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Abstract

Diffusion models have significantly facilitated the customiza-
tion of input video with target appearance while maintaining
its motion patterns. To distill the motion information from
video frames, existing works often estimate motion represen-
tations as frame difference or correlation in pixel-/feature-
space. Despite its simplicity, these methods have unexplored
limitations, including lack of understanding of global mo-
tion context, and the introduction of motion-independent spa-
tial distortions. To address this, we present Spectral Motion
Alignment (SMA), a novel framework that refines and aligns
motion representations in the spectral domain. Specifically,
SMA learns spectral motion representations, facilitating the
learning of whole-frame global motion dynamics, and effec-
tively mitigating motion-independent artifacts. Extensive ex-
periments demonstrate SMA’s efficacy in improving motion
transfer while maintaining computational efficiency and com-
patibility across various video customization frameworks.

1 Introduction

Given the multifaceted nature of the video, encompassing
motion dynamics, appearance, etc., several studies aim to
disentangle and control these signals according to user in-
tent. Recently, diffusion models (Sohl-Dickstein et al. 2015;
Ho, Jain, and Abbeel 2020) has played a pivotal role in video
customization, owing to their superior sampling ability.

In the context of motion customization using diffusion
models, our goal is to transfer the motion patterns from an
input video to the customized output video. This necessitates
the accurate estimation and extraction of motion information
from the input video. While fundamental techniques such as
optical flow are effective for motion estimation, integrating
these into diffusion models for customization is nontrivial.

To address these challenges, recent researches suggest
that motion patterns are inherently encoded in the under-
lying dependencies between frames or epsilon noises. For
example, (Zhao et al. 2023b) have observed that videos with
similar motion tend to exhibit similar connectivity between
latent frames. Additionally, (Jeong, Park, and Ye 2023) uti-
lizes residual vectors between consecutive frames as “mo-
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tion vectors,” in line with optical flow principles, assum-
ing frame residuals represent motion dynamics. Specifi-
cally, they finetune pretrained VDM to align the ground-
truth pixel-space residuals with their predicted denoised es-
timates. Thus, these works leverage the pixel-space differ-
ences between input frames as a proxy of motion reference.
While these motion representations can be obtained from
off-the-shelf video diffusion models efficiently, current sim-
ple approximations have several adverse impacts. First, they
may fail to capture the global context of motion. Since frame
residuals may capture local motion patterns but are blind
to whole-frame motion dynamics, for better motion dynam-
ics modeling, we have to understand the whole-frame global
context information during motion distillation. Furthermore,
while the pixel- or feature-space residuals contain motion in-
formation, they may also contain inevitable disruptive vari-
ations that are unrelated to motion. These variations may in-
clude abrupt changes in the background, lightning, or other
frame inconsistencies, leading to less reliable representation.
To address these challenges, we introduce Spectral Mo-
tion Alignment (SMA), a novel framework for refining
and aligning motion representations in the spectral domain,
based on intuition that the motion may be well represented
by its inherent frequency components. This framework in-
cludes two primary components: First, to capture the global
motion context, we propose a spectral alignment loss be-
tween predicted and ground-truth motion vectors within the
wavelet domain. This facilitates the learning of multi-scale
motion dynamics by leveraging rich wavelet-domain repre-
sentations of video considering the global frame transitions.
Moreover, to mitigate the spatial artifacts and inconsistency
in motion vectors, we propose 2D FFT-based motion vec-
tor refinement that aligns the amplitude and phase spectrum
of ground truth and predicted motion vectors with priori-
tizing low-frequency components. This is because the high-
frequency components in motion representations may be as-
sociated with frame-wise motion-independent artifacts (Fig-
ure 4). In summary, we encourage accurate motion transfer
via harmonized global and local levels of spectral domain
alignment. 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. SMA is orthogonal
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Figure 1: Overview. The proposed Spectral Motion Alignment (SMA) framework distills the motion information in frequency-
domain. Considering the (latent) frame residuals as motion vectors, we first derive the denoised motion vector estimates. Then,
the motion vector dv} and its estimate d0, 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.

and compatible to most of existing motion customization
models as they often only rely on either pixel or feature
space representations.

* SMA imposes negligible memory and computational
burdens, as most off-the-shelf VDMs can readily com-
pute motion vectors estimates. For instance, VMC
(Jeong, Park, and Ye 2023) with SMA demonstrates
lightweight (15GB vRAM) and rapid (< 5 min) training.

e We validate the efficacy of SMA across diverse mo-
tion patterns, subjects, and various video motion transfer
frameworks including Video Diffusion-based (Zhao et al.
2023b), Cascaded Video Diffusion-based (Jeong, Park,
and Ye 2023), T2I Diffusion-based (Wu et al. 2023), and
ControlNet-based models (Chen et al. 2023).

2 Preliminaries
2.1 Diffusion Models

Diffusion models (Sohl-Dickstein et al. 2015; Ho, Jain, and
Abbeel 2020) generate samples from the Gaussian noise
through reverse denoising processes. We denote a clean sam-
ple Top ~ Pdata(x), a noisy latent x; € R? at time ¢, f; as
an increasing sequence of noise schedule, oy := 1 — ;, and
Qy = H§=1Oéi- Then the goal of diffusion model training is
to optimize a denoiser €y :

g* .= argéninEmhwoye[ lleg (e, t) — €| ] )]
The reverse sampling from g(x;_1|x¢, €9+ (21, t)) is then
achieved by

1-— -
at € (wt,t)) + Bie,

I—a @

1
LTt—1 = \/7@7 (wt -
where € ~ N(0, ) and §3; := 10‘7*1 B:. To accelerate sam-

pling, DDIM (Song, Meng, and Ermon 2020) further pro-
poses another sampling method as follows:

L1 =

) _ ~ 2 ~
Vai—1Zo(t) + \/1 — Qi1 — n?Be €gx (T, 1) + nPhe,
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where 77 € [0, 1] controls stochasticity, and &o(t) is the
denoised estimate which can be equivalently derived using
Tweedie’s formula (Efron 2011):

1 —

\/7077($t — 4/ 1-— Q€gx (.’I}t, t))
For a text-guided generation, diffusion models are often
trained with the textual embedding c. Throughout this pa-
per, we will often omit ¢ from €y (4, t, ¢) if it does not lead
to notational ambiguity.

Video Diffusion Models. Video diffusion models (Ho
et al. 2022b,a; Zhang et al. 2023) further attempt to model
the video data distribution. Specifically, Let (U”)neu,.‘., N}
represents the N-frame input video sequence. Then, for a
given n-th frame v"™ € R, let vV € RV X4 represents a
whole video vector. Let v} = /@ v"™ + /1 — ay€] repre-
sents the n-th noisy frame latent sampled from p; (v} |v"™),
where € ~ N(0,I). We similarly define (v}),e1,.. N,
'vt1 ‘N and €'*"V. The goal of video diffusion model training
is then to obtain a residual denoiser €y with textual condition
c and video input that satisfies:

To(t) = 3)

m@inEv}:N,vlzN,elzN,c[ ||69(’Ut1:N,t,C) - ]7 “4)
N e RN Tn this work, we denote

where €g(v}V 1, ¢), € N e e
,t,c) e R

the predicted noise of n-th frame as €} (v}

2.2 Fourier and Wavelet Analysis

Spectral analysis techniques transform time-domain or
pixel-domain signals (such as video frames) into the fre-
quency domain, revealing the frequency components and
their intensities.

Fourier Transform. Let v € R¥*W represents the n-th
2D video frame. Then, its frequency spectrum at coordinate
(a,b) is given as follows:

H-1W-1
Fown =Y Y

z=0 y=0
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Figure 2: Comparison within VMC framework using Show-1 video model (top) and DMT framework using Zeroscope video
model (bottom). Each demonstrate the compatibility of SMA in pixel-space and feature-space, respectively.

where v"(x,y) means the pixel value at coordinate
(2,y). The output frequency spectrum is represented as
Fun(a,b) = R(a,b) + I(a,b)i, where R(a,b),I(a,b) € R
represents real and imaginary part, respectively. Then, the
amplitude and phase is derived as follows:

| Fon (a,0)| = \/R(a,b)? + I(a,b)?,

I(a,b) )
R(a,b)/"
Wavelet Transform. Wavelet frames, renowned for cap-
turing multi-resolution scale features, are among the most
prevalently utilized frame representations in signal process-
ing. Let v (¢) represent a mother wavelet that can be shifted
and scaled. For a function v(t) € L?(R), the wavelet trans-
form can be expressed as:

(6)

L Fyn(a,b) = arctan (

OWa(ant) = = [olewe () de = wlo) sl

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

1 .
Vik(t) = \/—271/)(2_]75 — k). (®)
Then, the DWT of a signal v[n] is given by:
Wo (J, k) = Cv(t), ;i (1)) ©

The original signal can be recovered from inverse DWT. In
practice, this discrete wavelet transform can be implemented
by convolution using an appropriate choice of filter bank.

3 Spectral Motion Alignment

Our main goal is to develop a novel spectral domain mo-
tion alignment framework that capture underlying complex
motion patterns across a spectrum of frequency levels that
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Figure 3: Comparison within MotionDirector framework.

mainly constitute motion. This is valuable in video under- In the context of motion transfer, we aim to align the
standing and customization as it helps in identifying repeti- ground-truth and estimated motion vectors by fine-tuning
tive motion patterns and underlying structures that may not the pre-trained VDM (Jeong, Park, and Ye 2023; Zhao et al.
be visible in the time or pixel domain. It is in orthogonal 2023b):

(and compatible) with conventional methods based on pixel- ) n en

or feature-domain motion representations. mn Bt n,etm ettt [falign (95, dog (t))] : (14)

While these advancements in motion distillation mark sig-

3.1 Denoised Motion Vector Estimation nificant progress, Figure 2 and 4 indicate that existing meth-

To distill the motion information, we first estimate the ini- ods still has potential for further refinement.
tial motion representations (Jeong, Park, and Ye 2023; Zhao
et al. 2023b) in pixel space. For this, we follow VMC (Jeong, 3.2 Spectral Global Motion Alignment

Park, and Ye 2023) as an representative example. The in-
tuition is that residual vectors between consecutive frames
may include information about the motion trajectories. De-
fine the n-th frame residual vector, namely motion vector at

One of the primary limitations in (14) is that it may not
fully encapsulate the global motion dynamics. Specifically,
it locally focuses on pairwise frame comparisons which may
lead to overlooking the comprehensive motion dynamics of

time ¢ > 0 as given object overall frames.
n . mil " To mitigate these problems, we explore the use of wavelet
ovy =T — vy, (10) transforms in motion distillation. In this paper, we use Haar
where the epsilon residual vector de}’ is similarly defined. wavelet, whose low and high pass filters are given as fol-
This dv} can be acquired through the following diffusion lows: 1 1
kernel: - = [—
Lin = 11l = S50, 09)
p(0vy | dvg) = N(0v}' | vaudvg, 2(1 — ap)I). (11 which is implemented using the multi-scale Haar filter

bank. Then, given the sequence of motion vectors dvg =
(0v )neq1,...,N—1} and its denoised estimates dvo(t) =
(5@3(1&))”6{1’“.’]\[_1}, we consider (N — 1)-length time-
Svl — \/1_75%56?) (12) dependent 1D arrays from arbitrary spatial pixel dimension
s € {1,...d}. The corresponding 1D array of motion vector
is denoted by v s and 69 5(t) € RNV~ (Figure 1).
Then, the frequency-matching loss between dvy and
00 (t) is defined with DWT in (9) as follows:

eglobal (5'00, 6@0 (t>) =

Given that, the ground-truth motion vector in pixel space
dv{ can be derived as follows:

1
(5’08 = —_<
VO
Similarly, one can obtain the denoised estimate version of
these motion representations 6o by using Tweedie’s for-
mula as follows:

. 1

~1:N 1:N = 1:N

05 (1) = —= (v = V1 —aue(vy N, 1),  (13) ) ] (16)
Va Eis.5.k [HW&)O,S (J, k) = Wsao . 1)U k)||1]-

where f;(l]:N (t) is an empirical Bayes optimal posterior ex- Considering that the wavelet transform allows multi-

pectation E[v} N | vf V] resolution analysis of motion vectors, it enables us to handle
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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 2.83 247
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.

motions at various scales and frequencies effectively. This
could be particularly beneficial for complex scenes with
varying motion speeds and types, ensuring that subtle mo-
tions are captured and transferred more accurately.

3.3 Spectral Local Motion Refinement

Another problem in (14) is that the estimated motion repre-
sentations may encapsulate high-frequency local distortions,
background noise, and other non-motion-related artifacts.
By aligning the denoised estimates with these artifacts, the
fine-tuned VDM may erroneously reproduce similar high-
frequency artifacts as in Figure 4.

Accordingly, we focus on prioritizing low-to-moderate
spatial frequency components particularly. Specifically,
following the amplitude and phase spectrum definition
in (6), we define amplitude and phase matching loss,
e (SR, 000 (t)) and £L, (0B, 6 (t)), as follows:

local local
(A) Bt |l b) || Foug (,5)] = 1 Fsag oy (,0) ]
(P) Etn,a0|w(a,b)1£ Foug (a,5) = £ sy (a, D),
(17)

where the frequency domain weighting w(a, b) is defined as

w(a,b) =
H. 2 W 279 2 W, 219
[(5) +(7)] —[@—5) +(b—7)] +1
for 0 < a < H,0 < b < W, and otherwise, set to zero.

This introduces a weighting (Yang et al. 2022) that priori-
tizes low-frequency components for 6 > 0.

H

3.4 Inference Pipeline

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

n n+1
t,n,ey €,

| aen (605,595 (1)) +
(18)
Aglgtobat (600, 500 (t)) + Mibiocar (50§, 5’173(15))]7
where locar (-, ") = 205 +) + €L, (-, ). Upon optimiza-
tion, the inference is performed using new text prompts

to transform appearances, e.g. “a seagull is walking” —
a chicken is walking”.
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This Spectral Motion Alignment (SMA) is universally
adaptable across various motion distillation frameworks.
While diverse diffusion-based motion distillation frame-
works adopt their pixel-domain motion learning objectives,
the proposed frequency-domain alignment seamlessly in-
tegrates with these arbitrary objectives. Moreover, differ-
ent motion distillation frameworks target specific parame-
ters # for fine-tuning, varying from temporal attention layers
(Jeong, Park, and Ye 2023) to dual-path LoRAs (Zhao et al.
2023b). We empirically demonstrate the global compatibil-
ity of the proposed spectral motion alignment with diverse
neural architectures and parameterizations. Pseudo-code is
provided in the appendix.

3.5 Extending SMA to Feature Space

Beyond pixel-space motion representations, SMA can be
further extended to semantic diffusion features (DIFT,
(Tang et al. 2023)). Specifically, Diffusion-Motion-Transfer
(DMT, (Yatim et al. 2023)) constructs motion vectors based
on pairwise differences in space-time diffusion features,
which are then utilized for latent optimization-based video
motion transfer. Given input and target video latents, v;
and ¥4, the model extracts space-time features f(v;) and
f(9). Then, the feature residuals are defined as ¢ f(v;)"
and 0 f (04)", the n-th consecutive difference between hid-
den feature frames. This leads to the spectral alignment ob-
jective in feature space as follows:

E| o (f (00), £(@0)) + Aglatona (8 (00), 8 (21)
+ Mbiocat (01 (0", (@2)") .

where /pyr refers to the original space-time feature loss in
(Yatim et al. 2023). Note that DMT does not finetune the
models, leveraging (19) for a latent optimization in sampling
process. We demonstrate the effectiveness of spectral align-
ment in the diffusion feature space by comparing it against
the original DMT framework in Fig.2-bottom.

19)

4 Experiments using T2V Diffusion Models
4.1 Experimental Setting

To assess the capability of Spectral Motion Alignment
(SMA) to capture accurate motion within contemporary
diffusion-based motion learning frameworks, we curated a
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Figure 4: Visualization of (a) spatial frequency spectrum and (b) motion vectors estimated from the pre-trained Show-1 (Zhang
et al. 2023) without fine-tuning. (¢) Ablation study on spectral motion alignment based on VMC (Jeong, Park, and Ye 2023).

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 341 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.

dataset comprising 30 text-video pairs sourced from the pub-
licly available DAVIS (Pont-Tuset et al. 2017) and WebVid-
10M (Bain et al. 2021) 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 (Sterling 2023), a non-
cascaded VDM, and Show-1 (Zhang et al. 2023), a cascaded
VDM. More details are provided in appendix.

4.2 Baselines

MotionDirector (Zhao et al. 2023b) tailor the appearance
and motion of a video by developing a unique dual-path
(spatial, temporal) framework with Low-Rank Adaptation
(LoRA, (Hu et al. 2021)). VMC (Jeong, Park, and Ye 2023)
achieves state-of-the-art performance in motion customiza-
tion through their novel epsilon residual matching objective,
facilitating efficient motion distillation within a cascaded
video diffusion. DMT (Yatim et al. 2023) proposes a new
space-time feature loss, guiding the sampling process to-
wards preserving the motion patterns while complying with
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the target object. Please see Sec 3.5 for more details.

4.3

Fig. 3 and 2 offer qualitative comparisons with and without
SMA. The top of Figure 2 shows videos from a cascaded
diffusion pipeline, while the bottom displays those from a
non-cascaded model. Without SMA, videos may capture ap-
pearance to some extent but fail to replicate motion patterns
accurately. In contrast, SMA significantly improves motion
transfer, distinguishing dynamic from static objects. For in-
stance, in the last example of Fig. 3, SMA produces a video
where only the eagle moves from right to left, whereas with-
out SMA, the video inaccurately depicts the ground moving
alongside the eagle.

Qualitative Comparison

4.4 Quantitative Comparison

The results of our quantitative evaluation are presented in
Table 1. To evaluate text-video alignment (Hessel et al.
2021), we measure the average cosine similarity between
the target text prompt and the frames generated. Regarding
frame consistency, we extract CLIP image features for each
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Figure 5: Comparison within Tune-A-Video (Top) and
ControlVideo-Depth (Bottom) baseline.

frame in the output video and subsequently calculate the av-
erage cosine similarity among all frame pairs in the video.
For human evaluation, we conduct a user study with 42 par-
ticipants to assess three key aspects, guided by the following
questions: (1) Editing Accuracy, (2) Temporal Consistency,
(3) Motion Accuracy. Tab. 1 demonstrates that SMA en-
hances the performance of MotionDirector and VMC across
all measured metrics.

S T2I Video Diffusion Models

5.1 Experimental Setting

We further evaluate the efficacy of SMA with methods based
on text-to-image diffusion model. Same text-video pairs are
used as in Sec. 4.1. The resolution for all produced videos
is standardized to 512x512. In this experiment, Stable Dif-
fusion v1-5 (Rombach et al. 2022) and ControlNet-Depth
(Zhang, Rao, and Agrawala 2023) are utilized.

5.2 Baselines

Tune-A-Video (Wu et al. 2023) transforms a pretrained T2I
diffusion model to psuedo T2V model by adding tempo-
ral attention layers and expanding spatial self-attention into
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spatio-temporal attention. ControlVideo (Zhao et al. 2023a)
is another one-shot-based video editing method stems from
pretrained T2I model. ControlVideo extends ControlNet
(Zhang, Rao, and Agrawala 2023) from image to video to
incorporate structural cues obtained from the input video.

5.3 Qualitative Comparison

Fig. 5-(top) demonstrates the efficacy of SMA with Tune-
A-Video method, where SMA alleviates the flickering ar-
tifacts in foreground objects. Fig. 5-(bottom) further illus-
trates the improvements with the ControlVideo framework.
While depth control encourages ControlVideo to maintain
the structural integrity, Fig. 5 shows that it is not sufficient
for motion accuracy, where SMA plays a crucial role in ac-
curate capture of motion details.

5.4 Quantitative Comparison

Quantitative results are detailed in Tab. 2, following the met-
rics introduced in Sec. 4.4. Across both the Tune-A-Video
and ControlVideo frameworks, the integration of SMA im-
proves performance across all five evaluated metrics, no-
tably achieving a substantial advantage in motion accuracy.

6 Analysis

We explore the impact of SMA by examining motion vectors
(6vg, d0(t)) and their (amplitude, phase) spectrum in Fig-
ure 4 (¢t = 700). Figure 4b indicates that the pixel-space mo-
tion vector dvg faces frame-wise distortions or inconsisten-
cies. These are characterized as high-frequency noises in the
amplitude spectrum, Fig. 4a. Thus, we prioritize low spatial
frequency components which improves the overall fidelity
and removes background distortions (Figure 4c).

Moreover, global motion alignment further improves mo-
tion transfer. Specifically, without considering the global
motion dynamics, existing frameworks occasionally gener-
ate “reversed” motions, i.e. an astronaut skateboarding in an
upward direction. In contrast, the proposed global motion
alignment effectively mitigates these challenges (Table 3).

Base +£10ca] +Lglobal +£localy Lglobal
TA 0.816 0.838 0.834 0.843
FC 0.950 0.961 0.959 0.966
Table 3: Quantitative ablation of Liscat and Lgiobal. Base

refers to baseline, TA refers to text alignment and FC stands
for frame consistency.

7 Conclusion

We propose Spectral Motion Alignment (SMA), a novel mo-
tion distillation framework in spectral domain. We explore
the limitations of conventional motion estimation methods:
(a) lack of global motion understanding, (b) vulnerability to
spatial artifacts. Then, we mitigate these problems by har-
monizing both local and global motion alignment and effec-
tively distills motion patterns.
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