function in Eq. 2 with Eq. 5, sam-
pling from the desired class condition y becomes possible.

3.3. Classifier-Free Guidance

Classifier-Free Guidance (CFG) [10] uses Bayes’ rule to re-
place a classifier-guided score with a linear combination of
conditional and unconditional score estimates:

& () = ealwy) + X (eg(xy) — eg(24])) . (6)

CFG jointly trains the unconditional model eg(x:|¢) and
the conditional model eg(x:|c) (= €p(x+)) within a single
model by setting the condition ¢ to a null token ¢. Using
this guided denoising process, the model better captures the
conditions and often generates high-fidelity outputs.

4. Method
4.1. Optimal Weak Model Design

Our goal is to construct an aligned weak model that captures
a distribution similar to the original model while generating
slightly lower-quality samples. This ensures that the guid-
ance gradient points toward improved quality, as shown in
Fig. 2. Misaligned models, as seen in CFG [10], may lead to
unintended outcomes like reduced diversity, while Autogu-
idance [19] requires additional weak model training, mak-
ing it impractical for large-scale models.

To address these limitations, we design an implicit weak
model by leveraging the original model itself, eliminating
the need for external training. This training-free approach
ensures computational efficiency and better alignment, as
the weak model is derived directly from the original, pre-
serving most network weights.

To achieve this, we apply perturbation methods directly
to the main model’s forward pass, creating an implicit weak
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Models

Imaging Quality  Aesthetic Quality Motion Smoothness

Dynamic Degree  Temporal Flickering

Mochi (CFG) 0.524 0.507 0.985 0.87 0.976
Mochi (STG) 0.628 0.554 0.988 0.86 0.978
Open-Sora (CFG) 0.561 0.493 0.982 0.902 0.975
Open-Sora (STG) 0.606 0.509 0.987 0.895 0.976

Table 1. Quantitative results for Mochi [33] and Open-Sora [38] on VBench [15] T2V benchmarks.

Models FVD () IS Imaging Quality Aesthetic Quality Motion Smoothness Dynamic Degree
SVD (CFG) 151.3 38.0 0.687 0.637 0.966 0.562
SVD (STG) 128.7 385 0.694 0.639 0.968 0.694

Table 2. Quantitative results for SVD [4] on FVD, IS, and VBench [15] I2V benchmarks.

model. Specifically, we use spatiotemporal perturbation,
a key component for aligning the weak model with video
diffusion models, which will be elaborated upon in detail.

4.2. Sampling from High Quality Samples

Similar to CG [25], we define our goal as conditioning the
model on an imaginary label y, that represents high-quality
samples, leading to the sampling distribution

Po(zt|yy) x po(xe)pe(yglze)”. (7)

Using w > 0 sharpens the distribution, promoting the gen-
eration of high-quality samples. From Eq. 7, the score is
derived as

vxt 10gﬁ0(£t|yg)
= th 10gp9 (xt) + wvm 10gp¢(yg‘xt)~ (®)

Rather than using an external classifier pg, we propose us-
ing our model py as an implicit classifier. We design this
classifier to be inversely proportional to the probability of
an imaginary “bad” label y;, expressed as

1

_ 9
Po(ys|re) 2

Po(Yglz) o<

Using Bayes’ rule, the function can be expressed in terms
of the marginal posterior as follows:

1 pg(a:t)
th log —— = z4 log —— =7~ ~*2
% po(wslar) ® po(wo)pe (xelyn)
= Vg, (log pa(z:) — log po(z¢|ys)), (10)

leading to the score of the target distribution as:

V., log po(z¢|yg) = Va, log pe(z¢)
+wVy, (log pe(xt) —log pe(zelys)). (11)

We can sample from py(z¢|y,) by substituting the score

function in Eq. 2 with Eq. 11, resulting in:
B(t
de = | — %x — B(t)(Vy, log ps(a) (12)

+ wVy, (log pg(2:) — log pa(a¢|ys)) | dt + /B(t)dw,

and solving the reverse SDE. Since the score function is ap-
proximated using the neural network, we can generate sam-
ples using

& (1) = eo(wr) +w(eo(zr) — h(wr)).  (13)

An interesting approach here is to model
V., logpg(at|yy) by perturbing the forward pass of
€o(x¢), denoted as €} (z;). Now the main focus is designing
a perturbation that effectively yields the weak model
capable of estimating €} (), aligning closely with €y (),
as discussed in Sec. 4.1. Ideally, we want a distribution that
deviates minimally from ey(z;) while producing slightly
lower-quality samples.

4.3. Spatiotemporal Skip Guidance (STG)

We introduce Spatiotemporal Skip Guidance (STG), a sim-
ple guidance method designed for video diffusion models
that generates diverse, high-fidelity samples while address-
ing the limitations of existing methods. STG implicitly sim-
ulates an aligned weak model through spatiotemporal per-
turbation, capturing the spatiotemporal dynamics of video
data.

An interesting discovery of this paper is that skipping
layers within the network is an effective approach for con-
structing an aligned weak model. Modern neural network
architectures for video diffusion models, such as ADM [25],
DiT [26], and SiT [23], are partially or fully transformer-
based and contain attention layers and residual blocks.
These architectures are well-suited for layer skipping, as
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w=0 w=0.5

A macro cinematography animation showing a butterfly emerging from its chrysalis, filmed with side-lit lighting ...

w=1.5 » W;2.0

Figure 3. Selected frames from videos generated by Mochi [33] with increasing STG scales.

X | % CFG
-e. STG

0.4750 0.4775 0.4800 0.4825 0.4850 0.4875 0.4900

Imaging Quality

Figure 4. Comparison of CFG and STG across varying scales in
terms of Imaging Quality and FVD.

they can still produce plausible outputs without significant
degradation, even when a few layers are removed.

Layer skipping is advantageous for generating an aligned
weak model because it retains most of the neural network’s
weights and forward pass, resulting in similar predictions
and distributions. This approach offers a clear advantage
over methods that rely on external models, such as Autogu-
idance [19], or alternative objectives like CFG [10], where
forward passes differ significantly.

Moreover, our method applies perturbations to both spa-
tial and temporal layers (or spatiotemporal layers), unlike
existing image-based perturbation methods [13, 14] limited
to 2D spatial attention layers. This dual-layer perturbation
is essential for aligning the weak model with the main video
diffusion model. We now discuss various STG configura-
tions that can be applied across different video diffusion
model architectures.

Residual skip To skip an entire residual block, we modify
Res(z;) to Res (z;),

Res(z1) = zi41 = fi(z1) + 21, (14)

Res (z1) = zi41 = 21, (15)

where z; and z;4; represent the features at the "™ and
(I + 1)™ layers, respectively, and f; denotes the /™ neural
net layer. The residual layers, which add small residuals
fi(z;) to the original feature z;, ensure that the perturbed
z14+1 does not deviate significantly from the original z;4.

This reduces out-of-distribution issues in consecutive lay-
ers, generating perturbed but aligned samples.

Attention skip Self-attention computes a linear combina-
tion of value tensors as

T

SA(Q, K, V) = Softmax (Qj%

where Q c R(hxwxf)xd, K ¢ R(hxwxf)xd’ vV €
R(xwxf)xd are the query, key, and value matrices, respec-
tively. Here, h, w, f, and d represent the height, width,
frame number, and channel dimensions.

We can skip this layer partially by passing the value ma-
trix directly to the next layer without computing its linear
combination. This is equivalent to replacing the attention
matrix A with an identity matrix I € RPf>*hwf resulting
in

)V:AV, (16)

SA(Q,K,V) =1V. (17)
This represents a 3D extension of PAG [1].

Factorized attention While recent models like Movie
Gen [27] and Mochi [33] utilize full 3D spatiotemporal at-
tention layers, many models, such as SVD [4] and Open-
Sora [38], still use factorized attention layers for efficiency.
These models employ sequential 2D spatial attention and
1D temporal attention to approximate 3D spatiotemporal at-
tention. For factorized models, we apply skip perturbation
of Eq. 17 to spatial and temporal layers separately and use
their linear combination for the final guidance.

We denote the spatial and temporal perturbation labels
as ysp and yyp, respectively. In practice, ysp and yy, are
rarely independent, as they can influence each other. For in-
stance, random spatial perturbations that create varied color
adjustments across frames may disrupt temporal continuity.
Similarly, random temporal perturbations can affect spatial
consistency, leading to distortions in specific frames. How-
ever, for our skip perturbations, we can loosely assume in-
dependence, as skipping layers primarily reduces details in
residual networks, which may not inherently affect tempo-
ral consistency.

Therefore, to simplify the derivation, we initially assume
independence between spatial and temporal perturbations.
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(1) A romantic scene of a couple dancing under string lights in a backyard, with warm, golden tones highlighting their laughter:

(2) An animation showing a floating castle drifting above the clouds, with birds flying around it and sunlight casting golden rays ...
(3) A realistic documentary-style video of artisans crafting pottery, with the scene unfolding and transforming as hands shape clay ...
(4) A ghost in a white bedsheet faces a mirror. The ghost’s reflection can be seen in the mirror. The ghost is in a dusty attic ...

Figure 5. Qualitative comparison between CFG and STG on videos generated by Mochi [33].
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We will revisit this assumption and propose an adjustment
afterward. Under this independence assumption, the joint
distribution can be expressed as

Do (Tt|yn) = Po(@e|ysv)Po (@t |Yw)- (18)

Following the same approach as in Eq. 9 and using Eq. 11,
we modify the score in Eq. 8 as follows:

Va, logpe(w¢lyy) = Va, log pg(zs)
+ wVy, (log pg(x¢) — log pg(¢|ys))
+wVy, (log po () — log pa(¢|ye))- (19)

By replacing the score with the estimated denoiser and
utilizing separate scales for spatial and temporal terms, we
obtain the following equation:

& (v1) = eg(we) + wilea(ze) — €y(zt))
+ wa(eg(ws) — €p(xt)) (20)

where €} () and €, (x;) represent spatially and temporally
perturbed models, respectively.

Next, we revisit our assumption of independence be-
tween spatial and temporal perturbations. While Eq. 20
works well in practice, we can derive an alternative STG
formulation that uses orthogonalization to isolate the in-
dependent components of the spatial and temporal guid-
ance. Inspired by a negative prompting technique [3], we
can modify the Eq. 20 as follows:

65”(3&) = eg(x) + w1
<AS7 At>

+ w2 <At - W As) , 2D

where Ay = €g(z,) — €} (x¢) and Ay = eg(a) — €y (x4).

Manifold Constrained Guidance Even with a well-
aligned weak model, larger guidance scales w can drive
samples off the data manifold, resulting in poor quality and
oversaturation. To address error accumulation at high guid-
ance scales, we explore optional techniques to keep samples
constrained to the manifold. Rescaling the latent code [21]
helps mitigate this issue by constraining its variance, as
larger variance is known to cause saturation in the results.
Additionally, Restart sampling [36] demonstrates that in-
troducing stochasticity can correct off-manifold deviations.
Building on this idea, we incorporate stochastic forward
processes into our sampling guidance framework as an op-
tional method. While this approach modestly improves final
sample quality and reduces saturation, it introduces addi-
tional computational overhead. Further details are provided
in Appendix A5.1.

5. Experiments

5.1. Overview

We employ three models for our experiments:

* Mochi [33] is a text-to-video model built on AsymmDiT
blocks, containing a total of 10 billion parameters and uti-
lizing 3D self-attention in its spatiotemporal layers.

* Open-Sora [38] is a text-to-video model built on STDiT
blocks with 1.1 billion parameters, employing factorized
spatial and temporal attention layers.

* SVD [4] is an image-to-video model with 1.5 billion pa-
rameters that leverages factorized spatial and temporal at-
tention within a UNet architecture.

We evaluate the proposed method using widely adopted
datasets and metrics to ensure a comprehensive perfor-
mance analysis.

* UCF-101 The UCF-101 dataset comprises 13,320 videos
organized into 101 action classes. Using this dataset, we
assess the Fréchet Video Distance (FVD) and Inception
Score (IS) of the image-to-video model SVD [4]. Fol-
lowing DIGAN [37], we calculate FVD and IS on 2,048
and 10,000 samples, respectively. For conditioning, ini-
tial frames from UCF-101 videos are used as inputs to the
SVD model, with each input frame serving as the starting
frame of the generated videos.

¢ VBench We use VBench [15] for automatic evaluation
across various video metrics. SVD is evaluated using the
image-to-video (I2V) framework on 355 samples from
the VBench 12V dataset with 5 random seeds. Mochi
and Open-Sora are evaluated with the text-to-video (T2V)
framework: Open-Sora uses the standard VBench prompt
list, while Mochi uses 100 randomly selected prompts due
to computational limits.

» EvalCrafter We perform human evaluations using 700
prompts from the EvalCrafter dataset [22].

* LLM-Generated Prompts We use a set of 100 selected
prompts generated by Claude 3.5 Sonnet [2] for our demo
and qualitative comparisons.

For evaluation, CFG is used together with STG for our
evaluation. We did not use Restart sampling or guidance
orthogonalization; additional results with these techniques
are in the Appendix sections A5.1 and A5.2.

5.2. Results

Qualitative Comparison Fig. 5 compares CFG and our
method. Videos from the naive CFG model often show
blurry objects with indistinct shapes, while STG produces
clearer, more vivid frames with sharper image quality. STG
also reduces temporal inconsistency and flickering, espe-
cially in dynamic videos with large motion where CFG fre-
quently fails. Spatial guidance enhances object structure,
and temporal guidance improves consistency. Please refer
to the Appendix sections A5 and A6 for additional results.
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Models FVD () IS Imaging Quality Aesthetic Quality ~Motion Smoothness Dynamic Degree  Temporal Flickering
Mochi (STG-R) 0.628 0.554 0.988 0.86 0.978

Mochi (STG-A) 0.555 0.541 0.987 0.86 0.976
Open-Sora (STG-R) 0.550 0.474 0.981 0.894 0.977
Open-Sora (STG-A) 0.606 0.509 0.987 0.895 0.976

SVD (STG-R) 1559 393 0.687 0.637 0.965 0.641

SVD (STG-A) 128.7 385 0.694 0.639 0.968 0.694

Table 3. Comparison of STG-R (residual skip) and STG-A (attention skip) across Mochi [33], Open-Sora [38], and SVD [4]. STG-R
shows stronger performance on Mochi, while STG-A yields better results on Open-Sora and SVD.

Models FVD () IS Imaging Quality Aesthetic Quality Motion Smoothness Dynamic Degree
CFG 151.3  38.0 0.687 0.637 0.966 0.562
+ Spatial 133.8 383 0.691 0.639 0.967 0.659
+ Temporal ~ 128.7  38.5 0.694 0.638 0.968 0.694

Table 4. Ablation study results on SVD [4] factorized attention, showing the impact of adding spatial and temporal guidance.

Quantitative Comparison We compare CFG and STG us-
ing the FVD-Imaging Quality (VBench) plot across differ-
ent scales in Fig. 4. FVD measures video distribution, while
Imaging Quality assesses frame clarity. Higher CFG scales
improve Imaging Quality but reduce diversity, as reflected
in higher FVD. STG avoids this trade-off, maintaining di-
versity at increased scales.

T2V and 12V VBench metrics in Tab.| and Tab.2 show
notable improvements in frame-level quality (Imaging and
Aesthetic Quality). Temporal quality improves qualita-
tively, though metrics like Motion Smoothness and Tempo-
ral Flickering show marginal gains, as these scores are near
saturation (~ 0.9x).

For Dynamic Degree, we aim to keep it unchanged, as
it may not correlate with video quality. This is achieved
in the T2V metric, but in the 12V model, CFG increases
the influence of the conditioned image, reducing motion.
STG, while not directly affecting Dynamic Degree, miti-
gates CFG’s impact, leading to increased Dynamic Degree
in 12V when used together.

Human Evaluation We provide human evaluation results
on 700 prompts from the EvalCrafter dataset [22] in the Ap-
pendix A4.

5.3. Ablation Study

Fig. 3 displays selected frames from videos generated by
Mochi using various STG scales, where w = 0 corresponds
to the CFG-only model without STG. Increasing the STG
scale results in more vivid colors and finer details compared
to the monotonous colors at w = 0. Notably, unlike with
CFG, sampling diversity is preserved as the STG scale in-
creases, as shown in Fig. 4.

We performed an ablation study on SVD to evaluate spa-
tial and temporal guidance (Tab. 4). Spatial guidance no-
tably reduced FVD and improved metrics, while tempo-

ral guidance further boosted performance, confirming their
combined effectiveness for spatiotemporal generation.

We also test two STG variants—residual skip (STG-
R) and attention skip (STG-A)-on SVD, Open-Sora, and
Mochi. As shown in Tab. 3, STG-R performs well with
Mochi, while STG-A is more effective for the other mod-
els. This is likely due to Mochi’s higher parameter count
and layer depth, enabling more extensive skipping without
triggering out-of-distribution (OOD) issues in consecutive
layers. Furthermore, Mochi’s spatiotemporal layers consist
of a single 3D attention layer, so STG-R skips a residual
layer with just one attention layer. In contrast, SVD and
Open-Sora use factorized attention, meaning STG-R skips
a residual layer with two attention layers, which may cause
excessive perturbation and lead to OOD issues in subse-
quent layers. More results are available in the Appendix AS.

6. Conclusion

We proposed Spatiotemporal Skip Guidance (STG), a sim-
ple, training-free method for video diffusion models. By
simulating an aligned weak model via spatiotemporal skip-
ping, STG offers strong guidance for high-fidelity video
generation, achieving notable qualitative and quantitative
improvements. We hope this work advances video diffusion
models and inspires further research in the field.

Limitation and Ethical Considerations STG’s perfor-
mance depends on scale and layer selection, with the op-
timal configuration varying across models, requiring users
to set these through heuristic tuning. While video qual-
ity improvements are notable, they also raise ethical con-
cerns about misuse, underscoring the importance of using
this technology responsibly and constructively.
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