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Abstract. Training-free motion customization imposes motion patterns
from reference videos onto video generators through test-time computa-
tion. Most existing methods target full diffusion models, requiring many
denoising steps and high computational cost. With the rise of efficient dis-
tilled models, a natural question arises: can test-time motion customiza-
tion be applied directly to distilled generators with their accelerated sam-
pling and efficiency gains? However, our analysis reveals that existing
training-free techniques fail on distilled models. Distillation fundamen-
tally alters the denoising dynamics that prior test-time guidance relies
on, and the large denoising steps of distilled generators discard the dense
intermediate states that score guidance requires, rendering existing mo-
tion control strategies incompatible with fast generation. To address this
limitation, we propose MotionEcho, a novel training-free test-time distil-
lation framework that enables motion customization for distilled video
generators. The key idea is to correct the student model’s sampling tra-
jectory with restricted usage of a high-quality diffusion teacher at infer-
ence time. Teacher supervises the student’s denoising by re-noising the
student’s endpoint onto its dense trajectory to form a motion-aligned
clean endpoint, then interpolating it with the student’s, while an adap-
tive scheduling mechanism determines when and how much teacher guid-
ance is needed. As a result, MotionEcho restores generative trajectories
for distilled video generators via lightweight, adaptive test-time teacher
guidance, enabling accurate motion control without compromising gener-
ation efficiency. Extensive experiments on multiple distilled video genera-
tion models demonstrate that our method significantly improves motion
fidelity and visual quality while retaining the efficiency advantages of
distilled generation. Project page: MotionEcho.

1 Introduction

Text-to-Video (T2V) diffusion models [6,17,24,35,45,50,61] have recently achieved
remarkable progress in conditional video generation, enabling the synthesis of
high-quality and temporally coherent videos from textual prompts. Beyond text
∗ Equal contribution. † Corresponding authors. The work was done during Jintao
Rong’s Research Practicum visit at UNSW Sydney.

https://orcid.org/0000-0002-3173-757X
https://orcid.org/0009-0009-6573-4439
https://orcid.org/0000-0001-8716-7687
https://orcid.org/0000-0002-8589-9961
https://orcid.org/0000-0002-2999-3291
https://orcid.org/0000-0002-8648-8718
https://orcid.org/0000-0002-2668-9630
https://euminds.github.io/motionecho/


2 J. Rong, X. Xie, et al.

A firefighter standing in front of a 
burning forest captured with a zoom in 

A horse jumping into a river A motorbike driving in a forest

An explorer walking on the desert A duck with a hat in a river swimming

Ours (MC 16 steps)

Ours (MC 8 steps) 

Ours (MC 4steps) 

MotionClone (MC) 

DMT

0 50 100 150 200

Total time (s)

250 300

Ours (MC 16 steps)

Ours (MC 8 steps) 

Ours (MC 4 steps) 

MotionDirector 

MotionInversion 

ControlVideo 

Control-A-Video

0 500 1000 1500 2000 2500

Total time (s)

3000 3500

13

9

6

12.67×

114

35.11×

316

13 
57.89×

9 6

290

521

530

402.22×

3620

Training-free methods Training-based methods

Snowboarder gliding along a snowy slope 

Fig. 1: MotionEcho is a training-free motion customization framework that enables
effective motion control on distilled video generators through adaptive, teacher-guided
test-time distillation. It achieves high-quality motion transfer across diverse motion
types (top) while preserving the efficiency advantages of distilled generation (bottom).

guidance, a growing body of works has focused on motion customization [8, 19,
22,31,33,37,52,56,62,68–70], which aims to generate videos that follow motion
patterns extracted from reference videos while synthesizing novel visual content
from text descriptions.

Existing motion customization approaches can be broadly categorized into
training-based and training-free methods. Training-based methods incorporate
motion information into T2V models via LoRA adapter [70], temporal atten-
tion adaptation [19], motion embeddings [52], and ControlNet-style condition
branches [8,68,69]. While effective, such approaches require costly optimization
for each motion condition. To enable more flexible motion control, training-
free methods [22,31,37,56,62] inject motion patterns via test-time computation
through optimization or regularization-based guidance, making them adaptable
across different models and motion inputs. However, despite their flexibility,
most existing training-free motion customization methods are designed for full
diffusion models, whose iterative sampling process involves dozens of denoising
steps. The training-free methods introduce additional computations on top of it.

With the development of distilled T2V generators [11,24,25,29,32,53], which
compress the multi-step denoising process of a teacher diffusion model into a few-
step student model via distillation, inference is significantly accelerated while
maintaining competitive generation quality. This motivates a key question: can
training-free test-time motion customization be adapted for distilled T2V models
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with altered generative trajectories? To investigate, we conducted preliminary
experiments by directly applying representative training-free motion customiza-
tion methods, including MotionClone [31] and DiTFlow [37], to distilled T2V
models including T2V-Turbo-V2 [25] and Video-Blade [11]. Fig. 2 shows the
generated videos exhibit significant motion degradation, i.e., the motion can-
not be exactly transferred from reference videos to targeted ones. We attribute
these failures to fundamental differences between standard diffusion models and
distilled generators: i) distilled models collapse multiple denoising steps into a
small number of large-step updates, making the progressive interventions used
in existing training-free methods overly coarse and ineffective; ii) the denois-
ing dynamics of distilled models, trained to approximate multi-step trajectories,
differ substantially from those of the teacher models with dense timesteps, ren-
dering prior motion guidance strategies incompatible. The large denoising steps
of distilled generators discard the dense intermediate states that score guidance
requires.

To address this, we propose MotionEcho, a novel training-free framework
that restores generative trajectories for distilled T2V models to enable effective
test-time motion customization, while preserving the efficiency of the distilled
fast generator. The key idea is to correct the student model’s disrupted sam-
pling trajectory using selective teacher guidance during inference, as a form
of complementary test-time distillation, which bridges the dynamic gap with-
out replacing the efficient distilled backbone. Specifically, the distilled model
serves as the primary inference backbone to maintain efficient generation, while
a high-quality teacher (full) diffusion model provides auxiliary supervision dur-
ing selected reverse timesteps. Through endpoint prediction and interpolation,
the teacher guidance acts as an echo that corrects the student’s sampling tra-
jectory and enables accurate motion transfer. To preserve efficiency, we further
introduce an adaptive acceleration strategy that dynamically determines when
teacher supervision is necessary and decides how to adjust the optimization bud-
get at each denoising step. This adaptive scheduling balances motion fidelity and
computational efficiency during inference. Quantitative and qualitative experi-
ments demonstrate that our MotionEcho enables motion customization success
on distilled models. As illustrated in Fig. 1, different motion patterns extracted
from reference videos can be accurately transferred to targeted generated videos,
while keeping high inference speed. Our contributions are as follows:

– We first identify the limitations of applying existing training-free motion
customization methods to fast distilled T2V models and provide empirical
and analytical evidence of the resulting motion degradation.

– We propose MotionEcho, a novel training-free test-time distillation frame-
work that enables motion customization for distilled video diffusion models
via teacher-guided test-time distillation during inference.

– We introduce an adaptive acceleration strategy that dynamically schedules
when and how much teacher supervision is applied at each denoising step,
effectively improving motion fidelity without sacrificing efficiency.
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Reference Video Ours (16 steps)Turbo-V2+MC

（16 steps）

A fox sitting in a snowy mountain
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Fig. 2: Visual comparison of motion customization on fast distilled video
models. Directly applying existing training-free methods to distilled models leads to
severe degradation. For instance, the baseline fails to mimic the reference object mo-
tion (left, the fox fails to raise its head) and suffers from catastrophic structural degra-
dation under dynamic camera motion (right, the background and car shape become
corrupted). In contrast, our proposed MotionEcho successfully transfers the reference
motion while maintaining high visual quality and strict text alignment during a highly
accelerated few-step inference regime.

– We demonstrate through extensive experiments on multiple distilled video
diffusion models that MotionEcho achieves superior motion fidelity, visual
quality, and efficiency compared to other methods across two benchmarks.

2 Related Work

2.1 Text-to-Video Diffusion Models

With the advent of diffusion models [15, 47, 49], remarkable advancements in
content creation have been witnessed in the text-to-image field [3,10,20,23,30,34,
36,43,44,57,58,66]. Following this success, recent text-to-video diffusion models,
such as Sora [35], Gen-3 Alpha [42], and Veo [45], have achieved high-quality
video generation but remain unavailable to the public. To break this limitation,
the seminal work VDM [17] leverages a 3D UNet [9], factorized over space and
time, for unconditional video generation. Subsequently, Imagen Video [14] and
Make-A-Video [46] adopt cascade frameworks to enable high-resolution text-
conditioned video generation in pixel space. To reduce the computational cost,
LVDM [13], VideoLDM [4], and MagicVideo [71] extend diffusion models to a
3D latent space, facilitating training on large-scale video datasets [2, 59].

Rather than training from scratch, AnimateDiff [12] trains a domain adapter
for quality enhancement and a temporal module for motion prior learning via
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lightweight LoRAs [18]. VideoCrafter2 [7] constructs a UNet with temporal
attention layers and uses low-quality videos for motion learning while using
high-quality images for appearance learning. CogVideoX [61] uses a Diffusion
Transformer (DiT) with expert transformers and multiple resolution training
for coherent videos. Wan [50] advances large-scale video generation by using a
diffusion transformer framework. T2V-Turbo [24] and T2V-Turbo-V2 [25] adopt
consistency models [48] to distill from VideoCrafter2 [7] for accelerating the
sampling process. Video-Blade [11] jointly trains adaptive block-sparse attention
with sparsity-aware step distillation, enabling data-free distillation. OPAD [60]
explores training-based concept personalization for one-step generation.

2.2 Video Motion Customization

Motion customization aims to enable the generated videos to follow specific mo-
tion patterns from reference videos while remaining semantically aligned with
textual descriptions [8,19,26–28,31,37,52,54,56,67,69,70]. The pioneering work
Tune-A-Video [54] introduces one-shot video generation by tuning SD [43] on a
single reference video. ControlVideo [69] and Text2Video-Zero [22] inherit pri-
ors from ControlNet [65] and leverage cross-frame interactions to enable zero-
shot controllable video synthesis. Furthermore, Control-A-Video [8] incorporates
trainable motion layers into UNet and ControlNet [65] for temporal modeling,
achieving motion control conditioned on depth, sketch, or motion information
from reference videos. Despite achieving high-quality customization, these meth-
ods still suffer from motion misalignment.

To address this, existing motion-specific tuning methods, such as VMC [19],
MotionDirector [70], FlexiMMT [27], and MotionInversion [52], are designed to
decouple the learning of appearance and motion, enabling the generalization of
distinct motion patterns to diverse textual prompts and scenes. Additionally,
DMT [62] and MotionClone [31] employ training-free strategies, extracting mo-
tion priors from the latent representations of reference videos and constructing
an energy function to guide motion customization during inference. MOFT [56]
is a training-free approach that uses Principal Component Analysis (PCA) [1] to
derive motion subspaces from the video diffusion model to control video motion.
Zhang et al. [67] propose a motion consistency loss combined with inverted ref-
erence noise to enhance temporal coherence and motion accuracy. DiTFlow [37]
transfers motion in DiT-based T2V models by extracting Attention Motion Flow
(AMF) from cross-frame attention and performing latent optimization for motion
guidance. FreeNoise [40] and FreeTraj [39] control video motion by rescheduling
the initial noise. Furthermore, Video-MSG [26] generates a video motion sketch
through multimodal planning and injects it into T2V generators via noise inver-
sion.

3 Methods

We first establish a diagnostic baseline by directly applying existing training-
free motion customization methods to distilled models, observing significant vi-
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Fig. 3: Pipeline of MotionEcho. Given a reference video, motion priors are ex-
tracted to initialize the student model with a motion-preserving noisy latent. During
inference, the teacher (blue path ②) and student (gray path ①) models perform motion
customization using motion loss gradients. Teacher guidance is applied via prediction
interpolation (purple path ③) at sub-interval endpoints. The student then generates
the final video in a few steps with high motion fidelity.

sual artifacts and temporal inconsistencies arising from coarse denoising and
mismatched sampling dynamics. To address this, we propose MotionEcho, a
training-free framework that restores generative trajectories to enable effective
motion customization in fast video generators. By strictly maintaining the dis-
tilled student as the primary inference backbone, MotionEcho leverages a fine-
grained teacher diffusion model as an on-demand trajectory corrector via score
distillation. To maintain efficiency, we further develop an adaptive acceleration
strategy that triggers the teacher’s guidance and truncates its denoising itera-
tions. The whole pipeline of MotionEcho is demonstrated in Fig. 3.

3.1 Preliminaries

Video Diffusion Models and Motion Customization. Video diffusion models [3,4,
7, 12, 50, 61] generate videos by progressively denoising random noise through a
learned reverse diffusion process. Given an input video x, a pre-trained encoder
E maps it into the latent space z0 = E(x), which is gradually corrupted into
zt =

√
ᾱtz0 +

√
1− ᾱtϵt, where ϵt ∼ N (0, I) represents Gaussian noise and ᾱt

is a hyperparameter for controlling the diffusion process. To capture the data
distribution, a neural network ϵθ is trained to estimate the added noise from the
noisy input zt, which is formulated as follows:

min
θ

EE(x), ϵt∼N (0,I), t∼U(1,T )

[
∥ϵt − ϵθ(zt, c, t)∥22

]
, (1)

where c is the condition such as the textual prompt. During inference, the sam-
pling process begins with standard Gaussian noise. To enhance controllability,
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we typically introduce classifier-free guidance [16] or an additional customized
energy function G(zt, t) [31, 56,62–64] during sampling:

ϵ̂θ = ϵθ(zt, c, t) + ω
(
ϵθ(zt, c, t)− ϵθ(zt, ϕ, t)

)
− η∇ztG(zt, t), (2)

where ϕ denotes the unconditional null prompt, while ω and η are scaling factors
that determine the strength of classifier-free guidance and additional guidance,
respectively. From this viewpoint, motion customization can be instantiated by
defining G as a motion energy that aligns the generated video with a reference
motion pattern. While training-based methods [8,52,54,68–70] adapt the model
via fine-tuning or LoRA [18], training-free approaches [31,37,56,62,67] inject mo-
tion priors at test time by optimizing the sampling trajectory through motion-
conditioned guidance. Both paradigms target the same objective of minimiz-
ing the mismatch between motion representations extracted from noisy latents,
Ez0,zref,t,ϵt

[∥∥M(zref
t )−M(zgt )

∥∥2
2

]
, whereM(·) is a motion feature extractor, zref

t

is the noisy reference latent, and zgt is the generated latent.

Distillation for Accelerated Video Diffusion Models. The inherently iterative
nature of video diffusion models results in slow inference and substantial com-
putational overhead. To alleviate this, recent efforts leverage knowledge distil-
lation [11, 24, 25, 29, 32, 51] to compress generation process. Our framework is
compatible with two primary distillation paradigms. For UNet-based models
(e.g., T2V-Turbo-V2 [25]), methods typically adopt consistency distillation [48].
A student model ϵψ is trained to approximate the macroscopic denoising trajec-
tories of the teacher ϵθ under a coarser timestep schedule Uψ(1, T ), formulated as
minψ Ez0,c,t∼Uψ

[
∥ϵψ(zt, c, t)− ϵθ(zt, c, t)∥22

]
. Conversely, for DiT-based architec-

tures (e.g., Video-Blade [11]), the generation process is accelerated via trajectory
distribution distillation [32]. The student model ϵψ is trained to match, in a single
large step, the result of multiple teacher steps over an interval [ti−1, ti]. Formally,
the objective is minψ Ezti ,c,i

[
∥ϵψ(zti , c, ti)− ϵ̃θ(zti , c, ti→ ti−1)∥22

]
, where ϵ̃θ is

the equivalent one-step noise prediction derived from the teacher’s multi-step
ODE solver output Φθ(zti , ti→ ti−1).

3.2 Test-time Motion Customization for Fast Video Generators

To enable training-free motion customization on distilled, fast T2V models and
preserving efficiency, we explore an intuitive solution that directly integrates
motion control [31, 37, 56, 62] into the sampling process of the distilled video
diffusion model ϵψ. This solution retains the efficiency of the distilled student
model while injecting motion representations without any training. For each
large denoising step from ti+1 to ti in the distilled model, the predicted noise is
modified as:

ϵ̂ψ(z
ψ
ti+1

, c, ti+1) = ϵ̃ψ(z
ψ
ti+1

, c, ti+1)− η∇zψti+1

Gm(zψti+1
, zref
tα , ti+1) (3)
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Fig. 4: Qualitative comparisons on VideoCrafter2-based methods. Our
method enables unified object, camera, and hybrid motion transfer with high motion
fidelity and low inference time.

where ϵ̃ψ(z
ψ
ti+1

, c, ti+1) = (1 + ωψ )ϵψ(z
ψ
ti+1

, c, ti+1) − ωψϵψ(z
ψ
ti+1

, ϕ, ti+1) denotes
classifier-free guidance [16]. The proposed MotionEcho is compatible with diverse
inference-time guidance strategies and generative models. As a representative
case, we use MotionClone [31] on diffusion models to illustrate the design of
MotionEcho. Extensions to other guidance types and to flow-based models are
provided in Section 3.5 and the supplementary material.

Following MotionClone [31], Gm(zψti+1
, zref
tα , ti+1) = ||M ref

tα ·(A(z
ref
tα )−A(z

ψ
ti+1

))||22
is the motion loss function, where A(·) represents the temporal attention map
and M ref

tα is a temporal mask derived from A(zref
tα ) at a fixed timestep tα to

enforce focused motion supervision. We only apply motion guidance during the
initial τ percent of the sampling process. Then, zψti is obtained by re-noising the
predicted clean latent:

zψti =
√
ᾱti ẑ

ψ
0←ti+1

+
√

1− ᾱtiϵti , (4)

where ẑψ0←ti+1
=

zψti+1
−
√

1−ᾱti+1
ϵ̂ψ(z

ψ
ti+1

,c,ti+1)√
ᾱti+1

is the one-step prediction result.

The distilled model generates results in a few denoising steps, during which
motion customization is applied.

However, empirical evidence reveals its fundamental inadequacy for motion
customization quality and effectiveness. As shown in Fig. 2, the generated videos
exhibit significant motion degradation, particularly in scenarios with complex ob-
ject layouts or rapid movements. The degradation is further corroborated quan-
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Fig. 5: Qualitative comparisons on Wan2.1-1.3B-based methods. Our method
achieves consistent high-fidelity motion preservation across diverse scenarios while
maintaining faster inference than baseline methods.

titatively in Table 3. The cause of these failures lies in the distinct generative
dynamics of distilled models. Specifically, their sparse timestep schedule forces
motion gradients to act across much larger denoising intervals. This loss of con-
trol granularity transforms what should be progressive guidance into abrupt and
unstable drifts in the latent space. Furthermore, distillation changes the sam-
pling paradigm. While teacher models refine latents through a dense, incremental
path, student models are trained to take discrete leaps toward macroscopic end-
points. Injecting localized motion priors into this highly compressed, large-step
generation process creates a severe dynamic mismatch, rendering existing motion
guidance mechanisms ineffective.

3.3 Restoring Trajectories via Teacher-Guided Distillation

Teacher-Guided Trajectory Correction. To address these limitations, we intro-
duce a selective test-time distillation framework that uses a fine-grained teacher
to correct the student. We treat the student’s predicted clean latent with motion

guidance, z̃ψ0←ti+1
=

zψti+1
−
√

1−ᾱti+1
ϵ̃ψ(z

ψ
ti+1

,c,ti+1)√
ᾱti+1

, as an anchor. To bridge the

student’s large step with the teacher’s dense schedule, we renoise this anchor
to an intermediate timestep ts ∈ [ti, ti+1] on the teacher’s trajectory. Then, the
teacher model follows Eq. (3) and Eq. (4) to perform iterative motion customiza-
tion: zθts−1

← zθts + ϵ̃θ(z
θ
ts , c, ts) − η∇zθtsG

m(zθts , z
ref
tα , ts). This multi-step process

yields a highly accurate, motion-aligned prediction ẑθ0←ti .
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Score Interpolation as an Echo. To preserve the efficiency of the distilled model,
we formulate the trajectory correction as a decomposed optimization problem.
To transfer the teacher’s corrected trajectory back to the fast sampling pro-
cess, we define a score distillation sampling (SDS) objective that aims to align
the student’s estimate with the teacher’s refined prediction: ℓdistill = ||z̃ψ0←ti+1

−
sg

[
ẑθ0←ti

]
||22. During inference, directly minimizing this objective w.r.t. the inter-

mediate noisy state zψti+1
requires computing the Jacobian ∂ϵ̃ψ

∂zψti+1

. This requires

backpropagating through the entire network, which is fundamentally intractable.
To solve this bottleneck, we decouple the prediction from the network by treat-
ing the student’s predicted clean latent z̃ψ0←ti+1

as an independent optimization
variable. This formulation shifts the gradient update from the complex, high-
curvature noisy score space directly to the clean data manifold. By evaluating
the gradient step exclusively on the denoised estimate, the network Jacobian is
completely bypassed. With the target fixed, the analytical gradient is straightfor-
wardly ∇z̃ψ0←ti+1

ℓdistill = 2(z̃ψ0←ti+1
− ẑθ0←ti). The gradient descent step elegantly

reduces to a closed-form linear interpolation:

ẑnew
0←ti+1

= z̃ψ0←ti+1
− λ

2
∇z̃ψ0←ti+1

ℓdistill = (1− λ)z̃ψ0←ti+1
+ λẑθ0←ti , (5)

where λ controls the step size of the gradient descent, effectively acting as the
strength of the teacher’s restorative echo, and ẑnew

0←ti+1
is the corrected student’s

predicted endpoint. Finally, the student model proceeds to the next noisy man-
ifold ti using this interpolated clean latent:

zψti =
√
ᾱti ẑ

new
0←ti+1

+
√

1− ᾱtiϵti . (6)

3.4 Adaptive Acceleration Strategy for Efficiency

Applying uniform teacher supervision across the initial τ percent of sampling
is both computationally prohibitive and counterproductive due to varying de-
noising dynamics. To maintain efficiency, we introduce an adaptive acceleration
strategy comprising two core mechanisms. i) Step-wise Guidance Activation. The
decision to apply teacher guidance at each step becomes critical, which signif-
icantly affects the effectiveness of motion transfer. To make this decision more
robust, we evaluate the necessity of distillation by computing the average motion
loss over a moving window of previous steps, Gψti =

1
W

∑W−1
j=0 Gm(zψti+j , z

ref
tα , ti+j),

where ti denotes the current timestep and W is the window size. If the average
motion loss Gψti exceeds a predefined threshold δ1, we activate teacher guidance
for this step. ii) Dynamic Truncation. Once guidance is triggered, we control the
internal guidance process of the teacher model via a dynamic truncation based
on the smoothness of the motion loss. Specifically, during the interval from ts
to ti, we monitor the motion loss Gm(zθts , z

ref
tα , ts). If the loss falls below a confi-

dence threshold δ2, we terminate the motion transfer early and directly denoise
the current latent to the latent of ti.
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3.5 MotionEcho for DiT-based Video Generators

Since adaptive distillation operates at the trajectory level, MotionEcho accom-
modates different backbones and motion extractorsM(·). DiT-based video gen-
eration methods achieve superior performance by jointly processing spatiotempo-
ral information through attention mechanisms. Our method integrates both dis-
tilled DiT student models and teacher models with two key adaptations. Unlike
UNet-based methods (e.g., MotionClone [31]) that assume separable temporal
attention, DiTs employ full spatiotemporal attention where motion and content
are entangled. Therefore, we adopt generalized motion extractors (MOFT [56],
DMT [62]) and DiT-specific methods (DiTFlow [37]). Once reference motion rep-
resentations are extracted from DiT, we follow the test-time distillation paradigm
with teacher motion guidance at specific steps to optimize zψti . Following DiT-
Flow [37], we inject motion priors by processing zref

0 through the DiT and in-
jecting the resulting keys K and values V into the target attention mechanism.

4 Experiments

We evaluate MotionEcho on a wide range of distilled video generators, comparing
against state-of-the-art training-based and training-free motion customization
methods. We further analyze each component’s contribution via ablation studies.

4.1 Experimental Setting

Implementation Details. Without requiring additional training, our method can
be seamlessly integrated with various generative video diffusion models. To fa-
cilitate discussion, we denote the models by their abbreviations in parentheses.
During inference, VideoCrafter2 [7] (VC2) is employed as the teacher model to
provide guidance for the distilled model, T2V-Turbo-V2 [25] (TurboV2). On Tur-
boV2, we use MotionClone [31] (MC) to align reference motion for the teacher
and student models. To further demonstrate the scalability, MotionEcho is also
generalized to the DiT distilled model Video-Blade [11] (VB), using DiT Wan2.1
with 1.3 billion (Wan2.1-1.3B) parameter variants as the teacher model. All our
experiments are conducted using an NVIDIA A100-40G GPU. Experimental
configurations and hyperparameters are detailed in the supplementary material.

Datasets. We evaluate our method on two distinct benchmarks. For methods
based on TurboV2 and VC2, we remain consistent with prior works [52,62], using
source videos obtained from the DAVIS dataset [38], WebVID dataset [2], and on-
line video resources. We refer to the combined validation dataset as TurboBench,
consisting of 66 video-edit text pairs derived from 22 unique videos. This bench-
mark comprehensively spans diverse real-world scenarios, encompassing multiple
object categories, varied scene configurations, and rich motion patterns ranging
from simple translational movements to complex non-rigid deformations. For
methods based on Wan2.1-1.3B and VB, we extracted 34 real-world videos from
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Table 1: Quantitative comparison of VideoCrafter2-based methods on TurboBench.

Method Backbone TC (↑) TA (↑) MF (↑) FID (↓) ITC (↓) TTC (↓)

ControlVideo [69] ControlNet 0.9420 0.251 0.964 379.37 80s 450s
Control-A-Video [8] ControlNet 0.925 0.256 0.858 383.95 20s hours

MotionDirector [70] VideoCrafter2 0.922 0.329 0.851 373.21 10s 280s
MotionInversion [52] VideoCrafter2 0.951 0.321 0.885 351.72 32s 489s
DMT [62] VideoCrafter2 0.961 0.259 0.909 367.18 316s -
MotionClone [31] VideoCrafter2 0.978 0.335 0.876 369.49 114s -

Ours (MC 16 steps) TurboV2 0.976 0.348 0.933 322.97 13s -
Ours (MC 8 steps) TurboV2 0.967 0.338 0.931 335.65 9s -
Ours (MC 4 steps) TurboV2 0.956 0.323 0.927 347.91 6s -

the DAVIS dataset [38] for evaluation. Each video is paired with text prompts
at three difficulty levels (easy, medium, hard). We refer to this comprehensive
evaluation set as DavisBench. We conduct additional evaluation across different
benchmarks [55] in the supplementary material.

Metrics. To ensure a comprehensive assessment, we perform an evaluation from
multiple perspectives. (1) Text Alignment (TA): The metric measures how
well the generated video content corresponds to the input text prompt by calcu-
lating the average cosine similarity between the embeddings of all video frames
and the text embeddings, using the CLIP model [41]. (2) Temporal Con-
sistency (TC): The metric evaluates the visual smoothness and coherence of
generated videos. We compute cosine similarities between the CLIP image em-
beddings [41] across frames and aggregate results into a stability score, which
reflects flicker artifacts and semantic discontinuities while allowing motion-driven
appearance changes. (3) Motion Fidelity (MF): We assess the effectiveness
of motion transfer using the Motion Fidelity Score [62]. The metric relies on
motion trajectories extracted via Co-Tracker [21] and computes the geometric
consistency between the motion patterns in the source and generated videos. (4)
Fréchet Inception Distance (FID): We construct a reference image set from
selected source videos and evaluate the quality of our generated videos using
FID [5]. (5) Time Cost: This measures the total time required to complete
motion transfer from a reference video, termed Inference Time Cost (ITC). To
ensure a fair comparison, additional fine-tuning or optimization steps are taken
into account, termed Training Time Cost (TTC).

4.2 Comparison with Existing Methods

To verify the effectiveness of our approach, we compare MotionEcho with training-
based and training-free methods. The former comprises ControlVideo [69], Control-
A-Video [8], MotionDirector [70], and MotionInversion [52]. The latter includes
MotionClone [31], MOFT [56], DMT [62], and DiTFlow [37].

Quantitative Analysis. To objectively evaluate the performance of our method,
we conduct quantitative comparisons on two benchmarks using different base
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Table 2: Quantitative comparison of Wan2.1-1.3B-based methods on DavisBench.

Method Backbone TC (↑) TA (↑) MF (↑) FID (↓) ITC TTC (↓)

MotionDirector* Wan2.1-1.3B 0.924 0.278 0.627 135.571 20s 3629s
MOFT [56] Wan2.1-1.3B 0.961 0.326 0.505 131.98 116s -
DMT [62] Wan2.1-1.3B 0.963 0.321 0.622 129.49 117s -
DiTFlow [37] Wan2.1-1.3B 0.969 0.324 0.605 134.42 120s -

Ours (MOFT 8 steps) VB 0.962 0.312 0.731 130.01 50s -
Ours (DMT 8 steps) VB 0.963 0.313 0.732 132.52 49s -
Ours (DitFlow 8 steps) VB 0.971 0.311 0.733 131.82 54s -
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Fig. 6: User study results.

models. As shown in Table 1, our method (MC 16 steps) achieves the best
performance across text alignment, motion fidelity, and FID score, while main-
taining competitive temporal consistency within just 13 seconds. Compared to
prior methods, Control-A-Video [8] and MotionDirector [70] show similar or
higher inference times but significantly lower scores in key quality metrics and
require costly training. Moreover, our method can reduce the inference steps
while remaining highly competitive. With only 8 steps, it outperforms most
baselines across all metrics in just 9 seconds. Even at 4 steps, it achieves a FID
of 347.91 and maintains solid temporal consistency, reducing inference time to
only 6 seconds. Additionally, we apply our method to the Wan2.1-1.3B-based
distilled video model (VB), as shown in Table 2. Our approach consistently out-
performs the training-free baselines (e.g., MOFT, DMT, DiTFlow) on MF, while
accelerating the inference process by more than 2×. Furthermore, compared to
the training-based baseline MotionDirector* (reproduced on the Wan2.1-1.3B),
our method completely bypasses the 3629s training time cost and still delivers
substantially better temporal consistency, text alignment, and motion fidelity.

Qualitative Evaluation. We separately evaluate our method through qualita-
tive comparisons against baselines based on VideoCrafter2 and Wan2.1-1.3B
frameworks. In Fig. 4, compared to the over-smoothing and structural collapse
observed in prior motion customization models, our method preserves spatial
details while achieving high motion fidelity, particularly under challenging sce-
narios such as zoom out, snowy forests, and complex multi-object scenes. Fig. 5
demonstrates our method achieves consistent improvements on Wan2.1-1.3B-
based motion guidance methods. Compared to MOFT, DMT, and DiTFlow,
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Reference Video
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20s
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Fig. 7: Visualization of the ablation study results.

Table 3: Ablation study of the key components in our method. MG: Motion Guidance,
TG: Teacher Guidance, AA: Adaptive Acceleration.

Base Model Backbone MG TG AA TC (↑) TA (↑) MF (↑) TTC ITC (↓)

MotionDirector* TurboV2 - - - 0.965 0.327 0.806 300s 4s

Ours

TurboV2 × × × 0.973 0.348 0.562 - 4s
TurboV2 ✓ × × 0.967 0.324 0.833 - 7s
TurboV2 ✓ ✓ × 0.965 0.336 0.912 - 20s
TurboV2 ✓ ✓ ✓ 0.976 0.348 0.933 - 13s

which struggle with motion preservation, our method maintains high fidelity
and better visual quality across various motions. These visual results further
validate our method is architecture-agnostic and effective in achieving unified
and high-fidelity motion transfer, while maintaining efficiency.

User Study. We perform a user study to subjectively assess our method in
comparison with VideoCrafter2-based methods, including DMT [62], Motion-
Clone [31], MotionInversion [52], and MotionDirector [70]. We randomly sample
36 video-edit text pairs from the TurboBench dataset and synthesize motion
videos with the aforementioned methods. We invite 50 participants and ask
them to compare all generated videos from four different aspects. Fig. 6 reports
win rates across four perceptual dimensions. MotionEcho achieves the highest
preference in all categories, with particularly strong margins in appearance ap-
peal (52.9%) and temporal consistency (46.5%), suggesting that teacher-guided
trajectory correction produces videos that are not only more motion-accurate
but also more visually coherent to human observers.

4.3 Ablation Study

We ablate each component in MotionEcho to achieve comprehensive assessment
based on TurboV2 with TurboBench. The results are detailed in Table 3 and
Fig. 7. First, directly applying Motion Guidance (MG) from MotionClone [31]
injects motion priors and lifts MF from 0.562 to 0.833, but this coarse gradient
intervention slightly degrades temporal consistency and text alignment. Then,
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adding Teacher Guidance (TG) acts as a restorative echo that corrects trajectory
deviations, further boosting MF to 0.912 and recovering TA to 0.336, though at
the cost of ITC rising to 20s. Finally, the Adaptive Acceleration (AA) strat-
egy selectively activates and truncates the teacher’s denoising iterations, cutting
ITC back to 13s while reaching the best overall performance. Notably, our full
MotionEcho pipeline outperforms the training-based baseline MotionDirector
(reproduced on TurboV2) in both quality and motion fidelity while eliminating
its 300s training cost. Additional ablations are in the supplementary material.

5 Conclusion

We present MotionEcho, a training-free framework for motion customization in
fast distilled video generators. We identify a fundamental incompatibility be-
tween prior guidance methods and distilled models, and address it via teacher-
guided test-time distillation, which corrects the student’s sampling trajectory
through score interpolation. An adaptive acceleration strategy ensures selective
and efficient teacher involvement. Experiments across multiple distilled back-
bones show that MotionEcho achieves state-of-the-art motion fidelity and visual
quality while retaining the speed of distilled generation. In future work, we will
explore unpaired teacher models with unshared latent spaces, a challenging open
problem in diffusion model distillation, and investigate self-assessment mecha-
nisms enabling more efficient and selective speculative guidance during inference.
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