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Figure 1: Overview of the proposed method. Our CMC mitigates content leakage, enabling diverse
generation across varying prompts and samples.

ABSTRACT

2610.07911v2 [cs.CV] 7 Oct 2026

Despite recent advances in video generation, motion customization remains chal-
lenging due to content leakage, where appearance attributes from the reference
video unintentionally propagate into the generated output. We identify this issue
as a consequence of the generative process collapsing toward the reference video,
which arises from formulating the learning objective as a direct regression on
the reference. To address this, we propose Control-based Motion Customiza-
tion (CMC), a principled training framework that is structurally robust to content
leakage. Our key idea is to steer generative dynamics toward desired motion while
avoiding collapse toward the reference video, which we formalize using Stochas-
tic Optimal Control (SOC). Under this formulation, customized videos acquire the
target motion yet remain within the pre-trained model’s prompt-conditional distri-
bution, where appearance is determined by the text prompt rather than the refer-
ence video. Furthermore, to improve efficiency, we tailor the SOC formulation to
motion customization by eliminating the need for an explicit reward and introduc-
ing a timestep-adaptive motion cost that focuses only on early generative stages,
accelerating training by 2.5x. Extensive experiments demonstrate that CMC ef-
fectively mitigates content leakage and achieves competitive motion fidelity while
preserving the diversity of the base model across diverse scenarios.
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1 INTRODUCTION

Recent video generation models (Blattmann et al., 2023; Chen et al., 2024; Guo et al., 2024; Gupta
et al., 2023; Wang et al., 2024b) have demonstrated remarkable progress in visual quality and tem-
poral coherence, bringing video synthesis closer to practical real-world applications. Among these,
motion customization has emerged as an important task to provide users with finer control over the
generation process. In particular, motion customization aims to generate a video conditioned on (i)
a text prompt specifying the overall scenario, e.g., subject appearance or background details, and
(ii) a reference video specifying the target motion. Thus, the output should follow the motion of the
reference video, while matching all other attributes specified in the text prompt.

However, motion customization still remains challenging due to its trade-off between motion fidelity
and content leakage, where appearance attributes from the reference video unintentionally propagate
into the generated result (Ma et al., 2026; Kansy et al., 2025; Liu et al., 2025d). Existing methods
commonly attempt to mitigate this by debiasing appearance from motion representations extracted
from the reference video, yet this is inherently difficult. We identify that content leakage does not
stem from imperfect disentanglement itself, but from formulating the learning objective as a direct
regression on the reference video. This causes the generation to drift away from the text prompt
toward the reference video, making the output resemble the reference beyond its motion. Based on
this observation, we argue that content leakage can be better mitigated simply by designing a proper
learning objective, even when motion and appearance remain entangled.

To this end, we introduce Control-based Motion Customization (CMC), a principled training
framework for motion customization. Our goal is to adopt only the target motion while faithfully
reflecting the text prompt, which requires preventing collapse toward the reference. To achieve this,
we first highlight the importance of rigorously accounting for the generative dynamics and their
induced output distribution (§4.1). We then adopt Stochastic Optimal Control (SOC) as a natural
tool for this purpose, casting motion customization as an SOC problem (§4.2). Specifically, instead
of forcing the model to match the reference directly, CMC learns a control that steers the pre-trained
generative process toward the target motion, while being penalized for deviating from the original
process. The customized samples thus acquire the desired motion yet remain within the pre-trained
prompt-conditional distribution: since appearance is determined by the prompt, samples from this
distribution are unlikely to exhibit appearance attributes inconsistent with the prompt, including
those of the reference video. Consequently, CMC is structurally robust to content leakage.

While the SOC framework offers a principled approach, its standard application remains challenging
for two practical reasons. First, it requires carefully handcrafted reward functions that are difficult
to define for complex motion customization task. Second, it is computationally expensive due to its
full-horizon trajectory simulation. To address these challenges, we redesign the formulation through
two task-specific modifications. First, we completely eliminate the explicit reward. Instead, we mod-
ify the generative dynamics using a proxy objective computed along the trajectory, showing that the
resulting target distribution still remains as a reweighting of the pre-trained conditional distribution
(§4.3). Second, based on our observation that motion structure emerges early in generative stages, we
restrict this dynamics modification to these initial timesteps (§4.4). These two task-oriented modifi-
cations simplify the objective, leading to a more efficient control-learning process (§4.5). Extensive
experiments demonstrate that our framework enables precise motion control while remaining robust
to content leakage, thereby facilitating diverse generation across a wide range of scenarios.

Our contributions are summarized as follows:

* We identify the inherent susceptibility of prevalent motion customization methods to content
leakage from the perspective of generative dynamic and induced target distribution.

* We propose Control-based Motion Customization (CMC), an SOC-based framework that
transfers the target motion while remaining faithful to the text prompt, making it structurally
robust to content leakage.

* We tailor the formulation to motion customization by (i) removing the reward and directly guid-
ing the generation toward the target motion, and (ii) restricting this guidance to early generative
stages, accelerating training by 2.5 .

» Through comprehensive experiments, we verify that our method yields diverse generation re-
sults with high motion fidelity, effectively mitigating content leakage.



2 RELATED WORK

Training-Free Motion Customization. Training-free approaches (Hu et al., 2024; Meral et al.,
2024; Liu et al., 2025d; Zhang et al., 2025b; Yatim et al., 2024; Ling et al., 2025; Gao et al., 2025;
Pondaven et al., 2025; Yesiltepe et al., 2024; Gokmen et al., 2025) customize motions by manipu-
lating sampling dynamics at inference time, without updating model parameters. Early approaches
(Hu et al., 2024; Meral et al., 2024; Liu et al., 2025d; Zhang et al., 2025b; Yatim et al., 2024;
Ling et al., 2025; Gao et al., 2025) are based on U-Net (Ronneberger et al., 2015), leveraging its
intermediate representations to align generation with the referred motion, while recent approaches
(Pondaven et al., 2025; Yesiltepe et al., 2024; Gokmen et al., 2025) adopt Diffusion Transformers
(DiT) (Peebles & Xie, 2023). Despite architectural differences, these methods commonly enforce
motion alignment by directly modifying latent representations or internal features. In contrast, our
method operates at the level of generative dynamics without explicitly altering intermediate repre-
sentations.

Fine-tuning-based Motion Customization. Another line of work transfers motion by fine-tuning
model parameters, often from a single reference (Kansy et al., 2025; Park et al., 2025; Wang
et al., 2025; Shi et al., 2025). Many of these approaches introduce separate appearance and mo-
tion branches to encourage disentangled representations (Zhao et al., 2024; Zhang et al., 2023; Ren
et al., 2024; Ma et al., 2026; Liu et al., 2025b). Others adapt text embeddings and attention layers
to better inject motion cues (Li et al., 2024; Materzyniska et al., 2024; Wu et al., 2025; Jeong et al.,
2024). While effective, these methods often suffer from output distribution collapse toward the ref-
erence video. Beyond single-exemplar adaptation, large-scale fine-tuning approaches (Ressler-Antal
et al., 2025; Cai et al., 2025; Zhang et al., 2025a) learn motion control from curated datasets. Such
approaches rely heavily on large annotated data, whereas we focus on the single-reference setting
without large-scale training.

3 PRELIMINARY

Text-to-Video Diffusion. Let us consider a continuous-time stochastic differential equation (SDE)
formulation of text-to-video diffusion and flow models (Blattmann et al., 2023; Chen et al., 2024,
Guo et al., 2024; Gupta et al., 2023; Wang et al., 2024b; Wan et al., 2025). Given a data point
X1 € R™ sampled from data distribution gga,, @ forward stochastic process gradually transforms the
data into Gaussian distribution gpior. Using the reversed time convention, the forward SDE is given
by

dX; = f(Xy, t)dt + o(t)dWy, X1 ~ Qdatas (1)

where f : R™ x [0,1] — R"™ is a forward drift, o : [0,1] — R is a diffusion coefficient, and W;
is an n-dimensional standard Wiener process. Both f and ¢ are determined by a predefined noise
schedule.

Reversing Eq. (1) yields a reverse-time stochastic process that transports gprior back to the ggaa:
dX; = [f(Xt, t) + O'(t)28base(Xt7 t)]dt + U(t)dWh Xo ~ Qprior, (2)

where score function s**¢ : R™ x [0,1] — R™ is typically parameterized and optimized by con-
ditional score matching (Song et al., 2021) to estimate the marginal score V, log p(z,t); for flow
models, it is obtained in closed-form from the learned velocity field (Ma et al., 2024). Once trained,
it specifies the reverse-time dynamics, enabling sampling by simulating the reverse SDE Eq. (2)
from gprior at ¢ = 0 to obtain samples X that approximately follow the qgu at ¢ = 1. Also, it

induces a path measure P2 with endpoint marginals pgase = Qprior and p'{ase & Qdata-

Stochastic Optimal Control (SOC). SOC provides a framework for modifying the dynamics of a
given stochastic process to arrive at a new target distribution p at ¢ = 1 by introducing a control
signal that manipulates trajectories, while remaining close to a base path measure (Zhang & Chen,
2021; Vargas et al., 2023; Domingo-Enrich et al., 2024; Havens et al., 2025; Liu et al., 2025a; Shin
et al., 2026). Among the various SOC problem formulations, we consider the quadratic cost control-
affine one:

ueU

L1
min Ex . pu [/ <2 lu(Xs, t)]|* + E(Xt,t)) dt + g(X1)] 3)
0



¥
®

'y ozundo

f/

/
ndo /
oy

(]

aseq®/ozrundo
[ ]

a{eqs‘azmmd

(b) Fine-tuning-based Optimization

Optimize w
®-------- & --emgmmmmmneee] » @

. (c) CMC (Ours)
Qprior ddata
--» Original Prompt Trajectory —» Reference Video Trajectory Y¢ Target Video in 4data
—» Modified Original Prompt Trajectory --2 Optimization Direction @ Latent X;

Figure 2: Method Comparison. Existing methods vs. our control-based approach.
S.t. dXt = [b(Xt, t) + O'(t)u(Xt, t)] dt + O'(t) th7 X() ~ Qpriora (4)

where b : R x [0,1] — R™ is a base backward drift, u : R™ x [0, 1] — R™ is a control vector field
ranging over the set of admissible controls U/, ¢ : R™ x [0, 1] — R is a running costand g : R — R
is a terminal cost. By optimizing Eq. (3), we can obtain minimally changed dynamic which leads
to our new target distribution 4 at ¢ = 1 (via terminal cost g(z)), under additional constraints on
trajectory shaping (via running cost £(z, t)).

4  CONTROL-BASED MOTION CUSTOMIZATION (CMC)

4.1 MOTIVATION

We begin by revisiting existing motion customization methods through the lens of generative dy-
namics and formulate our problem based on this analysis.

Reinterpreting Existing Methods. Training-free approaches (Yatim et al., 2024; Gao et al., 2025;
Ling et al., 2025; Pondaven et al., 2025) encode motion by adjusting the intermediate noisy state
X, to be closer to the generative trajectory of the reference video. However, such direct alignment
is inherently susceptible to content leakage, as its minimizer is precisely the generative trajectory
of the reference video. Since no constraint prevents the model from converging to this trajectory,
and the induced output distribution is left uncharacterized, the output can easily collapse toward
the reference video. Fig. 2(a) visualizes how latent-level alignment progressively bends the original
trajectory toward the reference, disrupting the intrinsic generative dynamics.

Fine-tuning approaches (Zhao et al., 2024; Ma et al., 2026; Jeong et al., 2024; Park et al., 2025;
Wang et al., 2025; Wu et al., 2025), on the other hand, directly optimize the parameters of the pre-
trained model, effectively updating the score function s°*¢(z,¢) in the backward dynamics Eq. (2).
During training, the model reconstructs the reference video via diffusion loss, which leads original
trajectories to converge toward the reference trajectory as in Fig. 2(b). While this ensures that the



generated samples lie in gqq,, it causes the output distribution to collapse into a narrow point-mass-
like distribution centered at the reference, resulting in content leakage and limited flexibility.

4.2 MOTION CUSTOMIZATION AS SOC

Aforementioned observations motivate a training framework that rigorously accounts for both the
generative dynamics and the induced output distribution. To this end, we formulate motion cus-
tomization as a SOC problem. As shown in the SOC objective in Eq. (3), this formulation enables us
to incorporate the desired motion information by learning control » while (i) preventing excessive
deviation from the base dynamics through the quadratic cost ||u||?, and (ii) explicitly controlling the
induced output distribution .

Adopting this SOC framework leads to the following optimization problem for obtaining the optimal
control u*, subject to our controlled generative dynamics:

dX; = [f(Xe,t) + o (t)*s*™(Xy, 1) + o(t)u( Xy, t)]dt + o(£)dWs, Xo ~ Gpriors (5)

which induces the controlled path measure p* that coincides with the base path measure p°*° when
u = 0. Within this objective, the target motion information can be flexibly injected either through
the target distribution p or via a specifically designed running cost £(zx, t).

Challenges of Standard SOC Application. A natural way to learn the desired motion within this
framework is to specify the target distribution p as the distribution of videos containing the target
motion. In practice, this distribution is commonly formulated using a reward function r : R™ — R,
which defines y as a reward-tilted distribution:

p(@) o Py (o) exp(r(x)). (6)
Under this setting, the terminal cost in Eq. (3) corresponds to a terminal reward, i.e., g(X1) =
—r(X1). However, directly optimizing this objective with terminal reward (X ) is practically chal-
lenging and computationally expensive. Since r explicitly defines the target distribution, it must
capture multiple aspects of the generated video, including motion alignment, visual quality, and text
consistency. Yet, designing such a comprehensive reward is nontrivial (Xue et al., 2025; Liu et al.,
2026; 2025¢). Furthermore, evaluating r(X1) requires simulating the entire trajectory up to ¢ = 1,
which substantially increases optimization costs. To overcome these inefficiencies, we reformulate
the SOC objective specifically for motion customization, yielding our framework, Control-based
Motion Customization (CMC). Specifically, CMC is designed to achieve the following two goals:

Goal 1: Inject the target motion without explicit reward design (§4.3).
Goal 2: Inject the target motion without entire trajectory simulation (§4.4).

4.3 BYPASSING REWARD DESIGN VIA ZERO TERMINAL COST

Our first main insight is that we can entirely bypass the complexity of reward design by avoiding
the need to construct a new, custom target distribution p. As modern text-to-video diffusion models
(Yang et al., 2025; Wan et al., 2025; Kong et al., 2024; Zheng et al., 2024) are trained on vast and
diverse datasets, their pre-trained output distribution already captures rich generative knowledge.
Under the natural assumption that the desired motion lies within this underlying distribution, we set
the terminal cost g(z) = 0 to avoid explicitly designing the target distribution as a reward-tilted
distribution (Eq. (6)), and instead utilize a running cost £(z, t) to implicitly modify the dynamics.

The target distribution induced by ¢ can be explicitly characterized. Since motion customization is
fundamentally a form of text-to-video generation, p}2s® denotes the prompt-conditional distribution
p?*¢(- | ¢) given a text prompt ¢, and we make this conditioning explicit hereafter.

Under this formulation, our optimal target distribution is derived as:

) 1
Pi@|c) = p(z | ) 9(@),  $(@) = Eppue o) [e7 o XDV | 5, =0 (7)
where V(x,0) = —log E pase[e ™ Jo €0 dt | X = g]. Derivation is in Appendix §A.

Importantly, since the optimal target distribution is a reweighting of the base terminal distribution,
our formulation is inherently robust to content leakage.
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Figure 3: Qualitative analysis on motion formation timestep. The y-axis indicates the switching
timestep (¢ € [0, 50]) at which the initial prompt Py is switched to a new prompt Pro O Papp. Left:
Switching from Piyic to Pror shows that motion becomes largely established after early timesteps
(t = 10), with limited influence from subsequent prompts. Right: Switching to Py, shows that non-
motion can still change at later timestep (¢t = 20).

Property 1: Support Preservation. pj(- | ¢) cannot assign probability to samples that do
not exist under pY2>°(- | c).

Conditioning on ¢ implies that the appearance of the generated video is determined by the prompt.
Accordingly, samples exhibiting content leakage, i.e., appearance attributes from the reference video
that contradict the prompt c, are already assigned negligible probability under p?*°. Since reweight-
ing Eq. (7) is pointwise on pbase content-leaked samples with p£3¢(z) ~ 0 cannot be newly intro-
duced through this process. This property is further supported by the quadratic control regularization,
which prevents the point-wise scaling factor ¢(x) from exploding.

Property 2: Trajectory Regularization. The induced path measure p* cannot deviate ar-
bitrarily from the base path measure P>, due to the regularization imposed by the control
cost.

Complementing the sample-level bound in Property 1, the quadratic control cost enforces trajectory-
level bound to the base model. Because the control cost directly equals the KL. divergence between
path measures (Sirkki & Solin, 2019), Epu[3 fol lul|?dt] = KL(p“ | pP2¢), minimizing |ju||?
keeps the modified dynamics strictly anchored to p®**® throughout the entire generation process,
preventing intermediate states from drifting toward unverified reference features.

Solution 1: Vanishing Terminal Cost. Inject the target motion via the running cost ¢(z, t), with

g(x) =0.

4.4 TRAJECTORY TRUNCATION VIA EARLY-STAGE CONTROL

While our formulation operates via a running cost ¢(z, t), evaluating this cost across all denoising
steps induces unnecessary optimization overhead. Therefore, we leverage the key property that mo-
tion structure primarily emerges during the early denoising stage, and restrict control to an early
time window ¢ € [0, 7], achieving both computational efficiency and high generative flexibility.



Motion Formation in Early Diffusion Steps. Inspired by prior observations (Ling et al., 2025;
Hertz et al., 2022) and the coarse-to-fine nature of diffusion models (Yi et al., 2024; Qian et al.,
2024), we hypothesize that motion structure is largely established in early denoising steps. To vali-
date this hypothesis, we conduct both qualitative and quantitative analyses.

For qualitative analysis, we conduct a prompt-switching experiment. We initiate generation with
Piic and switch to either a motion-changed prompt Py, (same subject, different motion) or an
appearance-changed prompt Py, (different subject, same motion). As shown in Fig. 3(left), motion
is largely shaped within approximately the first 20% of the trajectory; switching the prompt after-
ward leaves the motion nearly unchanged. In contrast, in Fig. 3(right), appearance remains modifi-
able at substantially later timesteps (first 40%), allowing the subject to adapt to the new description
while motion persists.

For quantitative analysis, we evaluate a motion classifier
trained on intermediate noisy latents X; across a bench-
mark of 10 motion classes and 10 subject categories (de-
tails in Appendix §B). As shown in Fig. 4, motion is
highly identifiable from a very early stage (step 5 with
69.8%) and accuracy saturates around step 15 (90.2%),
confirming that the primary motion structure is formed
early in the denoising process. Based on these findings,
we conclude that imposing motion information only in
the early generative phase is sufficient for motion control,

Accuracy (%)

10 20 30 40 50

resulting in a significantly more efficient control learning
procedure. We therefore restrict the running cost £(x, t)
tot € [0, 7], where 7 < 1 denotes the cutoff timestep for
motion control. This restriction also preserves flexibility
for subsequent semantic refinement, allowing the genera-
tion to adapt to the text prompt.

Latent Timestep

Figure 4: Quantitative analysis on mo-
tion formation timestep.

Timestep-adaptive Motion Cost. While the running cost #(x,t) can be flexibly designed to en-
courage desired motions, we adopt a simple and effective instantiation computing optical-flow-like
motion vectors directly in the feature space (Geyer et al., 2023; Wang et al., 2024a). Specifically, we
formulate the cost as:

é(Xh t) = w(t) : émotion(Xﬁ Xref)7 (3
where ¢,,0ti0n quantifies the feature-space motion vector discrepancy relative to the clean reference
video X..¢, and w(t) is a timestep-dependent scaling factor. All formal definitions are in Appendix
§B. To further demonstrate that leakage prevention is structural to our framework rather than tied to

a specific motion representation, we also instantiate ¢(x, t) with motion costs adopted from existing
methods (Appendix §D).

Solution 2: Running Cost Truncation. Inject the target motion via the early generative stage
only, with ¢(z,t) = 0 forall t € (7, 1].

4.5 TRAINING STRATEGY

By applying Solution 1 (g(z) = 0) and Solution 2 (¢(X,;,t) =0 V¢ € (7, 1]) to our general SOC
objective in Eq. (3), the control problem simplifies to optimizing the truncated running cost over
tel0,7]:

/1
min EX,\,pu |:/ <2 ||U/(Xt,t)||2 + ’LU(t) . Emotion(Xt; Xref)) dt:| . (9)
0

ueU

Crucially, these solutions apply to the general SOC formulation itself, independently of the specific
choice of SOC solver. In practice, we solve Eq. (9) using Adjoint Matching (AM) (Domingo-Enrich
et al., 2024), which is the efficient control learning algorithm. The overall training procedure using
AM loss is summarized in Algorithm 1.
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Figure 5: Qualitative comparison with baselines. CMC achieves precise motion customization
while significantly mitigating content leakage. The red arrow indicates the movement direction.

5 EXPERIMENTS

5.1 EXPERIMENTAL SETUP

Evaluation Protocol. We evaluate on reference videos sourced from DAVIS (Perazzi et al., 2016)
and prior work (Pondaven et al., 2025; Ling et al., 2025; Zhao et al., 2024; Ma et al., 2026), paired
with prompts of varying descriptive complexity. Following the prior work, we report Motion Fi-
delity (Yatim et al., 2024), Text Fidelity, and Temporal Consistency (Huang et al., 2024). We addi-
tionally report Diversity as an indirect measure of content leakage. To evaluate diversity, we generate
multiple trajectories per video—prompt pair, resulting in a total of 150 motion-customized videos. We
compare against seven baselines covering both training-free and tuning-based training schemes, and
all baselines are adapted to CogVideoX-2B for a fair comparison. More details on dataset, baselines,
and metrics are in Appendix §C.

Implementation Details. We use CogVideoX-2B (Yang et al., 2025) as our base model with 28
denoising steps. The maximum timestep for the running cost (7 in continuous-time formulation) is
set to 10, using features from the 15th transformer block, with w(¢) following a decaying schedule
to avoid drastic change of dynamic. Full settings are in Appendix §B.



Table 1: Quantitative evaluation on CMC and baselines.

Motion Text Temporal . .

Method Fidelity | Fidelity T Consistency 1 Diversity 1
Backbone 0.2605 0.8520 0.9797 | 03139
Training-free methods

SMM (Yatim et al., 2024) 0.1123 0.8229 0.9650 0.2457
MOFT (Xiao et al., 2024) 0.1186 0.8272 0.9563 0.2292
MotionClone (MC) (Ling et al., 2025) 0.1303 0.7698 0.9253 0.2489
DiTFlow (Pondaven et al., 2025) 0.1189 0.8304 0.9814 0.2402
Tuning-based methods

MotionDirector (MD) (Zhao et al., 2024) 0.0781 0.8396 0.9566 0.2623
Motionlnversion (MI) (Wang et al., 2025)  0.0828 0.7991 0.9603 0.2206
DeT (Shi et al., 2025) 0.0821 0.8315 0.9667 0.2584
CMC (Ours) 0.1093 0.8452 0.9754 0.3243

5.2 MAIN RESULTS

Quantitative Comparison. Tab. | compares with the baselines, including the Backbone, generated
from the text prompt alone as a reference. An ideal method would improve motion fidelity while
matching the Backbone on the other metrics. CMC achieves competitive motion fidelity while out-
performing all baselines in both text fidelity and diversity, demonstrating that it generates diverse,
motion-aligned samples that faithfully reflect the text prompt. Although tuning-based baselines ex-
hibit slightly higher motion fidelity, this stems from overfitting to the reference video, as detailed
in Fig. S2 in Appendix §D. CMC surpasses all training-free methods in motion fidelity, striking a
favorable trade-off between motion fidelity and diversity.

Reference ts =0 ts=5 ts =10 ts =14 w/o w(t)

Qualitative Results. Fig. 5 compares CMC
against baselines. Training-free methods pro-
duce plausible videos but fail to follow the ref-
erence motion. Tuning-based methods follow
the motion well but suffer from content leakage,
inheriting the layout, appearance, and color of
the reference video. In contrast, CMC accu-
rately transfers the reference motion while gen-
erating content faithful to the prompt, without

collapsing toward the reference. Additional re- :
sults are in Appendix §D. Figure 6: Ablation study. ¢s denotes the motion

. . . . . injection timestep (ts = 0 corresponds to the base
Ablation Studies. We investigate the impact of T2V Motion aligns with the reference from ts =

the maximum motion injection timestep ts (7 10, Removing w(t) leads to degenerated outputs.
in continuous-time formulation) to identify the

optimal interval for motion guidance. As shown in Fig. 6, guidance restricted to very early timesteps
(ts = b) is insufficient, while extending beyond ¢s = 10 yields limited improvement but increases
computational cost. We thus choose ts = 10 as a balance between performance and efficiency. We
further illustrate the effect of the scaling factor w(t) in the running cost. Removing the schedule
(constant weight) degrades sample quality, confirming that abrupt transitions between controlled and
uncontrolled dynamics lead to distribution mismatch. The proposed decaying w(¢) mitigates this by
ensuring smooth transitions. See Appendix §D for more results and details.

6 CONCLUSION

We present CMC, a principled framework for motion customization that significantly mitigates con-
tent leakage by preventing the generative process from collapsing toward the reference video. By
formulating motion customization as a Stochastic Optimal Control (SOC) problem and tailoring it
to the task, our approach enables precise, efficient and diverse motion-customized video generation.

Limitations. As our generation rely on strong expressivity of a pretrained model, producing out-
puts beyond its inherent capacity requires an additional reward model. Also, while our experiments
validate CMC against strong baselines, we leave generalization to arbitrary reference videos and
prompts beyond the per-video optimization setting as future work, although we expect to transfer.
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A STOCHASTIC OPTIMAL CONTROL

We derive the induced terminal distribution in Eq. (7).
Setup. Recall the base and controlled dynamics,
(base) dX; = b(Xy,t)dt + o(t) dVy, Xo ~ Gpriors (10)
(controlled) dX; = [b(X,t) + o (t) u(Xy, t)] dt + o(t) AW, Xo ~ Gpriors (11)

where b(x,t) = f(x,t) + o(t)2s"°(z, t). We denote by p°®¢ and p* the path measures induced by
Eq. (10) and Eq. (11). With g = 0, the SOC objective in Eq. (3) becomes

J(w) = Exope UO ;|u(Xt,t)||2dt+L(X)}, L(X) ::/0 (X0 dl (12)

Step 1: Control cost as KL divergence. By the Girsanov theorem, the control cost is equivalent to
the KL divergence between the controlled process p* and the base process pP®¢, since both share

the same initial distribution gprior: KL(p" || p**¢) = Epu f 3|lu(X¢, t)[|* dt]. Hence Eq. (12) can
be written purely in terms of path measures:

J(u) = KL(p" || p**) + Expu [L(X)]. (13)

Step 2: Optimal path measure. Define the tilted path measure p(X) := p**¢(X) exp ( — L(X) +
V(X0,0)), where V(z,t) := —log E e [exp(— ft s)ds)| X, = z] normalizes p for each
initial state Xy (Domingo-Enrich et al., 2024). Then, for any path measure p with initial marginal
Qpriors
p(X)

pbase(X)efL(X)
which is minimized if and only if p = p, since the last term does not depend on p. Therefore, the
optimal path measure is the base path measure tilted by the accumulated running cost:

p*(X) = p"*(X) exp( — L(X) + V(Xo,0)). (15)

KL(p || p"*) + E,[L(X)] = E, |log =KL(p | D) + Egp [V (X0,0)], (14)

Gprior
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Algorithm 1 Control-based Motion Customization (CMC)

Require: Pre-trained score model s

1: Initialize fine-tuned score model s' from s
2: forn € {0,...,N —1} do
3: Sample m trajectories X = {Xt}tE{O,...,T} via controlled reverse SDE:

, step size h, fine-tuning iterations NV
base with parameters 6

Xion = Xt+h(f(Xt,t)+a(t)25f‘(Xt,t)) +Vho(t) e, e ~N(0,1), Xo~N(0,1) (17)
4: For each trajectory, solve the adjoint ODE backward from ¢ = 7 to 0:

at—p = at + h(a;rvXt (f(Xt7t) + U(t)25base(Xt7t)) + vXtZ(Xtat))

(18)
ar =Vx UX;,T)
5 For each trajectory, compute the Adjoint Matching objective on [0, 7]:
1 T—h )
»CTrunc—AM(e) = 5 Z HO’(t)(Sft _ Sbase) + J(t)TatH (19)
t=0

6: Compute the gradient V£(6) and update ¢
7: end for
8: return Fine-tuned score model st

Step 3: Marginalizing to the terminal state. Factorizing p®*°(X) = p%¢(X;) p**°(X | X;) in
Eq. (15) and marginalizing over all trajectories ending at X; = x, we obtain

1
Pi(@) = i (@) Eyue [exp(— | exnar e vixn)|x _4 = ™) 6(a), (16)

which is Eq. (7). Consistently, [ p}**(2)¢(z) dz = Eq,, [¢" X0 E e [e =) | X]] = 1, s0 p}
is properly normalized.

B IMPLEMENTATION DETAILS

B.1 MOTION ANALYSIS DETAILS

For the analysis in Fig. 4, we construct a controlled evaluation set using CogVideoX-5B as the base
model. The dataset spans 10 subject categories (athlete, bear, cat, dog, human, kangaroo, monkey,
panda, robot, and toddler) and 10 motion categories (backflipping, climbing, crawling, dancing,
eating, punching, shaking hands, sitting down, spinning, and swimming). For each subject-motion
pair, we generate 100 videos and extract intermediate noisy latents X; at each timestep, forming a
latent dataset annotated with motion labels. For every timestep, we train a separate 3-layer 3D CNN
classifier to predict the motion category from the corresponding latent representation. Evaluation is
conducted on a held-out test set constructed with equal proportions from each subject—motion pair.

B.2 RUNNING COST DESIGN

A straightforward approach to model motion is to use optical flow (Teed & Deng, 2020), which
provides dense pixel-level motion vectors. However, direct application of optical flow requires
costly decoding process from latent to pixel space and is not available for noised latents. There-
fore, we instead adopt a simple and effective instantiation that computes motion vectors directly
in the feature space (Geyer et al., 2023; Wang et al., 2024a). Specifically, given a pair of frames
k,k" € {0,...,F — 1}, we define the feature extractor F : R" x [0,1] — RHXWXCXF yhich
extracts the feature map given latent X; € R™ and time ¢, and denote the [7, j]-coordinate patch
in the k-th frame as F(Xy,t)¥ . € RC. Then, we define motion vector v : R" x [0,1] — R? of

,J
F(X,,t)}; toward k'(# k)-th frame as
V(X )Y = argmax d(F (X, 0)F , F(Xo, )5 ) — [L.5), [1,5'] € Quy, (20)
[i".5']
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Table S1: Training details of CMC.

Category | Parameter Value
Base model CogVideoX-2B
Model Resolution 480 x 720
Denoising steps 28
Rank 32
Alpha 32
LoRA Dropout 0.1
Target modules to_qg, tok, to_v, to_out
Trainin Optimizer AdamW
& Learning rate 1x1075
Motion injection timestep ts 10
Control | Cost weight w(t) Eq. (26)
Guidance scale 6.0
Cost DiT block 15
08 Local window 9x9

where ; ; is a set of coordinates in local spatial window for [¢, j], and d(-, -) is a similarity metric.

v( Xy, t)f”f' can be interpreted as optical flow of [i, j] patch in kth frame heading to k’th frame in

latent space. We define ¢(x,t) as

UXe ) = w(tBi g |V (X, 07 =V (Xeer, 15 113, 1)
where X, is an encoded latent of clean reference video and w(t) is a scaling hyperparameter de-
signed to mitigate the discontinuity caused by truncating control at 7.

B.3 TRAINING ALGORITHM

Among the existing approaches to SOC, we adopt Adjoint Matching (AM) (Domingo-Enrich et al.,
2024). AM offers an efficient and theoretically grounded objective by regressing the current control
u onto the lean adjoint state. Nevertheless, standard AM retains a key computational bottleneck of
conventional SOC: evaluating its objective requires a full forward simulation from¢ = 0 to ¢t = 1
for the terminal cost, followed by a backward adjoint simulation from ¢ = 1 to ¢ = 0. Our CMC
formulation removes this bottleneck and yields a substantially more efficient AM variant.

Specifically, (i) setting g(x) = 0 eliminates the explicit terminal reward, which sets the terminal
boundary condition of the adjoint state to zero: a(1; X) = V,g(X;) = 0. Next, (ii) restricting
control to the initial timesteps ensures that the running cost ¢(x, t) vanishes for ¢ € (7, 1]. Together,
these two conditions guarantee via the adjoint ODE that a(¢; X) = 0 for all ¢ € (7,1]. Now the
control objective simplifies to:

L(u) :=Ea E /OT |u(Xe, t) + a(t)Ta(t;X)|2dt} , X ~pY (22)

where @ = stopgrad(u), and adjoint state is defined as
%a(t; X) = = (a(t; X)TVLb(X0,t) + Vol X)), t€[0,7], X ~p", (23)
a(t; X) = Vo b(X,,7), a(t; X) =0, Vt € (1,1]. (24)

This implies that both the forward trajectory and the backward adjoint simulation need only be
computed over the truncated interval ¢ € [0, 7], eliminating unnecessary computation over (7, 1].
The overall training procedure is summarized in Algorithm 1.

B.4 HYPERPARAMETER DETAILS
Detailed training configurations and hyperparameter settings used throughout the experiments are

provided in Tab. S1. We maintain the baseline model’s default settings as specified, with the excep-
tion of the denoising process, which is set to 28 steps across all models for a fair comparison.
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C EXPERIMENT DETAILS

C.1 DATASET DESCRIPTION

We use 10 reference videos sourced from DAVIS (Perazzi et al., 2016) and prior works (Pondaven
et al., 2025; Ling et al., 2025; Zhao et al., 2024; Ma et al., 2026), encompassing both camera and
object motion. Each video is paired with 3 prompts of varying descriptive complexity. To evalu-
ate diversity, we generate 5 trajectories per video—prompt pair, resulting in a total of 150 motion-
customized videos, comparable in scale to prior works.

C.2 BASELINE DESCRIPTION

Training-free methods. SMM (Yatim et al., 2024) introduces a space-time feature loss based on
spatially averaged diffusion features, and optimizes the latents during sampling to preserve the refer-
ence motion. MOFT (Xiao et al., 2024) extracts motion-aware features by filtering motion-relevant
channels of diffusion features, and uses them to guide the generation. MotionClone (Ling et al.,
2025) utilizes sparse temporal attention weights as motion representations to guide the generation
process. DiTFlow (Pondaven et al., 2025) extracts Attention Motion Flow (AMF) from cross-frame
attention maps and performs training-free latent optimization to reproduce the reference motion in
DiTs.

Tuning-based methods. MotionDirector (Zhao et al., 2024) employs a dual-path LoRA architecture
to decouple appearance and motion learning. MotionInversion (Wang et al., 2025) learns temporal
and appearance embeddings injected into the attention layers to represent the reference motion.
DeT (Shi et al., 2025) introduces a shared temporal kernel that smooths DiT features along the
temporal axis, together with a dense point tracking loss, to decouple and learn motion in DiTs.

Implementation. For SMM and MOFT, we use the DiT implementations provided by Pondaven
etal. (2025), where DDIM inversion in SMM is replaced with key-value injection. For MotionClone,
since CogVideoX has no dedicated temporal attention, we extract the cross-frame attention among
tokens at the same spatial location from the 3D full attention, renormalized over frames, and apply
its sparse top-1 loss within the same latent optimization pipeline. MotionInversion is adapted to our
DiT backbone following Shi et al. (2025), by injecting temporal embeddings into the query and key
and spatial embeddings into the value of the 3D full attention. DiTFlow and DeT are natively built
on CogVideoX, so we use its official implementation. For MotionDirector, since CogVideoX lacks
separate spatial and temporal modules, we attach both the spatial and temporal LoRAs to the same
attention and feed-forward layers of all DiT blocks, and distinguish them by their training data: the
spatial LoRA is trained on single frames, while the temporal LoRA is trained on the full clip with
the appearance-debiased loss, with the spatial LoRA kept frozen. At inference, only the temporal
LoRA is applied, and DDIM inversion is replaced with key-value injection following Pondaven
et al. (2025).

C.3 METRIC DESCRIPTION

Text Fidelity measures how accurately the generated video captures the non-motion content speci-
fied in the text prompt. While standard metrics like CLIP score evaluate overall semantic correspon-
dence, they can be sensitive to motion-related discrepancies that are inherent in motion customiza-
tion tasks. Instead, we focus on object-level grounding to provide a more direct and interpretable
measure of content fidelity, as our prompts primarily target specific objects. To this end, we utilize
the confidence score of Grounding DINO (Liu et al., 2024) as our metric. Specifically, we extract
the target object noun from the prompt and calculate the average of the maximum confidence scores
across all video frames. A higher score signifies that the target object is consistently and clearly
present, indicating successful content reflection without interference from the reference video’s ap-
pearance attributes.

Motion Fidelity measures how well the motion characteristics of the reference video are preserved
in the generated video, following prior motion transfer evaluation protocols (Yatim et al., 2024).
Specifically, point tracklets are extracted from both input and output videos using off-the-shelf point
tracking method (Karaev et al., 2025), and motion fidelity is quantified by computing a Chamfer-
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Table S2: Motion formation timestep across model scales.

i CogVideoX-5B Wan2.2-5B Wan2.2-14B
imestep

Acc (%) A Acc (%) A Acc (%) A
0 10.31 - 12.00 — 10.90 -
10 83.06 +72.75 39.41 +27.41 69.10 +58.20
20 93.16 +10.10 47.06 +7.65 91.00 +21.90
30 96.33 +3.17 52.47 +5.41 94.10 +3.10
40 96.53 +0.20 55.18 +2.71 96.30 +2.20
50 98.27 +1.74 55.29 +0.11 96.00 -0.30

style distance between the two sets of tracklets, where lower values indicate better motion preserva-
tion.

Temporal Consistency is evaluated using VBench (Huang et al., 2024), a comprehensive video
evaluation benchmark. It measures the overall consistency of generated videos by averaging the
scores of subject consistency and background consistency.

Diversity serves as an indirect measure of content leakage; if a model overfits to the reference, it
tends to produce nearly identical samples. Conversely, a robust model should retain the stochastic
nature of the base text-to-video model, yielding visually distinct results for the same reference-
prompt pair. To quantify this, we generate IV videos for a fixed input pair and represent each video
as a flattened pixel-space vector x; € R?. Diversity is then defined as the mean /5 distance of these
samples from their centroid x:

N N
1 1
Diversity = i E |x; — x|?, where X = N E X;. (25)
i=1 i=1

This parameter-free geometric measure provides an interpretable proxy for the model’s output vari-
ance. A higher score indicates that the model is not merely replicating the reference video, but is
instead generating novel scenes while capturing the underlying motion.

D MORE RESULTS

D.1 MORE QUANTITATIVE RESULTS

Motion Analysis. To examine whether early motion formation generalizes across model archi-
tectures and scales, we reproduce our motion-formation probing experiment (Fig. 4, based on
CogVideoX-5B) on Wan2.2-5B and Wan2.2-14B (Wan et al., 2025) using a smaller-scale setup.
As shown in Tab. S2, all models exhibit the same qualitative trend: probing accuracy rises sharply
within the early denoising steps and saturates thereafter, confirming that motion structure consis-
tently emerges early in the denoising process regardless of model scale.

Running Cost. We argue that our framework’s robustness to content leakage is structural rather than
from any particular choice of running cost ¢(z, t). This implies that our formulation remains inher-
ently robust to content leakage even with a naive, appearance-entangled cost; unlike prior methods
that rely heavily on carefully disentangling motion from appearance.

To verify this, we instantiate CMC with two alternative running costs:

1. Simple feature-matching, which directly matches the raw output feature of the 15th transformer
block between the generated and reference videos without any explicit motion abstraction, evalu-
ated both as a training-free sampling-time guidance and as a training-based fine-tuning objective.

2. MotionClone-style cost, which matches the 15th-block temporal attention using the sparse top-1
objective of MotionClone (Ling et al., 2025), adapted to our DiT backbone.

Because raw features still entangle appearance information, both are deliberately appearance-mixed
costs that would be expected to leak strongly if applied without our framework.
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Prompt: ‘A tall tree at the High hill” Prompt: ‘A campfire burning.”
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Figure S1: Additional qualitative comparison with baselines. The red arrow indicates the camera
movement direction.

Table S3: Effect of CMC on top of existing methods.

Runni Motion Fidelity | Diversity T
unning cost

w/o CMC w/CMC (Ours) w/oCMC w/CMC (Ours)
Simple feature-matching (training-free) 0.145 0.140 0.197 0.206
Simple feature-matching (training-based) 0.134 - 0.171 -
MotionClone-style cost 0.188 0.212 0.254 0.282

Tab. S3 reports motion fidelity and diversity for each cost, with and without CMC. Applying CMC
on top of either existing cost consistently improves diversity (e.g., 0.197 — 0.206 for training-
free feature-matching, and 0.254 — 0.282 for the MotionClone-style cost), while motion fidelity
remains comparable. In contrast, training-based feature-matching variant achieves the best motion
alignment (0.134), but at the cost of the lowest diversity (0.171), which is a clear sign of content
leakage. Fine-tuning directly on appearance-entangled features inevitably causes the model to overfit
to the reference appearance. In summary, these results confirm that leakage prevention in CMC is
structural rather than cost-dependent, ensuring robustness across diverse running cost designs.
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MI MD

DeT
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Figure S2: Comparison with tuning-based methods. Tuning-based methods suffer from content
leakage, producing near-identical samples that resemble the reference video, whereas CMC gener-
ates diverse samples. The red arrow indicates the movement direction.

D.2 MORE QUALITATIVE RESULTS

We provide additional qualitative results to further demonstrate our framework’s capability.

Visual Results. Fig. S1 presents additional comparisons, including camera motion. As in the main
results, training-free methods fail to follow the reference motion and tuning-based methods suffer
from content leakage, whereas CMC faithfully transfers the motion while reflecting the prompt.
Fig. S2 shows that tuning-based methods produce near-identical samples due to content leakage,
while CMC produces diverse ones. Fig. S3 presents a gallery of diverse CMC results.

Training Behavior. Fig. S4 visualizes the evolution of the base T2V sample throughout training. As
training progresses, the generated sample gradually adapts to incorporate the reference motion, illus-
trating how the generative trajectory is progressively controlled toward the desired motion pattern.
Importantly, this transition occurs in a stable manner, without abrupt structural changes, indicating
a smooth adaptation of the generative process.

S7
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Figure S3: More qualitative results of CMC.

D.3 MORE ABLATION RESULTS

Choice of ts. In addition to the qualitative analysis in Fig. 6, we evaluate the impact of the maxi-
mum motion injection timestep ts on computational efficiency and quantitative metrics. As detailed
in Tab. S4(a), both computational overhead and memory requirements escalate rapidly as ts in-
creases. Notably, our primary setting of ¢s = 10 offers a significant efficiency advantage, operating
approximately 2.5x faster than utilizing the full denoising sequence. At the same time, ts = 10
achieves the best motion fidelity with competitive diversity. This highlights that our approach not
only preserves motion fidelity but also achieves a practical balance between performance and re-
source consumption. Experiments are conducted on a single a6000 gpu.

Choice of w(t). To determine the optimal cost weight design, we evaluate four distinct schedules:
(1) a constant weight (w(t) = 1.0), (2) a linear decay, (3) a hybrid schedule (constant for the first
half, then linear decay), and (4) our full setting, which adds an iteration-wise cost decay to the hybrid
schedule. To ensure a granular comparison, we fix a reference-prompt pair (e.g., “wolf turning head”
— “panda turning head”) and average the metrics over 100 samples.

As shown in Tab. S4(b), our full setting achieves the best overall performance. Empirically, we ob-
serve that while a sufficiently large weight is necessary to initiate motion transfer at early timesteps,
maintaining a high cost throughout the entire training process can lead to optimization instability
and fast drifts (Fig. 6). By combining the hybrid temporal schedule with an iteration-wise decay,
we achieve a robust balance between precise motion alignment and generative stability. Our final
weight w(t) is defined as:

w(t) = Ao - @(t) - y(n), (26)
where we use \g = 400. The term w(t) represents the hybrid temporal schedule, and v(n) denotes
the iteration-wise decay:

50 n<30
L e 30 30 <n <50
w(t):{w_t L =110 50<n <100 @7
R 5 100 < n < 200
1 n>200

Choice of DiT Block. We examine which DiT block is most effective for extracting the features
used in our running cost (X, t). As shown in Tab. S4(c), Block 15 achieves the best performance
in both motion fidelity and diversity. This indicates that intermediate layers capture the most dis-
criminative motion representations without over-constraining the generative process. This optimal
balance confirms that intermediate-depth features effectively shape the trajectory while preserving
the model’s inherent generative richness. Additionally, the ablation on the local window size is pro-
vided in Tab. S4(d).
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Table S4: Further ablation studies.

ts | Training Mem | MF | Div 1

5 | 195.6min 27.5GB | 0.0343 0.2453
10 | 348.7min 30.9GB | 0.0335 0.2331
20 | 682.0min 37.4GB | 0.0392 0.2198
28 | 944.6min 42.4GB | 0.0421 0.2071

(a) Motion injection timestep

Training step

w(t) ‘ MF | Divl Block ‘ MF | Divt Window ‘ MF | Divt
Constant | 0.033 0.3162 10 ]0.0343 0.2180 None |0.1367 0.2501
Linear | 0.061 0.2446 15 0.019 0.2515 (3,3) |0.1319 0.2468
Hybrid | 0.090 0.2389 20 10.0878 0.2210 (7,7) |0.0685 0.2505
Ours | 0.019 0.2515 30 |0.0323 0.2199 9,9 0.019 0.2515
(b) Cost weight schedule (c) DiT Block (d) Window size

“A fancy car in the garage” “A lion moving its head”

“A deer eating grass”

mmmwna-m-

Figure S4: Training behavior of CMC.
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