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Abstract. Video personalization aims to generate personalized videos
by preserving the motion and background of a reference video while
transferring the subject appearance from a given subject image. Such
video personalization has achieved tremendous progress alongside recent
advancements in video diffusion transformers (DiT). Existing DiT-based
approaches predominantly rely on training-based methods that require
auxiliary control signals, while independent control over motion, subject
appearance, and background remains challenging due to the entangled
nature of the unified spatiotemporal attention mechanism. In this pa-
per, we uncover a key structural insight that the spatio-temporal atten-
tion matrix of DiT exhibits an inherent functional decomposition—intra-
frame blocks primarily encode spatial information, while inter-frame blocks
encode motion dynamics. Building on this observation, we introduce SA-
V2V, a novel training-free video personalization framework that disen-
tangles and enables independent control over these visual attributes. We
propose two guidance approaches: (1) For motion guidance, we present
stochastic temporal injection, which leverages inter-frame attention maps
to precisely control dynamic trajectories.(2) For appearance guidance,
we propose a Target-aware Feature Guidance to enable independent
control over subject and background appearance by modulating the syn-
thesized features with masked attention features from the subject image
and the reference video, respectively. Extensive experiments demonstrate
that the proposed SA-V2V significantly outperforms existing approaches
in motion fidelity, subject adherence, and background preservation. Our
code is available at https://parksoobin1219.github.io/SA-V2V/

Keywords: Video personalization · Motion guidance · Training-free dif-
fusion

1 Introduction

Diffusion-based text-to-video (T2V) and image-to-video (I2V) models [1,8,15,30,
31,38] have achieved remarkable success in generating high-quality videos. This
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Fig. 1: Video-to-video personalization. The proposed SA-V2V is designed to en-
able transferring specific subjects from the subject image (left) while maintaining the
motion and background of the reference video (top).

achievement is built upon successful architectural paradigms as follows: tempo-
ral extension of 2D UNet [1,2,8,31] and the subsequent transition to DiT-based
architectures [15, 30, 38]. Despite their success in high-quality video synthesis,
attaining precise control over pre-trained video diffusion models(VDMs) to pro-
duce videos with specific motion and subject identities remains challenging.

To enhance controllability of VDMs, various controllable video generation ap-
proaches [3,13,16,19,20,32–35,39] have been proposed. Current methods [3,13,32,
34,35,40] often fine-tune VDMs using LoRAs [11] or auxiliary modules to learn
features from reference videos or appearance images. However, aforementioned
approaches significantly limit generalizability and require additional resources
for fine-tuning. To mitigate these issues, training-free approaches [16, 19, 20]
have been introduced. Customized videos are synthesized by swapping inter-
nal feature maps or by injecting attention scores from reference videos during
generation [6, 16]. Note that training-free methods have been primarily investi-
gated on UNet-based architectures, which facilitate such manipulation through
their explicitly decoupled spatial and temporal layers. Adapting such schemes
to DiTs is challenging, as 3D full-attention mechanisms of DiT entangle spa-
tial and temporal tokens, making it difficult to control motion and appearance
independently without additional adapters or optimizations.

To address these limitations, we propose Subject-Aware Video-to-Video per-
sonalization (SA-V2V), a novel training-free and inversion-free framework that
enables flexible controls over individual video components within DiT-based
VDMs. To evaluate this capability, we introduce a video personalization task
illustrated in Fig. 1: given a reference video and a subject image, the objective
is to generate a new video that faithfully preserves the motion dynamics and
background of the reference while substituting only the subject’s appearance
with that of the subject image. This formulation demands fine-grained, dis-
entangled control over three distinct attributes—motion, subject identity, and
background—a setting that prior works have not addressed yet.

The key insight enabling this disentanglement lies in the structure of 3D
unified attention. Although DiTs jointly encode spatial and temporal informa-
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tion without explicit separation, we observe that the spatio-temporal attention
matrix exhibits an inherent decomposition: diagonal blocks, where tokens at-
tend within the same frame, predominantly capture spatial appearance, while
off-diagonal blocks, where tokens attend across frames, encode temporal dynam-
ics. Building on this observation, we propose two complementary mechanisms
for video personalization. For motion control, stochastic temporal injection
is introduced, which randomly transfers motion dynamics from the reference
video while preserving adaptive temporal coherence in the generated output.
For appearance control, we present Target-aware Feature Guidance (TFG), a
mask-constrained attention modulation scheme that enables selective subject or
background guidance without disrupting other characteristics. By synergistically
combining the proposed motion injection with TFG, SA-V2V provides faithful
video personalization while maintaining the motion and background of the ref-
erence video, without requiring per-video optimization or model fine-tuning. To
our knowledge, this is the first framework to achieve training-free, disentangle
control over motion and appearance within DiT-based VDMs.

Our main contributions are summarized as follows:

– We formulate a novel video personalization task that requires independent
control over motion dynamics, subject appearance, and background compo-
sition, which have been underexplored in prior works.

– We propose SA-V2V, a training-free framework that enables video personal-
ization through selective motion feature injection and Target-aware Feature
Guidance (TFG).

– Extensive experiments validate the superior performance of SA-V2V in terms
of motion fidelity, subject adherence, and background preservation, demon-
strating the effectiveness of our disentangled control approach.

2 Related works

2.1 Video customization

While early video customization focused on temporal extensions of UNets by
leveraging their decoupled spatio-temporal layers [35, 37, 40], recent shifts to-
ward DiT architectures [15, 30, 38] require new paradigms given their unified
mechanisms, where spatial and temporal tokens are processed together through
3D full attention. To manage this inherent spatio-temporal entanglement, several
training-based approaches [3,32,36] have been introduced. JointTuner [3] intro-
duces Gated LoRA (GLORA) to adaptively steer modality-specific representa-
tions within DiT blocks. DualReal [32] utilizes an alternating adaptation scheme
and a specialized controller to resolve identity-motion conflicts between differ-
ent denoising stages and DiT depths. DreamRelation [36] introduces a relation
LoRA triplet to explicitly decouple complex relational dynamics from subject
appearances. However, these training-based methods require intensive per-video
optimization, which poses a significant computational hurdle. Furthermore, the
lack of spatio-temporal decoupling in DiT architectures presents a fundamental
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challenge for training-free approaches that attempt to manipulate motion and
appearance independently of each other.

2.2 Consistent generation

Consistent generation aims to synthesize multiple images or videos that depict
visually consistent subjects across different contexts. Early personalization-based
approaches optimize a text embedding to represent the target identity [5], or di-
rectly fine-tune model parameters [5,17,25] or identity-specific LoRA models [26].
While effective, these methods require multiple reference images and subject-
specific optimization, limiting their scalability and generalization. Training-free
approaches manipulate attention mechanisms in pretrained models via concate-
nation [28, 41] or linear interpolation [4]. Even though these algorithms provide
promising results, they may struggle with preserving identity in detail or complex
scene variations, especially in video generation.

3 Method

Given a reference video zrefand a subject image zsub, our work aims to generate
a personalized video zgen that preserves the motion and background character-
istics of zref while incorporating the subject identity from zsub. To this end, we
first analyze the unified spatio-temporal attention features in DiT-based VDMs
(Sec. 3.2). Building upon this analysis, we propose a training-free, inversion-free
approach, called SA-V2V (Sec. 3.3). In particular, we propose stochastic tem-
poral injection for motion control and Target-aware Feature Guidance (TFG)
for appearance guidance. While our model operates in the latent space of the
diffusion model, we use the same notation for both pixel-level and latent repre-
sentations throughout this paper for notational simplicity.

3.1 Preliminary

Given a video latent of shape F ×H×W ×C encoded by a 3D VAE, DiT-based

VDMs patchify it with spatial patch size p, yielding sequence zvis ∈ R
(
F ·HW

p2

)
×C .

The resulting vision tokens zvis are concatenated with text tokens to form an
input sequence of VDMs. Unlike UNet-based architectures that decouple spa-
tial and temporal modeling through separate attention layers, DiTs process this
sequence through a 3D unified attention:

h := Attn(Q,K,V) = softmax
(
QK⊤
√
d

)
V, (1)

where Q,K, and V are query, key, and value representations with head dimension
d, respectively. In this design, each token attends to every other token across both
space and time, thereby entangling appearance and temporal dynamics within
a single attention matrix A = softmax

(
QK⊤
√
d

)
.
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Fig. 2: Analysis of spatio-temporal attention in CogVideoX-5B [38]. (a) Inter-
frame attention components (off-diagonal blocks) capture motion dynamics, showing
a high correlation with dense optical flow [27]. (b) Quantitative analysis of motion
matching using endpoint error (EPE) across DiT blocks and denoising timesteps. (c)
Intra-frame attention components (diagonal blocks) effectively localize the subject,
aligning with the SAM2 [24]-derived masks. (d) Quantitative analysis of subject region
matching using mean squared error (MSE) across DiT blocks and denoising timesteps.

3.2 Motivation: Decomposability of 3D unified attention

While the unified attention matrix A offers greater modeling flexibility and
has demonstrated superior generation quality, it raises a fundamental question:
Does the unified attention implicitly recover the spatial-temporal factorization
that UNet-based models impose explicitly?

We hypothesize that the answer is yes—that the unified attention implicitly
recovers spatial-temporal factorization through the geometry of the attention
matrix itself. Intuitively, tokens within the same frame share a common tempo-
ral context and are more likely to attend to one another for local appearance co-
herence, whereas tokens across different frames should bridge temporal distance
to capture motion and correspondence. If the model has learned to respect this
distinction, the attention matrix would exhibit a semantically meaningful block
structure, even without any explicit architecture constraint.

Motivated by this hypothesis, we decompose the attention matrix A by token
modality and focus on the vision-to-vision submatrix Avis-vis, which governs all
interactions among visual tokens. Specifically, Avis-vis is partitioned into F × F
frame-wise blocks, where each block [Avis-vis]i,j captures attention from tokens
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in frame i to those in frame j. By construction, diagonal blocks (i = j) aggre-
gate intra-frame token interactions, while off-diagonal blocks (i ̸= j) aggregate
inter-frame interactions—structurally analogous to spatial and temporal atten-
tion, respectively. We verify whether this semantic correspondence holds through
two experiments. For the experiment, we generate 100 videos using CogVideoX-
5B [38] with diverse prompts.

Observation 1: Off-diagonal blocks encode temporal dynamics. To ver-
ify that off-diagonal blocks capture motion, we derive an attention-based dense
flow ∆p from the off-diagonal blocks [Avis-vis]i,j and compare it against optical
flow computed by RAFT [27] on 100 videos. Specifically, for the n-th patch in
frame i, we identify its most attended patch in the subsequent frame i+ 1 as:

m̂n = argmax
m∈[0,..,N−1]

[Avis-vis]i, i+1, (2)

and calculate the spatial displacement vector ∆pn = pm̂n
−pn, where p denotes

the 2D patch coordinate. Repeating this for all patches yields a dense flow ∆p.
As shown in Fig. 2(a), ∆p exhibits strong spatial alignment with optical

flow, demonstrating that off-diagonal blocks encode inter-frame motion corre-
spondence. To further characterize when this encoding is most reliable, we mea-
sure the endpoint error (EPE) between ∆p and optical flow across DiT blocks
and denoising timesteps. EPE remains low in the early-to-middle blocks but
rises sharply beyond the 30th block, suggesting that motion correspondence
is predominantly encoded in the shallower layers (Fig. 2(b)). Across denoising
timesteps, EPE is initially high but drops sharply after approximately 30% of
the denoising process and remains stable thereafter. These findings confirm that
off-diagonal blocks faithfully encode inter-frame motion dynamics, establishing
the off-diagonal blocks [Avis-vis]i,j as an effective guidance signal for transferring
temporal dynamics during the generation process.

Observation 2: Diagonal blocks encode spatial appearance. For 100
generated videos, we extract subject masks using SAM2 [24]. In addition, we
accumulate [Avis-vis]i,i for query tokens corresponding to subject regions and vi-
sualize the resulting attention maps in Fig. 2(c). [Avis-vis]i,i consistently localizes
to semantically meaningful spatial regions within each frame. To further quantify
this correspondence, the mean squared error (MSE) between [Avis-vis]i,i and the
subject mask is calculated across transformer blocks and denoising timesteps. As
illustrated in Fig. 2(d), the MSE is notably lower in the early-to-middle blocks,
indicating that spatial appearance is most faithfully encoded in these layers.
Furthermore, the MSE decreases progressively as denoising proceeds, reflecting
that the coarse spatial appearance is determined in the early denoising steps
and finer details are progressively refined as the generation converges. Together,
these results confirm that diagonal blocks of the unified attention encode spatial
appearance within the individual frames.
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Fig. 3: 3D unified attention in DiTs. (a) The standard unified attention jointly
attends over all spatio-temporal tokens in a single matrix. (b) Intra-frame diagonal
block ([Avis-vis]i,i) is defined as spatial attention Aspat for capturing local appearance.
(c) Inter-frame off-diagonal blocks ([Avis-vis]i,j) effectively act as temporal attention
Atemp for encoding motion dynamics.

These findings consistently hold across other DiT-based architectures. Addi-
tional analysis on LTX-Video [9] and WAN 2.2 [30] is provided in the supple-
mentary A.2.

3.3 SA-V2V:Subject-Aware Video-to-Video personalization

Spatio-temporal decomposition of unified attention. Building on the ob-
servation in Sec. 3.2 that intra-frame and inter-frame attention encode disentan-
gled roles—appearance and motion dynamics, respectively—we propose to de-
compose Avis-vis into spatial attention Aspat and temporal attention Atemp.
As illustrated in Fig. 3, Aspat is defined as a block-diagonal matrix capturing
local appearance relationships, while Atemp aggregates all off-diagonal blocks to
represent inter-frame motion dynamics. This decomposition allows us to treat
the unified attention mechanism as a functionally factorized operator, providing
a precise interface for disentangled video manipulation without retraining the
backbone or additional adapters.

Stochastic temporal injection. For motion guidance, we define the temporal
guidance feature href

temp for the i-th frame as:

[htemp]
ref
i =

[
[Aspat]

gen
i,i

{
[Atemp]

ref
i,j

}
j∈{0,F−1}\i

] [ Vgen
i{

Vref
j

}
j∈{0,F−1}\i

]
, (3)

which combines the identity context of zgen with the motion trajectories of zref.
This design facilitates motion transfer while inherently preventing appearance
leakage from zref. However, Atemp also concentrates on spatial regions undergo-
ing significant movements in the given video, due to the inherent spatial-temporal
coherence of video. This entanglement poses a fundamental challenge for video
personalization—when the subject in zsub appears at different positions or scales
than the moving object in zref, fully injecting href

temp forces motion patterns that
are spatially misaligned with the subject’s configuration. For example, as shown
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in Fig. 5, parts of the inserted subject (wolf), may extend beyond the spatial
region occupied by the original object (white tiger), requiring adaptive motion
adjustment rather than direct movement replication.

To resolve this, we propose stochastic temporal injection, which applies
a random binary mask Mtemp to sparsely integrate motion features:

hgen
temp ←Mtemp ⊙ href

temp + (1−Mtemp)⊙ hgen
temp, (4)

where each element of Mtemp is sampled independently from a Bernoulli dis-
tribution with probability p, and ⊙ denotes element-wise multiplication. This
stochastic injection facilitates sparse motion guidance while maintaining suf-
ficient flexibility for the model to adjust dynamics according to the subject’s
position and size. In addition, href

temp is injected during the first Ttemp denoising
steps, which is grounded in our empirical analysis in Fig. 2(b). The global tem-
poral dynamics are primarily established in the early steps, while the later phase
is dedicated to fine-grained spatial refinement rather than motion redirection.
Consequently, our scheduling ensures effective motion transfer while allowing the
model to focus on high-fidelity visual synthesis as it converges. Further empirical
analysis of the proposed injection scheme is presented in the supplementary Sec.
C.

Target-aware feature guidance. In our video personalization formulation,
it is crucial to preserve the background characteristics of zref while substituting
its moving object with the subject from zsub. To achieve this disentanglement,
we decompose the appearance of zgen into subject appearance and background
appearance. While stochastic temporal injection effectively governs the dynamic
trajectories, precisely controlling these decoupled appearances requires careful
intervention to maintain high-fidelity identity across the entire temporal frames.
Intuitively, one might attempt to restrict the appearance guidance strictly to
the intra-frame spatial attention Aspat. Although this local adjustment effec-
tively controls the appearance within individual frames, it inherently disrupts
the temporal coherence of the subject’s identity across the video.

To address this issue, we compute the attention by combining Qgen of zgen

with Ktgt and Vtgt of the target appearance across the entire unified attention
mechanism, formulated as follows:

htgt
app = Attn(Qgen,Ktgt,Vtgt), (5)

where the target indicates either the subject from zsub or background from zref.
Even though htgt

app provides globally consistent target appearance, directly sub-
stituting the generation feature with htgt

app faces fundamental challenges. The
moving object in zref and the subject in zsub often exhibit spatial misalignment
in terms of position, size, or extent, as well as semantic variations, such as pose
or viewpoint.

To achieve precise control of appearance, we introduce Target-aware Feature
Guidance (TFG), which enables spatially disentangled appearance control by
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selectively modulating hgen using hsub
app or href

app. We first design TFG for con-
ditioning subject appearance of zsub to zgen, named Subject-TFG (S-TFG).
Drawing on the consistent generation [4,28], we modulate appearance via linear
interpolation of attention:

h̃
gen
app = csub · hsub

app + (1− csub) · hgen, (6)

where h̃
gen
app denotes the guided features and csub ∈ (0, 1) is the guidance scale.

For elaborate region-specific control, the spatial masking is further incorporated.
The subject mask M sub is estimated from zsub using SAM2 [24] and resized to
the resolution of attention features. With this mask, Eq. (6) is reformulated for
selective appearance modulation:

ĥ
gen
app = csubM sub · hsub

app + (1− csubM sub) · hgen. (7)

By constraining guidance to masked regions, S-TFG ensures that only subject
appearance from zsub is consistently transferred to zgen.

Analogously, background appearance of zref can be preserved in zgen through
Background-TFG (B-TFG), which applies the same masked interpolation frame-
work to background regions:

ĥ
gen
app = cbgMbg · href

app + (1− cbgMbg) · hgen, (8)

where cbg denotes the guidance scale, and Mbg is the background mask extracted
from zref. Kref and Vref denotes keys and values extracted from href

app. Thanks
to B-TFG, the background characteristics of zrefcan be faithfully preserved in
zgen.

To ensure generation stability, S-TFG and B-TFG are applied alternately
across denoising timesteps. This alternating scheme prevents interference from
simultaneous guidance, allowing for a harmonious control of both identity and
background. TFG is performed during the first TTFG steps, during which ap-
pearance attributes are predominantly established.

Overall framework Figure 4 illustrates the overall pipeline of our SA-V2V.
For the initial generation latent zgen, we replicate a single random noise F times
along the frame axis, where F denotes the number of frames in zref, ensuring
temporal consistency. During reverse diffusion, we synergistically modulate the
attention features to control motion and appearance independently of each other,
yet harmoniously. Motion dynamics of zref are transferred by injecting tempo-
ral attention feature href

temp according to the stochastic scheme. For appearance,
rather than applying multiple constraints simultaneously, the proposed S-TFG
and B-TFG are utilized in an alternating manner at each timestep. This alter-
nating strategy prevents potential feature interference, allowing both the subject
identity of zsub and background context of zref to be properly reflected in zgen.
Finally, the denoised latent is decoded via the pretrained 3D VAE to generate
the personalized video.
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Fig. 4: Flowchart of SA-V2V. Temporal attention features extracted from the ref-
erence video are stochastically injected into intermediate transformer blocks to transfer
motion dynamics. For appearance control, S-TFG and B-TFG are applied in an alter-
nating manner at each timestep. The figure illustrates a specific timestep where S-TFG
is active.

4 Experiments

Dataset. We construct a comprehensive evaluation dataset from DAVIS dataset [22],
the Pexels library, and the VBench dataset [12]. These sources cover a wide range
of realistic scenarios, ensuring that our benchmark covers various motion dynam-
ics and content categories. Our evaluation set comprises 49 reference videos−25
animal, 14 human, and 5 human-object interaction videos−paired with diverse
subjects, which results in 200 subject-reference pairs.
Implementation Details. We employ CogVideoX-5B [38] as our base model.
We set the guidance duration as follows: Ttemp = 0.3T , and TTFG = 0.25T ,
where T is the total number of denoising steps. For the TFG guidance scale, we
use cbg = csub = 0.5 for all samples. Detailed settings, including control blocks,
can be found in the supplementary Sec. B.
Baselines. Due to the lack of methods directly addressing the proposed video
personalization task, we compare SA-V2V against closely related approaches:
CtrlX [18], MotionClone [19], DiTFlow [21], Disentangled S2V [14], JointTuner
[3], and DualReal [32]. For CtrlX [18], which was originally proposed for control-
lable image generation with a 2D UNet backbone, we extend its framework to
operate on a 3D UNet for video generation. For DiTFlow [21] and Disentangled
S2V [14], which are designed to control only motion and subject appearance,
respectively, we use the reference video and subject image solely for their in-
tended purposes, while the remaining visual attributes are specified through
text prompts. Since MotionClone [19], DualReal [32], and JointTuner [3] are de-
signed to support joint conditioning on both reference video and subject image
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inputs, we follow the generation procedures described in their respective papers.
Note that two training-free algorithms, CtrlX [18] and MotionClone [19], perform
guidance via UNet feature-based manipulation and thus adopt AnimateDiff [8]
as their base model. The remaining baselines and the proposed SA-V2V are im-
plemented on CogvideoX-5B [38], one of the DiT-based VDMs. All experiments
were conducted on NVIDIA A100-80GB GPUs.
Evaluation metrics. We employ eight metrics to evaluate personalization fi-
delity and overall video quality. To assess personalization fidelity, we utilize
CLIP-I scores [23] to assess two decoupled aspects: (1) Subject adherence, evalu-
ating the identity consistency between the generated subject and the given sub-
ject image, and (2) background preservation, evaluating the contextual fidelity of
the background against the reference video. In addition, to evaluate the overall
spatiotemporal realism and dynamic similarity, we calculate the Fréchet Video
Distance [29] between the generated and reference videos. While FVD captures
the overall distributional gap between generated and real videos, we addition-
ally adopt five metrics from VideoScore [10] to provide fine-grained assessment
of perceptual quality and temporal coherence.

5 Results

5.1 Qualitative evaluation

We present the qualitative comparisons between the proposed SA-V2V and the
baselines in Fig. 5. CtrlX [18] follows the reference motion, but struggles to re-
flect proper subject appearance and background details. In particular, it often
produces overly darkened backgrounds, suggesting that its feature manipulation
mechanism can compromises the overall visual quality of the generated video.
MotionClone [19] incorporated the subject image via SparseCtrl [7], but this
coupling makes it difficult to achieve independent control over appearance and
motion, resulting in videos where either the subject identity or the motion dy-
namics is poorly preserved. DiTFlow [21] preserves the motion of the reference
video, while showing limited capability in personalizing the subject. Although
Disentangled S2V [14] provides the intended subject appearance, it often fails
to transfer the motion dynamics from the reference video. JointTuner [3] and
DualReal [32] exhibit high variance across samples and occasionally fail to pre-
cisely composite the subject onto the intended spatial region of the scene. These
failure cases underscore the inherent difficulty of our proposed video person-
alization task, which requires disentangled and accurate control over subject
appearance, motion dynamics, and background composition simultaneously. In
contrast, the proposed SA-V2V consistently provides high-quality results across
diverse personalization scenarios. By decomposing spatiotemporal attention into
spatial and temporal components and applying stochastic temporal injection,
our method effectively transfers motion dynamics from the reference video while
avoiding spatial misalignment with the subject. Furthermore, TFG enables in-
dependent and region-specific control over subject appearance and background
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Fig. 5: Qualitative results of video personalization. SA-V2V successfully pre-
serves reference motion and background while transferring subject appearance, demon-
strating superior performance compared to existing methods.

composition, achieving a significantly better balance among motion fidelity, sub-
ject consistency, and background preservation compared to all baselines.

5.2 Quantitative evaluation

Table 1 shows the superior performance of the proposed SA-V2V for video per-
sonalization. Our method achieves the best performance for background preser-
vation (0.8768), motion similarity (66.5532), and four video quality scores (av-
erage Videoscore 2.7646). While MotionClone achieves higher subject fidelity,
it suffers from significantly degraded background preservation and video quality.
This indicates that its image adapter overfits to the subject condition, failing
to achieve spatially disentangled personalization. SA-V2V, in contrast, demon-
strates robust and superior performance across all metrics, quantitatively vali-
dating our disentangled control framework. To further evaluate the effectiveness



SA-V2V: Training-Free Subject-Aware Video-to-Video Personalization 13

Table 1: Quantitative results. SA-V2V demonstrates better quantitative perfor-
mance compared to the baselines.

Method Masked CLIP FVD (↓) Videoscore [10] (%)
Subject (↑) Background (↑) VQ (↑) TC (↑) DD (↑) TVA (↑) FC(↑) Average (↑)

CtrlX [18] 0.7491 0.8503 67.8538 2.2641 2.0639 3.0562 2.8353 2.0133 2.5854
MotionClone [19] 0.8243 0.7604 85.8680 2.4075 1.9452 3.0892 2.7615 1.9115 2.4230

DualReal [32] 0.8116 0.7984 83.4813 2.6268 2.5410 3.0823 2.9646 2.4525 2.7415
JointTuner [3] 0.8079 0.8240 74.7159 2.5522 2.4721 3.0950 2.9968 2.3929 2.7036

SA-V2V (Ours) 0.8140 0.8768 66.5532 2.6524 2.5491 3.1491 2.8731 2.4995 2.7646

Table 2: Results of user study. The results show that our SA-V2V achieved the
highest score in all evaluation criteria for video personalization.

Method Background (↑) Motion (↑) Subject (↑) Text (↑) Video Quality (↑)
CtrlX 0.046 0.106 0.080 0.084 0.058

MotionClone 0.011 0.029 0.034 0.009 0.017
DualReal 0.080 0.095 0.259 0.113 0.121

JointTuner 0.101 0.080 0.132 0.087 0.084
SA-V2V (Ours) 0.761 0.690 0.494 0.707 0.721

of SA-V2V, we designed a user study with 29 participants for four baselines
and the proposed method. Our algorithm aims to transfer a specific subject
while maintaining the motion and background of the reference video. Thus,
participants were asked to select the best result across five evaluation crite-
ria: (1) preserving the background of the reference video, (2) preserving the mo-
tion dynamics of the reference video, (3) retaining the appearance of the sub-
ject, (4) alignment with the text prompt, and (5) overall quality of the video.

Subject
image

“Tiger, ..., walking, forest
background, sideview"

Reference w/o w/o w/o
video SA-V2V Temp. inj. B-TFG S-TFG

Fig. 6: Ablation study on the proposed
components. We evaluate variants of SA-V2V
by individually omitting stochastic temporal in-
jection, B-TFG, and S-TFG.

Note that there is no well-
established metric to quantita-
tively evaluate motion and sub-
ject preservation, which involves
semantically coherent motion and
consistent subject identity rather
than mere pixel movements or su-
perficial appearance maintenance.
Therefore, the user study results
for these criteria are particularly
valuable. As shown in Tab. 2, our
method outperforms existing ap-
proaches across all evaluation cri-
teria. Notably, our method provides significantly improved performance in mo-
tion preservation, substantially outperforming competing methods.

6 Discussion

6.1 Components of SA-V2V

We validate the contribution of each component of SA-V2V through ablation
studies both qualitatively (Fig. 6) and quantitatively (Tab. 3). As shown in
Fig. 6, removing stochastic temporal injection causes the model to fail in cloning
the reference motion at all. Without TFG for appearance guidance, the synthe-
sized subject no longer reflects the appearance of the subject image.
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Table 3: Ablation study on each
control scheme. The proposed SA-V2V
demonstrates balanced performance across
all metrics.

Method Subject (↑) Background (↑) FVD (↓)
w/o temp 0.8252 0.8146 103.82

w/o B-TFG 0.8257 0.8313 97.27
w/o S-TFG 0.8101 0.9041 72.30

SA-V2V (Ours) 0.8312 0.8783 82.84

The quantitative results in Tab. 3 fur-
ther support these findings. In par-
ticular, removing temporal injection
leads to a substantial degradation
in FVD. These observations indicate
that both components are essential for
disentangled video personalization.

6.2 TFG application scheme

Subject
image

“Grizzly, ..., turning its head,
wooden fence background, ..."

Reference w/o Block Naive
video SA-V2V Masking -wise Injection

Fig. 7: Ablation study on TFG application
scheme. The proposed design of TFG enables
stable and effective control of appearance.

Figure 7 demonstrates the abla-
tion study on our TFG applica-
tion scheme. Note that SA-V2V
employs both spatial masking
and the alternating timestep-wise
guidance strategy. Without mask-
ing, the appearance and reference
video features are not properly
separated. When TFG is alter-
natively applied in a block-wise
manner instead of timestep-wise,
features within the same block re-
ceive conflicting signals, leading to inaccurate appearance guidance. The last
column of Fig. 7 shows the result of directly applying spatial feature injection in-
stead of linear interpolation. Due to the strong constraints of the subject image,
the reference background is overwritten, preserving only the subject features.
This ablation study clearly demonstrates the effectiveness of the proposed TFG
design.

6.3 Computational cost

Table 4: Computational cost comparison.
SA-V2V balances efficiency and quality opti-
mally.

Method Peak Memory
(GB)(↓)

Training
Time (m)(↓)

Inference
Time (s)(↓)

DualReal 21.72 41.21 119.27
JointTuner 20.38 23.37 120.34

SA-V2V (Ours) 19.11 - 125.38

To evaluate the computational ef-
ficiency, we assess the GPU peak
memory usage, training time, and
inference time. For a fair compar-
ison, we compare SA-V2V with
DualReal [32] and JointTuner [3],
as all methods utilizes the same
CogvideoX-5B [38] backbone. As
reported in Tab. 4, SA-V2V achieves the lowest peak memory footprint at 19.11
GB. In addition, as a fully training-free framework, SA-V2V reduces the per-
video training time to zero, whereas the baselines require 20 to 40 minutes
of per-video optimization. While our alternating TFG mechanism introduces
a marginal inference overhead of approximately 5–6 seconds, the total wall-clock
time to obtain a personalized video is drastically reduced, demonstrating the
superior practical efficiency of the proposed SA-V2V.
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7 Limitation
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Fig. 8: Limitation of SA-V2V. SA-V2V struggles
to personalize videos with multiple subjects.

SA-V2V is designed for per-
sonalizing videos with a sin-
gle subject, where the appear-
ance of a subject is trans-
ferred from the subject image
to synthesized video. The cur-
rent TFG cannot distinguish
between multiple objects in
the reference video that re-
quire independent appearance, as shown in Fig. 8. While TFG can be concep-
tually extended to multi-subject settings by creating the subject-specific masks,
practical implementation would require overcoming challenges in attention mod-
ulation and potential interference between subjects. Our future direction will
explore personalization for multiple subjects, which will lead to improved gen-
eralization.

8 Conclusion

In this paper, we present a training-free approach for video personalization that
achieves disentangled control over motion dynamics, subject appearance, and
background characteristics. Through the systematic analysis of DiT-based VDM
components, the proposed method employs selective feature injection for motion
guidance and introduces Target-aware Feature Guidance (TFG) for independent
appearance control of subject and background. Unlike existing approaches that
require per-video optimization or suffer from appearance-motion entanglement,
our method enables precise manipulation of individual visual attributes. Ex-
tensive experiments demonstrate that our algorithm significantly outperforms
existing methods in subject identity preservation, motion coherence, and overall
visual quality.
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