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Fig. 1: One-shot Video Motion Transfer via Spectral Motion Alignment using Cas-
caded Video Diffusion. SMA facilitates the capture of long-range (top) and complex
(bottom) motion patterns within videos. Visit here for comprehensive view of the videos.

Abstract. The evolution of diffusion models has greatly impacted video
generation and understanding. Particularly, text-to-video diffusion mod-
els (VDMs) have significantly facilitated the customization of input video
with target appearance, motion, etc. Despite these advances, challenges
persist in accurately distilling motion information from video frames.
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While existing works leverage the consecutive frame residual as the tar-
get motion vector [16], they inherently lack global motion context and
are vulnerable to frame-wise distortions. To address this, here we present
Spectral Motion Alignment (SMA), a novel framework that refines and
aligns motion vectors using Fourier and wavelet transforms. SMA learns
motion patterns by incorporating frequency-domain regularization, facil-
itating the learning of whole-frame global motion dynamics, and mitigat-
ing spatial artifacts. Extensive experiments demonstrate SMA’s efficacy
in improving motion transfer while maintaining computational efficiency
and compatibility across various video customization frameworks.

Keywords: Diffusion models · Video Motion transfer · Wavelet transform

1 Introduction

The progression of diffusion models [12, 31] has played a pivotal role in advanc-
ing video generation and comprehension. Notably, recent advancements in text-
conditioned Video Diffusion Models (VDMs, [3,4,9,11,13,22,30,45]) have signif-
icantly enhanced the generation of highly realistic and superior-quality videos.
Given the multifaceted nature of the video, encompassing motion dynamics,
foreground object appearance, etc., several studies [16, 27, 36, 39, 41, 42, 49] aim
to disentangle, modify, and compose these signals according to user intent. Ad-
ditionally, various approaches specifically target to customize the motion, pose,
shape, or appearance of real-world videos.

In the context of motion customization, multiple studies explore how to dis-
till motion information from pre-trained video diffusion models. Recent research
suggests that motion patterns are inherently encoded in the underlying depen-
dencies between latent frames or epsilon noises. As noted by [49], videos with
similar motion tend to exhibit similar connectivity between latent frames. Addi-
tionally, [16] utilizes residual vectors between consecutive latent frames as "mo-
tion vectors," in line with optical flow principles, where residuals in consecutive
frames represent motion dynamics. Specifically, they finetune temporal attention
layers of pretrained VDM to align the ground-truth image-space residuals with
their predicted denoised estimates. Their work reveals that aligning these pre-
dicted and ground-truth motion vectors corresponds to aligning epsilon (noise)
residuals, readily obtainable from any off-the-shelf video diffusion models.

While these efforts have made technical advances in motion distillation, the
pitfalls of using latent frame residuals as motion vectors have not been fully
studied. This paper focuses on the potential limitations of current motion es-
timation in diffusion models: (a) lack of global context information, and (b)
vulnerability to frame-wise distortions. Since frame residuals may capture local
motion patterns but are blind to whole-frame motion dynamics, for better mo-
tion dynamics modeling, we have to understand the whole-frame global context
information during motion distillation. Furthermore, while the frame residuals
contain motion information, they may also contain inevitable disruptive varia-
tions that are unrelated to motion. These variations may include abrupt changes



Spectral Motion Alignment 3

Fig. 2: Overview. The proposed Spectral Motion Alignment (SMA) framework dis-
tills the motion information in frequency-domain. Considering the (latent) frame resid-
uals as motion vectors, we first derive the denoised motion vector estimates. Then,
the motion vector δvn

0 and its estimate δv̂n
0 are aligned in both pixel-domain and

frequency-domain. Our regularization includes (1) global motion alignment based on
1D wavelet-transform, and (2) local motion refinement based on 2D Fourier transform.

in the background, distortions, consecutive frame inconsistencies, or lighting con-
dition changes.

To address these challenges, here we present Spectral Motion Alignment
(SMA), a novel Fourier and wavelet-transform-based motion vector refinement
and alignment framework. This includes two primary components: First, to learn
the global motion context, we propose the spectral alignment loss between pre-
dicted and ground-truth motion vectors within the wavelet domain. This facil-
itates the learning of multi-scale motion dynamics by leveraging rich wavelet-
domain representations of video considering the global frame transitions. More-
over, to mitigate the spatial artifacts and inconsistency in motion vectors, we
propose 2D FFT-based motion vector refinement that aligns the amplitude and
phase spectrum of ground truth and predicted motion vectors with prioritizing
low-frequency components. This is because the high-frequency components in
motion vectors may be associated with frame-wise non-motion-related artifacts
(Figure 6). To sum up, we encourage accurate motion transfer via harmonized
global and local levels of frequency-domain regularization.

Our contributions are summarized as follows:
– We introduce the Spectral Motion Alignment (SMA), a frequency-domain

motion alignment framework that learns the underlying motion dynamics of
input video via frequency-based regularization. Since conventional methods
mostly rely on pixel-domain motion distillation, the proposed framework is
orthogonal to existing motion customization models.

– SMA imposes negligible memory and computational burdens, as most off-
the-shelf VDMs can readily compute estimates of motion vectors. For in-
stance, VMC [16] with SMA demonstrates lightweight (15GB vRAM) and
rapid (< 5 minutes) training.

– We validate the advantage of SMA across diverse motion patterns and sub-
jects, and across various video motion transfer frameworks such as Video
Diffusion-based [49], Cascaded Video Diffusion-based [16], Text-to-Image
Diffusion-based [38], and ControlNet-based models [7].
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2 Preliminaries

2.1 Diffusion Models.

Diffusion models [12, 31] generate samples from the Gaussian noise through re-
verse denoising processes. Given a clean sample x0 „ pdatapxq, the forward
process is defined as a Markov chain with forward conditional densities

ppxt | xt´1q “ N pxt | βtxt´1, p1 ´ βtqIq

ptpxt | x0q “ N pxt |
?
ᾱx0, p1 ´ ᾱqIq,

(1)

where xt P Rd is a noisy latent variable at time t that has the same dimension as
x0, and βt denotes an increasing sequence of noise schedule where αt :“ 1 ´ βt
and ᾱt :“ Πt

i“1αi. Then, the goal of diffusion model training is to obtain a
residual denoiser ϵθ˚ :

θ˚ :“ argmin
θ

Ext„ptpxt | x0q,x0„pdatapx0q,ϵ„N p0,Iq

“

∥ϵθpxt, tq ´ ϵ∥
‰

. (2)

The reverse sampling from qpxt´1|xt, ϵθ˚ pxt, tqq is then achieved by

xt´1 “
1

?
αt

´

xt ´
1 ´ αt

?
1 ´ ᾱt

ϵθ˚ pxt, tq
¯

` β̃tϵ, (3)

where ϵ „ N p0, Iq and β̃t :“ 1´ᾱt´1

1´ᾱt
βt. To accelerate sampling, DDIM [32]

further proposes another sampling method as follows:

xt´1 “
?
ᾱt´1x̂0ptq `

b

1 ´ ᾱt´1 ´ η2β̃t
2
ϵθ˚ pxt, tq ` ηβ̃tϵ, (4)

where η P r0, 1s is a stochasticity parameter, and x̂0ptq is the denoised estimate
which can be equivalently derived using Tweedie’s formula [8]:

x̂0ptq :“
1

?
ᾱt

pxt ´
?
1 ´ ᾱtϵθ˚ pxt, tqq. (5)

For a text-guided generation, diffusion models are often trained with the textual
embedding c. Throughout this paper, we will often omit c from ϵθpxt, t, cq if it
does not lead to notational ambiguity.

Video Diffusion Models. Video diffusion models [11,13,45] further attempt to
model the video data distribution. Specifically, Let pvnqnPt1,...,Nu represents the
N -frame input video sequence. Then, for a given n-th frame vn P Rd, let v1:N P

RNˆd represents a whole video vector. Let vn
t “

?
ᾱtv

n `
?
1 ´ ᾱtϵ

n
t represents

the n-th noisy frame latent sampled from ptpv
n
t |vnq, where ϵnt „ N p0, Iq. We

similarly define pvn
t qnP1,...,N , v1:N

t , and ϵ1:N . The goal of video diffusion model
training is then to obtain a residual denoiser ϵθ with textual condition c and
video input that satisfies:

min
θ

Ev1:N
t ,v1:N ,ϵ1:N ,c

“
∥∥ϵθpv1:N

t , t, cq ´ ϵ1:N
∥∥ ‰

, (6)

where ϵθpv1:N
t , t, cq, ϵ1:N P RNˆd. In this work, we denote the predicted noise of

n-th frame as ϵnθ pv1:N
t , t, cq P Rd.
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2.2 Fourier and Wavelet Analysis

Spectral analysis techniques transform time-domain or pixel-domain signals (such
as video frames) into the frequency domain, revealing the frequency components
and their intensities. This transformation is valuable in video understanding as
it helps in identifying repetitive motion patterns and underlying structures that
may not be visible in the time or pixel domain.
Fourier Transform. Let vn P RHˆW represents the n-th 2D video frame. Then,
its frequency spectrum at coordinate pa, bq is given as follows:

Fvnpa, bq “

H´1
ÿ

x“0

W´1
ÿ

y“0

vnpx, yqe´i2πp ax
H `

by
W q, (7)

where vnpx, yq means the pixel value at coordinate px, yq. The output frequency
spectrum is represented as Fvnpa, bq “ Rpa, bq`Ipa, bqi, whereRpa, bq, Ipa, bq P R
represents real and imaginary part, respectively. Then, the amplitude and phase
is derived as follows:

|Fvnpa, bq| “
a

Rpa, bq2 ` Ipa, bq2,=Fvnpa, bq “ arctan
´ Ipa, bq

Rpa, bq

¯

. (8)

Here, amplitude often indicates the existence of corresponding spatial frequencies
within the image, often characterized by edges, textures, patterns, etc. Phase
often encodes the structural spatial relationship.
Wavelet Transform. We first provide a brief introduction to the frame theory.
Frames in signal processing are an extension of basis sets but with a relaxation
that allows for redundancy. Let Ψ “ rψ1 . . . ψms P Rnˆm, where tψkumk“1 is a
set of functions in a Hilbert space H. Then, tψkumk“1 is called as a frame if it
satisfies the following inequality:

α}f}2 ď }xf, Ψy}2 ď β}f}2,@f P H (9)

where ck :“ xf, ψky is a k-th frame expansion coefficient, and α, β are frame
bounds. The original signal f can be exactly reconstructed from expansion co-
efficients using the dual frame operator Ψ̃ which satisfies the so-called frame
condition: Ψ̃ΨT “ I.

Wavelet frames, renowned for capturing multi-resolution scale features, are
among the most prevalently utilized frame representations in signal processing.
Let ψptq represent a mother wavelet that can be shifted and scaled. For a function
vptq P L2pRq, the wavelet transform can be expressed as:

CWvpa, bq “
1

?
α

ż

vptqψ˚

ˆ

t´ b

a

˙

dt “ xvptq, ψa,bptqy, (10)

which serves as an expansion coefficient. In the case of discrete wavelet transform
(DWT), it uses a finite set of wavelet and scaling functions derived from a chosen
wavelet family. Specifically, the mother wavelet is shifted and scaled by powers
of two as follows:

ψj,kptq “
1

?
2j
ψp2´jt´ kq. (11)
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Then, the DWT of a signal vrns is given by:

Wvpj, kq “ xvptq, ψj,kptqy. (12)

Then, the original signal can be recovered from inverse DWT. In practice, this
discrete wavelet transform can be implemented by convolution using an appro-
priate choice of filter bank.

3 Spectral Motion Alignment

Given an input video, our main goal is to develop a novel frequency-domain
motion alignment framework that (a) distills the motion patterns M˚ of input
video, and (b) transfers the motion patterns M˚ to output video within varied
contexts, e.g. Cars with motion M˚ Ñ Tanks with motion M˚.

Conventional motion distillation methods mostly rely on pixel-domain mo-
tion distillation objectives. However, frequency-domain analysis can further cap-
ture underlying motion patterns across a spectrum of frequency levels that
mainly constitute motion. Accordingly, we propose Spectral Motion Alignment
(SMA), a novel Fourier and wavelet-transform-based motion vector refinement
and alignment framework. More details follow.

3.1 Denoised Motion Vector Estimation

To distill the motion information, we first estimate the motion vector of the input
video following [16]. The intuition is that residual vectors between consecutive
frames may include information about the motion trajectories. Define the n-th
frame residual vector, namely motion vector at time t ě 0 as

δvn
t :“ vn`1

t ´ vn
t , (13)

where the epsilon residual vector δϵnt is similarly defined. This δvn
t can be ac-

quired through the following diffusion kernel [16]:

ppδvn
t | δvn

0 q “ N pδvn
t |

?
ᾱtδv

n
0 , 2p1 ´ ᾱtqIq. (14)

Moreover, [16] shows that the ground-truth motion vector in pixel space δvn
0 can

be derived as follows:

δvn
0 “

1
?
ᾱt

´

δvn
t ´

?
1 ´ ᾱtδϵ

n
t

¯

. (15)

Similarly, one can obtain the denoised motion vector estimate δv̂n
0 by using

Tweedie’s formula as follows:

v̂1:N
0 ptq :“

1
?
ᾱt

`

v1:N
t ´

?
1 ´ ᾱtϵθpv1:N

t , tq
˘

, (16)

where v̂1:N
0 ptq is an empirical Bayes optimal posterior expectation Erv1:N

0 |v1:N
t s.
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In the context of motion transfer, the authors in [16] finetune the temporal
attention layers of VDM by aligning each motion vector δvn

0 and its denoised
estimate δv̂n

0 ptq:

min
θ

Et,n,ϵt,n,ϵt,n`1

”

ℓalign
`

δvn
0 , δv̂

n
0 ptq

˘

ı

. (17)

While these advancements in motion distillation mark significant progress, Fig-
ure 1, 4 and 6 indicate that [16] still has potential for further refinement.

3.2 Spectral Global Motion Alignment

One of the primary limitations in (17) is that it may not fully encapsulate the
global motion dynamics. This is partly because [16] employs ‘frame-wise’ match-
ing losses, such as ℓ2-distance. While this is effective, it may overlook the com-
prehensive motion dynamics by focusing solely on pairwise frame comparisons.

To mitigate these problems, we explore the use of wavelet transforms in
motion distillation. In this paper, we use Haar wavelet, whose low and high pass
filters are given as follows:

Lrns “
1

?
2

r1 1s, Hrns “
1

?
2

r´1 1s, (18)

which is implemented using the multi-scale Haar filter bank. Then, given the
sequence of motion vectors δv0 “ pδvn

0 qnPt1,...,N´1u and its denoised estimates
δv̂0ptq “

`

δv̂n
0 ptq

˘

nPt1,...,N´1u
, we consider (N ´ 1)-length time-dependent 1D

arrays from arbitrary spatial pixel dimension s P t1, . . . du. The corresponding
1D array of motion vector is denoted by δv0,s and δv̂0,sptq P RN´1 (Figure 2).

Then, the frequency-matching loss between δv0 and δv̂0ptq is defined with
DWT in (12) as follows:

ℓglobalpδv0, δv̂0ptqq “ Et,s,j,k

”

}Wδv0,spj, kq ´ Wδv̂0,sptqpj, kq}1

ı

. (19)

Considering that the wavelet transform allows multi-resolution analysis of mo-
tion vectors, it enables us to handle motions at various scales and frequencies
effectively. This could be particularly beneficial for complex scenes with vary-
ing motion speeds and types, ensuring that subtle motions are captured and
transferred more accurately.

3.3 Spectral Local Motion Refinement

Another problem in (17) is that the residuals between consecutive frames, while
rich in motion information, may also encapsulate high-frequency local distor-
tions, background noise, and other non-motion-related artifacts. Accordingly,
we focus on particularly prioritizing low-to-moderate spatial frequency compo-
nents. Specifically, following the amplitude and phase spectrum definition in (8),
we define amplitude and phase matching loss as follows:
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Fig. 3: Comparison within MotionDirector framework.

ℓAlocalpδv
n
0 , δv̂

n
0 ptqq “ Et,n,a,b

”

ωpa, bq}|Fδvn
0

pa, bq| ´ |Fδv̂n
0 ptqpa, bq|}1

ı

,

ℓPlocalpδv
n
0 , δv̂

n
0 ptqq “ Et,n,a,b

”

ωpa, bq}=Fδvn
0

pa, bq ´ =Fδv̂n
0 ptqpa, bq}1

ı

,
(20)

where the frequency domain weighting ωpa, bq is defined as

ωpa, bq “

”

`H

2

˘2
`

`W

2

˘2
ıδ

´

”

`

a´
H

2

˘2
`

`

b´
W

2

˘2
ıδ

` 1 (21)

for 0 ă a ă H, 0 ă b ă W , and otherwise, set to zero. This introduces a
weighting [40] that prioritizes low-frequency components for δ ą 0.

3.4 Inference Pipeline

To sum up, the overall spectral motion alignment framework is given as follows:

min
θ

Et,n,ϵnt ,ϵ
n`1
t

”

ℓalign
`

δvn
0 , δv̂

n
0 ptq

˘

`λgℓglobal
`

δv0, δv̂0ptq
˘

`λlℓlocal
`

δvn
0 , δv̂

n
0 ptq

˘

ı

,

(22)
where ℓlocalpδvn

0 , δv̂
n
0 ptqq “ ℓAlocalpδv

n
0 , δv̂

n
0 ptqq ` ℓPlocalpδv

n
0 , δv̂

n
0 ptqq. Upon opti-

mization, inference is performed using new text prompts to transform appear-
ances, e.g. "a seagull is walking" Ñ "a chicken is walking".
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Fig. 4: Comparison within VMC framework, using Show-1 cascaded model (top) and
Zeroscope (bottom) non-cascaded model. Visit our project page for an in-depth view.

This Spectral Motion Alignment (SMA) is universally adaptable across var-
ious motion distillation frameworks. While diverse diffusion-based motion dis-
tillation frameworks adopt their pixel-domain motion learning objectives, the
proposed frequency-domain alignment seamlessly integrates with these arbitrary
objectives. Moreover, different motion distillation frameworks target specific pa-
rameters θ for fine-tuning, varying from temporal attention layers [16] to dual-
path LoRAs [49]. We empirically demonstrate global compatibility of the pro-
posed spectral motion alignment with diverse neural architectures and parame-
terizations. Pseudo-code is provided in the appendix.

https://geonyeong-park.github.io/spectral-motion-alignment/
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4 Experiments using T2V Diffusion Models

4.1 Experimental Setting

To assess the capability of Spectral Motion Alignment (SMA) to capture accu-
rate motion within contemporary diffusion-based motion learning frameworks,
we curated a dataset comprising 30 text-video pairs sourced from the publicly
available DAVIS [24] and WebVid-10M [2] collections. This dataset is deliber-
ately designed to cover a broad spectrum of motion types and subjects, with
video lengths ranging between 8 and 16 frames. For this study, we leverage
two foundational text-to-video diffusion models: Zeroscope [33], a non-cascaded
VDM, and Show-1 [45], a cascaded VDM. More details are provided in appendix.

4.2 Baselines

MotionDirector. MotionDirector [49] pioneered the concept of motion cus-
tomization within video diffusion literature. To distinctively tailor the appear-
ance and motion of a video, [49] developed a unique dual-path framework em-
ploying Low-Rank Adaptation (LoRA, [14]). Within this architecture, spatial
LoRAs are optimized using the diffusion training loss on a single, randomly cho-
sen frame, rather than on the full video sequence. Conversely, temporal LoRAs
are trained by considering all frames of the video, using an anchor frame based
appearance-debiased temporal loss.

VMC. VMC [16] achieves state-of-the-art performance in motion customiza-
tion through their novel epsilon residual matching objective, facilitating efficient
motion distillation within cascaded video diffusion framework. In their work,
they showcased the efficient of motion distillation within cascaded video diffu-
sion models, by optimizing only keyframe generation model while freezing later
modules. As VMC represents the most closely related work to ours, we con-
duct a two-fold validation within this baseline, including both cascaded and
non-cascaded video diffusion scenarios.

Qualitative Comparison. Fig. 3 offers a qualitative analysis comparing Mo-
tionDirector’s performance with and without the implementation of SMA. Like-
wise, Fig. 4 examines VMC’s performance with and without SMA implemen-
tation. Specifically, videos produced using a cascaded diffusion pipeline are dis-
played in Fig. 4-top, whereas those generated through a non-cascaded diffusion
model are shown in the bottom. Videos generated without SMA correctly capture
the appearance as dictated by the target text, but fail to accurately mirror the
original video’s motion patterns. In contrast, SMA significantly enhances motion
understanding, precisely distinguishing between dynamic and static elements in
the scene. For instance, in the last example of Fig. 3, MotionDirector with SMA
produces a video where only the eagle moves from right to left, whereas without
SMA, the video inaccurately depicts the ground moving alongside the eagle.
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Quantitative Comparison. The results of our quantitative evaluation are
presented in Table 1. We employ CLIP encoders [26] for automated evaluation.
To evaluate text-video alignment [10], we measure the average cosine similar-
ity between the target text prompt and the frames generated. Regarding frame
consistency, we extract CLIP image features for each frame in the output video
and subsequently calculate the average cosine similarity among all frame pairs
in the video. For human evaluation, we conduct a user study with 42 partici-
pants to assess three key aspects, guided by the following questions: (1) Editing
Accuracy: Is the output video accurately edited, reflecting the target text? (2)
Temporal Consistency: Is the transition between frames smooth and consistent?
(3) Motion Accuracy: Is the motion of the input video accurately preserved in
the output video? Tab. 1 demonstrates that SMA enhances the performance of
MotionDirector and VMC across all measured metrics.

Automatic Metrics User Study

Method Text-Align Temp-Con Edit-Acc Temp-Con Motion-Acc

MotionDirector 0.7550 0.9780 3.19 3.07 2.67
MotionDirector w/ Ours 0.8081 0.9784 4.14 3.89 3.88

VMC (Show-1) 0.8066 0.9742 3.25 3.22 2.72
VMC (Show-1) w/ Ours 0.8193 0.9776 3.85 3.84 3.92

VMC (Zeroscope) 0.8223 0.9560 2.95 2.83 2.47
VMC (Zeroscope) w/ Ours 0.8425 0.9578 4.07 3.84 4.07
Table 1: Quantitative evaluation of SMA within text-to-video based frameworks.

5 Experiments using T2I Video Diffusion Models

5.1 Experimental Setting

To assess the effectiveness of SMA within methodologies built on text-to-image
diffusion model, we use the same text-video pairs previously assembled in Sec.
4.1. The resolution for all produced videos is standardized to 512x512. In this
experiment, Stable Diffusion v1-5 [28] and ControlNet-Depth [46] are utilized.

5.2 Baselines

Tune-A-Video. Tune-A-Video [38] was at the forefront of image-diffusion-
based video editing at a time when video diffusion models were not yet pub-
licly accessible. It begins with transforming a pretrained T2I diffusion model to
psuedo T2V model by adding temporal attention layers and expanding spatial
self-attention into spatio-temporal attention. Attention projection layers within
this pseudo T2V model are then fine-tuned on a specific input video, utilizing
the diffusion training objective (Eq. 2).
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Fig. 5: Comparison within Tune-A-Video and ControlVideo (Depth) baseline.

ControlVideo. ControlVideo [48] is another one-shot-based video editing method,
starting from pretrained T2I model. ControlVideo extends ControlNet [46] from
image to video to incorporate structural cues obtained from the input video. Sub-
sequently, akin to Tune-A-Video [38], attention projection layers of the backbone
U-Net and ControlNet are customized on the input video.

5.3 Qualitative Comparison.

Fig. 5-(top) demonstrates the qualitative benefits of incorporating SMA into the
Tune-A-Video method. Without SMA, Tune-A-Video often experiences flickering
in foreground objects, a problem that SMA significantly reduces. Fig. 5-(bottom)
illustrates the qualitative improvements brought by integrating SMA with the
ControlVideo framework. In ControlVideo, depth control aids in maintaining
the structural integrity from the input videos to the output videos. However,
it’s observed that structural integrity alone doesn’t ensure motion accuracy, and
SMA plays a crucial role in accurately capturing motion details.
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Automatic Metrics User Study

Method Text-Align Temp-Con Edit-Acc Temp-Con Motion-Acc

Tune-A-Video 0.8289 0.8951 2.71 2.11 2.27
Tune-A-Video w/ Ours 0.8633 0.9568 3.41 2.88 3.25

ControlVideo 0.8686 0.9451 2.88 2.25 2.69
ControlVideo w/ Ours 0.8781 0.9590 3.56 3.16 3.40

Table 2: Quantitative evaluation of SMA within text-to-image based frameworks.

5.4 Quantitative Comparison.

Quantitative results are detailed in Tab. 2, following the metrics introduced
in Sec. 4.2. Across both the Tune-A-Video and ControlVideo frameworks, the
integration of SMA results in enhanced performance across all five evaluated
metrics, notably achieving a substantial advantage in motion accuracy.

Fig. 6: Visualization of (a) spatial frequency spectrum and (b) motion vectors esti-
mated from the pre-trained Show-1 [45] without fine-tuning. (c) Ablation study on
spectral motion alignment based on VMC [16].

6 Discussion
We explore the impact of motion vector refinement by examining motion vectors
(δv0, δv̂0ptq) and their (amplitude, phase) spectrum in Figure 6 (t “ 700). Figure
6b indicates that the original motion vector δv0 filters out appearance (e.g. back-
ground, color, etc) to some extent. However, it still faces frame-wise distortions
or inconsistencies. For instance, in a specific example of this skateboarding man,
non-motion-related artifacts, e.g. stair and fence patterns, background texture,
etc., persist as distortions. These are characterized as high-frequency noises in
the amplitude spectrum, Fig. 6a. Conversely, δv̂n

0 ptq shows a reduction in high-
frequency distortions while preserving essential motion information. As shown



14 Park & Jeong et al.

in (14), δvn
t can be acquired from δvn

0 through the diffusion kernel. In this
forward process, high-frequency components are perturbed more rapidly [20].
Consequently, the core motion information is consistently preserved in δvn

t from
coarse (t Ò) to fine (t Ó) level. Motivated by these insights, we prioritize low
spatial frequency components during motion distillation to avoid overfitting to
non-motion-related high-frequency distortions.

This motion vector refinement improves the overall fidelity as shown in Figure
6c. The application of VMC for motion transfer, without refinement, often fails
to maintain motion patterns, introducing repetitive fence-like background distor-
tions. Conversely, motion refinement within the frequency domain significantly
improves fidelity and background detail. Moreover, global motion alignment fur-
ther improves motion transfer. Specifically, while local motion alignment is gen-
erally effective, it occasionally generates "reversed" motions, i.e. an astronaut
skateboarding in an upward direction. Note that this example is particularly
challenging as it shows very subtle positional changes (video in project page).
This highlights the limitations of conventional frameworks in identifying accu-
rate motion from a single motion vector frame δvn

0 , Figure 6b. In contrast, the
proposed global motion alignment effectively mitigates these challenges, ensuring
accurate learning of motion patterns. Fig. 7 further demonstrates the effective-
ness of global motion alignment. Thus, our approach harmonizes both local and
global motion alignment and effectively distills motion patterns while robustly
reducing high-frequency distortions.

Fig. 7: Ablation study on ℓglobal. Global motion alignment facilitates motion transfer.

7 Conclusion

In this paper, we propose Spectral Motion Alignment (SMA), a novel frequency-
based distillation framework for motion transfer. We explore the limitations of
conventional motion estimation methods: (a) lack of global motion understand-
ing, (b) vulnerability to spatial artifacts. By utilizing Fourier and wavelet trans-
forms, SMA captures comprehensive motion dynamics, highlighting the signifi-
cance of global motion context. We proved SMA’s effectiveness and compatibility
through extensive validation across different motion transfer scenarios.
Reproducibility & Ethics Statement. For reproducibility, the code and
datasets will be released to the public through the project page. Video gen-
erative models may pose potential risks for misuse in creating harmful content,
which necessitates political regulation.

https://geonyeong-park.github.io/spectral-motion-alignment/
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A Pseudo Training Algorithm

In our work, we adopt the notation and expressions mostly from [16] for the pre-
liminaries section and pseudo-code, due to its relevance to our focus on denoised
motion vector estimates. We interchangeably use v̂1:N

0 ptq and v̂0ptq in the main
paper and Algorithm 1. While Algorithm 1 generalizes parameter θ, each video
diffusion model incorporates specific parameters such as θTA [16] and θLoRA [49].

Algorithm 1 Spectral Motion Alignment (SMA)
1: Input: N -frame input video sequence pvn

0 qnPt1,...,Nu, training prompt P, textual
encoder ψ, Training iterations M , Video diffusion models parameterized by θ.

2: Output: Fine-tuned video diffusion models θ˚.
3:
4: for step “ 1 to M do
5: Sample timestep t P r0, T s and Gaussian noise ϵ1:Nt , where ϵnt P Rd

„ N p0, Iq

6: Prepare text embeddings c “ ψpPq

7:
8: 1. Denoised motion vector estimation
9: v1:N

t “
?
ᾱtv

1:N
0 `

?
1 ´ ᾱtϵ

1:N
t .

10: v̂1:N
0 ptq “ 1?

ᾱt

`

v1:N
t ´

?
1 ´ ᾱtϵθpv1:N

t , t, cq
˘

.
11:
12: 2. Global motion alignment
13: Conduct 1D DWT for each s-th pixel in δv0, δv̂0ptq with Haar wavelet.
14: ℓglobalpδv0, δv̂0ptqq “ Et,s,j,k

”

}Wδv0,spj, kq ´ Wδv̂0,sptqpj, kq}1

ı

.
15:
16: 3. Local motion refinement
17: Obtain amplitude and phase spectrum for δvn

0 as |Fδvn
0

pa, bq|,=Fδvn
0

pa, bq.

18: ℓalocalpδv
n
0 , δv̂

n
0 ptqq “ Et,n,a,b

”

Wpa, bq ˚ }|Fδvn
0

pa, bq| ´ |Fδv̂n
0 ptqpa, bq|}1

ı

.

19: ℓplocalpδv
n
0 , δv̂

n
0 ptqq “ Et,n,a,b

”

Wpa, bq ˚ }=Fδvn
0

pa, bq ´ =Fδv̂n
0 ptqpa, bq}1

ı

.
20:
21: 4. Overall optimization
22: θ˚

“ argminθ Et,n,ϵnt ,ϵn`1
t

”

ℓSMApδv0, δv̂0ptq
˘

ı

(ℓSMA: objective in eq(22)).
23: end for

B Related Work

B.1 Diffusion-based Video Editing

There has been considerable progress in adapting the achievements of diffusion-
based image editing for video generative tasks. Compared to text-conditioned
image generation, creating videos based solely on text introduces the complex
challenge of producing temporally consistent and natural motion. In the absence
of publicly available text-to-video diffusion models, Tune-A-Video [38] was at the
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forefront of one-shot based video editing. It proposes to inflate image diffusion
model to pseudo video diffusion model by appending temporal modules to image
diffusion model [28] and reprogramming spatial self-attention to spatio-temporal
self-attention. Following this adaptation, the attention modules’ query projection
matrices are fine-tuned on the input video. To eliminate the need for customizing
model weights for every new video, various zero-shot editing methods have been
developed. One approach involves guiding the generation process with attention
maps, such as the injection of self-attention maps obtained from previous frames
[5] or input video [25]. Another prevalent method integrates explicit structural
cues, like depth or edge maps, into the reverse diffusion process. For instance,
ControlNet [46] has been adapted for the video domain, facilitating the creation
of structurally consistent frames in video generation [18] and translation tasks
[15,47]. Furthermore, GLIGEN’s [21] adaptation to the video domain by Ground-
A-Video [17] demonstrates the use of both spatially-continuous depth map and
spatially-discrete bounding box conditions, achieving multi-attribute editing of
videos in a zero-shot manner.

The advent of open-source text-to-video diffusion models [6,33–35] has spurred
research into separating, altering, and combining the appearance and motion ele-
ments of videos [1,16,27,36,41,42,49]. MotionDirector [49] and DreamVideo [36]
have each suggested approaches for dividing fine-tuning processes into distinct
learning phases for subject appearance and temporal motion, utilizing efficient
fine-tuning methods. On the other hand, VMC [16] focuses on distilling the
motion within a video by calculating the residual vectors between consecutive
frames. In their work, they fine-tune temporal attention layers within cascaded
video diffusion models to synchronize the ground-truth motion vector with the
denoised motion vector estimate, successfully generating videos that replicate the
motion pattern of an input video within diverse visual scenarios. Similarly, [42]
introduces a space-time feature loss that constructs self-similarity matrices based
on the differences in attention features between frames. This approach aims to
minimize the discrepancy in self-similarity between the input and output videos.

B.2 Frequency-aware Visual Generation

Spectral analysis plays a pivotal role in the domain of visual understanding
and generation, offering insights into the temporal-spatial structure of pixel-
domain frames through frequency-domain signals. [23] introduced a hierarchical
motion estimation algorithm employing complex discrete wavelet transforms,
effectively utilizing phase differences among subbands to indicate local trans-
lations within video frames. [29] enhanced scalable video compression through
motion-compensated wavelet transforms, integrating a continuous deformable
mesh motion model to achieve superior compression efficiency and motion rep-
resentation.

Furthermore, these spectral insights have been instrumental in refining algo-
rithms and deepening architectural understanding, particularly within the con-
texts of U-Net and autoencoder frameworks. [43] provided a groundbreaking
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reinterpretation of deep learning architectures for image reconstruction, estab-
lishing a connection between deep learning and classical signal processing theo-
ries, including wavelets and compressed sensing. [44] developed a wavelet-based
correction method, WCT2, to augment photorealism in style transfer, leveraging
whitening and coloring transforms to preserve structural integrity and statistics
within the VGG feature space.

In the realm of U-Net in diffusion models, [37] highlighted the rapid domi-
nance of noise over high-frequency information in residual U-Net denoisers. Con-
currently, [19] proposed the Hybrid Video Diffusion Model (HVDM), a novel ar-
chitecture that captures spatiotemporal dependencies using a disentangled rep-
resentation combining 2D projection and 3D convolutions with wavelet decom-
position. While [19] aims to reconstruct input video with frequency matching
loss, our approach does not aim to reconstruct input, focusing instead on learn-
ing motion dynamics through motion vectors, thereby distinguishing our method
within the landscape of spectral analysis applications in motion estimation and
transfer.

C Experimental details

For spectral global motion alignment, we mainly use Haar wavelets with the
number of levels l “ 3 for 8-frame videos and l “ 4 for 16-frame videos. We use
DWT1DForward function from the PyTorch package1. For spectral local motion
refinement, we fix δ “ 0.05 in frequency domain weighting ωpa, bq. We set λg “

0.4 and λl “ 0.2 for many cases, where we recommend to fine-tune λg in a
range of r0.2, 0.5s, and λg in a range of r0.1, 0.3s. We follow other configurations,
e.g. optimization algorithm, learning rate, training steps, etc., from the original
motion transfer frameworks.

D Additional Results

This section provides additional qualitative comparisons of SMA across different
baseline approaches. In Figure 8, we compare the efficacy of MotionDirector [49]
in transferring motion, both with SMA integrated and without. Figures 9 and 10
delve into VMC’s [16] capabilities in customizing motion, showcasing outcomes
with SMA and without its application. Additionally, Figure 11 contrasts the
ability of Tune-A-Video and ControlVideo [38] to replicate the original motion,
examining the impact of incorporating SMA. All our qualitative results can be
viewed on our project page in video format.

1 https://pytorch-wavelets.readthedocs.io/en/latest/index.html

https://geonyeong-park.github.io/spectral-motion-alignment/
https://pytorch-wavelets.readthedocs.io/en/latest/index.html
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Fig. 8: Additional comparison within MotionDirector framework.
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Fig. 9: Additional comparison within VMC framework, deployed on Show-1 Cascade.

Fig. 10: Additional comparison within VMC method, implemented on Zeroscope T2V.
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Fig. 11: Additional comparison within Tune-A-Video and ControlVideo frameworks.
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