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“A <V> musician man sitting on a stool, strumming an acoustic guitar with a serene expression. He wears a casual button-down 
shirt and jeans, lost in the melody.”

“A <V> man in a black suit, paired with a white shirt and a dark tie, is walking along a busy city street. He is carrying a steaming 
cup of coffee in one hand. The street is lined with tall buildings and bustling with people.”

”A <V> woman dressed as a warrior princess, holding a glowing sword as she stands in a field of wildflowers. Her face is visible, 
showing determination as she prepares to protect her kingdom.”

“A <V> woman in a sparkly, magical dress, casting spells with her hands as glowing lights swirl around her. Her face is visible 
with a mischievous grin, surrounded by floating mystical symbols.”
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Reference
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Figure 1. Results of PersonalVideo. Given the reference images of a specific identity, PersonalVideo can generate high ID-fidelity videos
with promising motion dynamics and prompt following.

Abstract

The current text-to-video (T2V) generation has made signif-
icant progress in synthesizing realistic general videos, but it
is still under-explored in identity-specific human video gen-
eration with customized ID images. The key challenge lies
in maintaining high ID fidelity consistently while preserving
the original motion dynamic and semantic following after
the identity injection. Current video identity customization
methods mainly rely on reconstructing given identity images
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on text-to-image models, which have a divergent distribu-
tion with the T2V model. This process introduces a tuning-
inference gap, leading to dynamic and semantic degrada-
tion. To tackle this problem, we propose a novel framework,
dubbed PersonalVideo, that applies a mixture of reward su-
pervision on synthesized videos instead of the simple recon-
struction objective on images. Specifically, we first incor-
porate identity consistency reward to effectively inject the
reference’s identity without the tuning-inference gap. Then
we propose a novel semantic consistency reward to align the
semantic distribution of the generated videos with the orig-
inal T2V model, which preserves its dynamic and semantic

19406



(a) Previous
methods

Reference

T2I

Reconstructive Tuning

“<V>” Random Noise

Inference

“<V> in a cozy sweater, ……”

T2V

Random Noise

“<V> in a cozy sweater, ……”

Original T2V

T2V

Semantic
Reward

Identity
Reward

Tuning-Inference
Distribution Gap

Align with Inference

(b) Our
method

Figure 2. Analysis of the tuning-inference gap. Previous T2V customization supervises the tuning process via reconstructing images on
T2I models, suffering from a tuning-inference gap. Differently, we aim to directly apply the supervision on generated videos, which aligns
with inference and bridges the gap.

following capability during the identity injection. With the
non-reconstructive reward training, we further employ sim-
ulated prompt augmentation to reduce overfitting by super-
vising generated results in more semantic scenarios, gain-
ing good robustness even with only a single reference image.
Extensive experiments demonstrate our method’s superior-
ity in delivering high identity faithfulness while preserving
the inherent video generation qualities of the original T2V
model, outshining prior methods.

1. Introduction
Recently, there has been considerable scholarly interest in
text-to-video (T2V) generation [7, 10, 14, 40], which al-
lows for the production of videos from user-defined textual
descriptions. However, the identity-specific customization
of high-fidelity human videos has not been fully explored.
It aims to customize a wide variety of engaging videos us-
ing a few users’ photos, allowing for personalized content
creation that features them in different actions, scenes, or
styles while maintaining high ID fidelity. Without the need
for complex scene construction and tedious post-production
special effects, this convenient way of video creation also
has great potential in the film and television industry.

Identity customization has achieved significant advance-
ments in the field of text-to-image (T2I) [12, 15, 30, 36,
41, 50]. Typically, these methods use a reconstructive ap-
proach on provided reference images to inject the iden-
tity into the pre-trained T2I model during the customiza-
tion. However, directly employing this strategy in video
customization [32, 44] will lead to unsatisfied results due to
two notable challenges:

(1) Preserving inherent motion dynamics and seman-
tic following. Existing video customization methods [32,
44] naively use image reconstruction supervision during
tuning to model a customized T2I prior, which is then
injected into the T2V model to generate identity-specific
videos during inference. However, the distribution of the
pre-trained T2V model often deviates from that of the pre-
trained T2I model, which brings a tuning-inference gap as
shown in Fig. 2. Since tuning on limited static images will
significantly shift the video prior of the pre-trained T2V
model, it leads to a dynamic and semantic degradation,
making the generated videos tend to appear static and fail
to follow the given prompts.

(2) Inserting consistent identity with high fidelity.
For reconstruction-based video customization, the tuning-
inference gap also brings challenges for ID-fidelity. As hu-
mans are sensitive to facial features, higher fidelity, and
consistent identity are required in customized videos. To
achieve identity consistency while preserving the model’s
dynamics and semantics, traditional reconstructive video
customization methods [9, 19, 44] often require more im-
ages, even additional video input, to inject identity without
overfitting, which brings great inconvenient for users.

To address these challenges, we propose a novel frame-
work, dubbed PersonalVideo, for ID-specific video gener-
ation that can achieve high ID fidelity and maintain original
motion dynamics and semantic following with only a few
images of an identity given. Different from previous meth-
ods with a reconstructing objective on T2I models, our core
insight is applying the direct reward to videos generated
by the T2V model thus bridging the tuning-inference gap as
shown in Fig. 2. Specifically, we integrate feedback from a
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mixture of differentiable reward models to inject an identity
consistent with the reference while preserving the original
model’s dynamic and semantic following capability.

Inspired by the successful experience of the identity su-
pervision [35, 42] in encoder-based T2I customization [13,
15], we propose to apply Identity Consistency Reward
(ICR) to a randomly selected frame in the generated video,
leveraging the similarity feedback from an identity recog-
nition model to consistently inject the reference’s identity
without the tuning-inference gap. However, applying only
ID reward still suffers from degraded dynamic and seman-
tic following capabilities, which is caused by the inher-
ent distribution shift introduced by the limited number of
static images during ID injection. To address this shift, we
further propose a Semantic Consistency Reward (SCR) to
preserve the original model’s semantic distribution, thereby
mitigating the degradation of dynamic and semantic follow-
ing capabilities. Leveraging the semantic reward model, we
can evaluate the image-text correspondence of the sampled
video frames and then align the score distribution between
the original video and the target video, thus effectively pre-
serving the dynamics and semantics of the original genera-
tor without affecting the injection of the identity.

With the non-reconstructive reward supervision, we also
employ simulated prompt augmentation, which is indepen-
dent of provided reference images and supervises generated
results in more semantic scenarios. Unlike the reconstruc-
tive training method, they do not correspond to each refer-
ence nor are they limited by the number of reference im-
ages, effectively mitigating overfitting and demonstrating
strong robustness, even when only a single reference image
is available.

To achieve the identity injection with preserved mo-
tion dynamics and semantic following, it is also essential
to design the learnable modules. Based on the observa-
tions for the denoising steps, we further propose an Iso-
lated Identity Adapter injected in the only later denoising
step, which minimizes the impact on the original video’s
dynamic. Qualitative and quantitative experiments demon-
strate that our PersonalVideo achieves high ID fidelity and
effectively preserves the original T2V model’s capabilities.
Benefiting from the scalability of T2V models, it also sup-
ports any style-specific fine-tuned model, which offer valu-
able flexibility for abundant creation in the AIGC commu-
nity. Our contributions are summarized as follows:
• We introduce a novel framework, dubbed PersonalVideo,

for video personalization with static images. To bridge
the tuning-inference gap, we propose to apply the direct
reward feedback to generated videos, achieving high ID-
fidelity without dynamic and semantic degradation.

• We propose a novel semantic consistency reward to effec-
tively preserve the original model’s semantic distribution
without affecting the injection of the identity.

• With the non-reconstructive supervision, we introduce
simulated prompt augmentation which is independent of
the reference images and robustly improves ID-fidelity,
even for just a single image.

2. Related Work
Text-to-Video Generation. The topic of T2V generation
has attracted considerable interest among researchers for
a long time. Recently, the utilization of diffusion mod-
els has become predominant in the realm of T2V tasks.
VDM [21] stands as the pioneer that first leverages a dif-
fusion model for T2V generation. Subsequently, Make-A-
Video [37] and Imagen Video [20] were proposed to gener-
ate high-resolution videos in pixel space. To save computa-
tional resources, various frameworks have been developed
to perform a latent denoising process [6, 18, 40, 43, 52–
55]. Although these methods can produce high-quality
generic videos by pre-training on large-scale text-video pair
datasets, it remains challenging to synthesize id-specific
videos.
Text-to-Image Customization. In the field of T2I, a lot of
approaches [12, 13, 26–28, 30, 31, 34, 38, 49] have emerged
for ID customization. As a seminal work, Textual Inver-
sion [12] represents the user-provided identity with a spe-
cific token embedding of a frozen T2I model. For better
ID fidelity, DreamBooth [36] optimizes the original model,
where efficient fine-tuning techniques such as LoRA [22]
can also be applied. On the other hand, encoder-based
methods aims to directly inject ID into the generation pro-
cess. IP-Adapter [50] and InstantID [41] focus on adapting
encoders that extract ID-relevant information. PuLID [15]
suggests optimizing an ID loss between the generated and
reference images in a more accurate setting.
Text-to-Video Customization. The T2V customization
presents further challenges compared to the T2I customiza-
tion due to the temporal motion dynamics involved in
videos. Currently, only limited works [17, 23, 29, 32, 44–
47, 51] have undertaken early investigations into this area.
MagicMe [32] adopts an ID module based on extended Tex-
tual Inversion. However, training under T2I reconstruction
supervisiondeviates from the T2V inference, leading to in-
ferior ID fidelity and model degradation. DreamVideo [44]
customizes the identity given a few images, but the incon-
venience lies in the fact that it necessitates additional videos
to provide motion patterns. ID-Animator [17] proposes to
encode ID-relevant information with a face adapter, which
requires thousands of high-quality human videos for fine-
tuning, thereby incurring significant costs associated with
dataset construction and model training.

3. Preliminaries
Text-to-video diffusion models (T2V) [6, 14, 25, 39, 40]
are tailored for generating videos by adapting image diffu-
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Figure 3. Overview of the framework of PersonalVideo. To bridge the tuning-inference gap, we directly apply reward supervision on
generated videos starting from pure noises, including identity consistency reward with the reference and semantic consistency reward with
the original video. During the optimization, we adopt simulated prompt sampled from the Large Language Model to supervise generated
results in more semantic scenarios.

sion models to handle video data. Specifically, the diffusion
model ϵθ aims to predict the added noise ϵ at each timestep
t based on text condition c, where t ∈ U(0, 1) is normal-
ized. The training objective can be simplified as a noise-
prediction loss:

Ldiff = Ez,c,ϵ∼N (0,I),t

[
∥ϵ− ϵθ (zt, τθ(c), t)∥22

]
, (1)

where z ∈ RB×F×H×W×C is the latent code of video data
with B,F,H,W,C being batch size, frame, height, width,
and channel, respectively. τθ presents a pre-trained text en-
coder. A noise-corrupted latent code zt from the ground-
truth z0 is formulated as zt = αtz0 + σtϵ, where αt and σt

are hyperparameters to control the diffusion process.

4. Methodology
4.1. Non-Reconstructive Reward Framework
Current T2V customization typically adopts a reconstruc-
tion approach to train a customized T2I prior on provided
images and inject it into the pre-trained T2V models to gen-
erate identity-specific videos. However, it leads to a tuning-
inference gap due to the misaligned distribution between
reference images during tuning and generated videos in in-
ference time, which brings inferior ID fidelity and degrada-
tion of inherent motion dynamics and semantic following.

To bridge the gap, as shown in Fig. 3, we propose a non-
reconstructive framework to directly apply reward on the
generated videos for high ID fidelity without dynamic and
semantic degradation. Inspired by the successful experi-
ence of the identity supervision [35, 42] in encoder-based
T2I customization [13, 15], we propose to apply Identity
Consistency Reward (ICR) to the generated video. During
the tuning time, we start from pure noise instead of noised

references in the previous reconstructive methods. Then
we directly supervise the a randomly selected frame from
the generated video to mimic the identity in the generated
videos with that in references using ID similarity reward,
which closely aligns with human perception and the distri-
bution of the real world.

Specifically, we use pre-trained ID recognition
model [11] Rid to precisely extract the ID embeddings of
the references and the random i-th frame of the generated
video. Then we minimize the cosine similarity of them to
align the identity effectively and directly. Here we crop
the faces and adopt image augmentation techniques like
color jitter to make it more robust for limited references.
Formally, our training objective is:

LICR = Ei,c∼p(c) [CosSim (Rid(Iref ),Rid(GT (zT , c, i)))] ,
(2)

where Iref are the reference images, GT is the target
trained diffusion model with the VAE decoder, and c is the
text prompt with the specific keyword.

4.2. Semantic Consistency Reward

While the non-reconstructive ICR addresses the tuning-
inference gap in existing methods, the distribution gap in-
troduced by the limited static references still remains, which
makes it challenging to preserve the original dynamics and
semantics. To address this issue, we further introduce a
novel Semantic Consistency Reward (SCR) to maintain the
original model’s semantic distribution, effectively alleviat-
ing the decline in dynamic and semantic following. Specifi-
cally, we randomly sample a batch of M frames from the
video generated by original and target model. Then we
leverage the semantic reward model Rsem to evaluate the
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Figure 4. Visualization of the video denoising steps. The mo-
tion of the person, e.g., his hand, is formed in early stages of the
denoising process. the later steps focus on the recovering of the
detailed appearance.

image-text correspondence of the sampled video frames

V S
c = Softmax({Rsem(GS(zT , c, i)}Mi=1)),

V T
c = Softmax({Rsem(GT (zT , c, i)}Mi=1)),

(3)

where GS is the frozen original diffusion model with the
VAE decoder. Finally, we align the score distribution be-
tween the original and the target video with KL divergence,

LSCR = Ec∼p(c)DKL(V
T
c ||V S

c ). (4)

Through the distribution alignment with the original gener-
ator, we can effectively preserve its dynamics and semantics
without affecting the injection of the identity.

Thus, the full learning objective is defined as:

Ltrain = LICR + LSCR. (5)

4.3. Simulated Prompt Augmentation

To further enhance the robustness of the customization, we
introduce simulated prompt augmentation. During the cus-
tomization process, traditional reconstruction frameworks
can only utilize prompts that describe the reference image,
which limits the model’s generalization capabilities. Ben-
efiting from the non-reconstructive framework, we can in-
corporate numerous reference-irrelevant prompts during the
optimization, e.g., ‘V’ playing the violin and ‘V’ smiling
on the beach. Specifically, we leverage the Large Lan-
guage Model to create 50 prompts as our simulated prompts
with various motion, appearance, and backgrounds and ran-
domly select the prompts during the customization. They
align well with actual test scenarios to mitigate overfitting
with strong robustness, even when only a single reference
image is available.

4.4. Isolated Identity Adapter
To achieve the identity injection with preserved motion dy-
namics and semantic following, it is also essential to design
the learnable modules. Based on the observations for the
denoising steps shown in Fig. 4, we find that the motion of
the person is typically formed in the early denoising step.
During these steps, the model tends to restore the layout [8]
and motion. In contrast, the later steps focus on recovering
of the detailed appearance of the objects [33]. Therefore, we
propose to isolatedly inject the identity only in the later de-
noising steps during training and inference time, to reduce
the influence on the motion generation and mitigate the dis-
tribution shift caused by static reference images. Formally,
it adopts the residual path of two low-rank matrices includ-
ing a down block Adown ∈ Rd×r and up block Aup ∈ Rr×k.
Formally, the updated parameter matrices are

W̃ = W +∆W = W +AdownAup, (6)

for all W in the layers of query, key, and value.

5. Experiments

5.1. Experimental Settings
To demonstrate the effectiveness of our method, we utilize
a DiT-based model, HunyuanVideo [25], and a UNet-based
model AnimateDiff as our T2V generation models. We use
ResNet-100 [16] backbone pre-trained on Glint360K [5]
dataset as the identity reward model and HPSv2 [48] as
the semantic reward model. To demonstrate the superior-
ity of PersonalVideo, we compare it with MagicMe [32], a
recent identity-specific T2V customization method, as well
as Dreambooth with LoRA [22, 36]. Additionally, we com-
pare the results with encoder-based methods like IDAnima-
tor [17] and ConsisID [51]. We present the details of base-
lines and training process in Appendix.

5.2. Qualitative Results
We provide a qualitative comparison between Person-
alVideo and baselines. As shown in Fig. 5, both Dream-
booth and MagicMe suffer from inferior ID fidelity, due to
the tuning-inference gap. In contrast, our PersonalVideo
achieves high ID fidelity and preserves the original motion
dynamics and semantic following. To verify the robust-
ness of our method, we also conduct the experiments for
only a single image reference and compare with encoder-
based methods. As shown in Fig. 6, they not only demon-
strate suboptimal identity fidelity but also suffer from com-
promised dynamic motions and insufficient video quality.
The results further underscore the superiority of Person-
alVideo, with promising robustness to achieve high ID fi-
delity and preserve motion dynamics and semantic follow-
ing. To demonstrate the generalization of our method, we
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“A <V> woman in a futuristic lab coat manipulates a holographic interface with swift hand gestures, ... Her expression is 
one of deep focus, with her eyes darting across the data. Behind her, a robotic arm assembles a complex device, …”

“A <V> man, …, stands in a sunlit gym, wearing a gray tank top, his muscles taut as he grips a heavy kettlebell. The room is 
filled with natural light streaming through large windows, … The background features neatly arranged gym equipment, …”Reference

Reference

Figure 5. Qualitative comparison for a few references. As observed, both Dreambooth and MagicMe suffer from inferior ID fidelity.
In contrast, our PersonalVideo maintains high ID fidelity and preserve the original motion dynamics and semantic following, significantly
surpassing others.

Method Face Sim. (↑) Dyna. Deg. (↑) FVD (↓) T. Cons. (↑) CLIP-T (↑) CLIP-I (↑)

DreamBooth 42.62 13.86 1325.89 0.9919 26.26 44.27
MagicMe 50.51 11.88 1336.73 0.9928 25.48 73.03

IDAnimator 43.88 14.33 1538.44 0.9912 24.33 50.23
ConsisID 53.22 15.22 1622.21 0.9923 25.39 74.58

PersonalVideo 62.35 17.80 1272.32 0.9935 26.30 76.48

Table 1. Quantitative comparison. The metrics cover the ability to achieve high ID fidelity (i.e., Face Similarity and CLIP-I), dynamic
degree, text alignment (i.e., CLIP-T), distribution distance (i.e., FVD), and temporal consistency.

also conduct the experiments on a UNet-based model, Ani-
matediff, in the appendix.

5.3. Quantitative Results

We present the quantitative results in Tab. 1 and evaluate
1000 generated videos for 20 identities with 50 prompts
from these perspectives: (1) Face Similarity: the ID cosine
similarity to evaluate ID fidelity, with ID embeddings ex-
tracted using Antelopev2 [11], which is different from the
face recognition models in our framework. (2) Dynamic
Degree: we use VBench [24], an effective benchmark to
compute video dynamics. Besides, we use well-known met-
rics for video evaluation. As observed, DreamBooth suffers

from inferior face similarity due to the tuning-inference gap.
MagicMe gets better face similarity yet degraded dynamics
and text alignment. In contrast, our PersonalVideo signifi-
cantly surpasses previous methods, especially for face sim-
ilarity and dynamic degree. It achieves high ID fidelity and
effectively preserves the ability of the original T2V model,
which is consistent with the qualitative results.

5.4. User Study

To further assess the effectiveness of our approach, we per-
form a human evaluation comparing our method with ex-
isting T2V identity customization techniques. We invite 15
people to review 50 sets of generated video results. For each
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sparkly, magical dress, 
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“A <V> man standing 
on a quiet street at night, 

hands in his pockets, 
gazing up at the stars 

with a thoughtful 
expression. Then he 

turns and looks the other 
way, wearing a leather 

jacket and jeans."

Figure 6. Qualitative comparison for a single reference. As observed, the baseline methods not only demonstrate suboptimal identity
fidelity but also suffer from compromised dynamic motions and insufficient video quality. In comparison, our PersonalVideo maintains
higher ID fidelity without dynamic and semantic degradation, which is consistent with Fig. 5.

Figure 7. User study. Our PersonalVideo achieves the best human
preference compared with DreamBooth and MagicMe.

set, we provide reference images alongside videos created
using the same seed and text prompt across different meth-
ods. We evaluate the quality of the generated videos on
four criteria: Identity Fidelity (the resemblance of the gen-
erated object to the reference image), Text Alignment (how
well the video corresponds to the text prompt), Dynamic
Degree (the dynamic degree of motion in the video), and
Overall Quality (the overall satisfaction of users with the
video quality). As illustrated in Fig. 7, our PersonalVideo
receives significantly higher user preference across all eval-
uation metrics, demonstrating its effectiveness.

5.5. Compatibility with LoRAs
We also showcase that our framework demonstrates excel-
lent compatibility with existing fine-grained condition mod-
ules, such as style LoRAs. As shown in Fig. 8, We use the

Civitai community models to show that it operates effec-
tively with these weights, even though it was not specifi-
cally trained on them. The first row displays the results from
the RCNZ Cartoon 3D model [2], while the second row
and the third row highlight the outcomes from the GuoFeng
RealMix [1] and GuoFeng model [4]. Our approach con-
sistently delivers reliable facial preservation and effective
motion generation, which has great compatibility with these
customized style LoRAs.

5.6. Ablation Study

Non-Reconstructive Training. To validate the impact of
proposed non-reconstructive training, we conduct a detailed
ablation study in Fig. 9 and Tab. 2 in Appendix. They
show the comparison between our PersonalVideo trained
on the T2I model or T2V model, including with and with-
out Prompt Augmentation. As observed, tuning on the T2I
Model gets inferior ID fidelity due to the tuning-inference
gap, which also exacerbates the distribution shift which
leads to the blurred background. In contrast, tuning on the
T2V model bridges the gap to achieve better ID fidelity with
the preserved ability of semantic following. On the other
hand, tuning without simulated prompt augmentation over-
fits the reference images and disrupts the original capability
of the semantic following, which manifests as an inability to
precisely modify the background with reduced CLIP score.
With the introduction of simulated prompt augmentation,
this overfitting can be significantly reduced.
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A <V> woman smiling on the beach A <V> woman laughing on the lawn

A <V> woman smiling on the beach A <V> woman playing the piano

A <V> woman smiling on the beach … in a delicate hanfu,, smiling softly as she holds a lotus flower

Reference

Reference
Figure 8. Compatibility with customized style LoRAs, i.e., RCNZ Cartoon 3D, GuoFengRealMix, and GuoFeng.

Prompt

Tuning on T2I
w Prompt Aug.

Tuning on T2V
w/o Prompt Aug.

Tuning on T2V
w Prompt Aug.

A <V> woman holding a bottle of red wine, besides the wine rackReference

Figure 9. Ablation study for the non-reconstructive training
and simulated prompt augmentation. As observed, tuning on
the T2I model suffers from inferior ID fidelity and blurred back-
ground. Besides, tuning without prompt augmentation degrades
the semantic following, i.e., the wine rack.

A <V> musician man sitting on a stool by the lake, strumming an acoustic guitar with a 
serene expression. He wears a casual button-down shirt and jeans, lost in the melody.

A <V> man in a futuristic space suit, floating freely in a spaceship while looking out the window 
at distant galaxies. His face is clearly visible, full of wonder and curiosity about the unknown.

w/o SCR

w/o SCR

w SCR

w SCR

Figure 10. Ablation study for the Semantic Consistency Re-
ward. As observed, tuning without SCR suffers from the dynamic
degradation and the inferior semantic following, i.e., by the lake.

Semantic Consistency Reward. To demonstrate the effec-
tiveness of our SCR loss, we conduct the experiments in
Fig. 10 and Tab. 3. As observed, the results of tuning with-
out SCR loss suffer from the dynamic degradation in the
first example, which exhibits less movements. Besides, the
results has inferior semantic following in the second exam-
ple, i.e., by the lake. They verify that our proposed SCR

Last step-Mo+on

All steps

1/2 1/4

1/2 steps

1/4 steps

A <V> man waving in superman costumeReference

Figure 11. Ablation for different steps to inject the identity. As
the denoising steps for injecting identity become more later, the
motion dynamics of the generated videos improve accordingly.

effectively preserve the desired dynamics and semantics.
Different Steps to Inject the Identity. We also conduct the
ablation studies in Fig. 11 and Tab. 4a in Appendix, which
illustrate the improvement in motion dynamics of our Iso-
lated Identity Adapter to inject the identity only in the last
quarter of denoising steps. As the denoising steps for inject-
ing identity become more concentrated in the later stages,
the motion dynamics of the generated videos improve ac-
cordingly. This aligns with our observations and validates
the effectiveness of our design.

6. Conclusion

In conclusion, we present PersonalVideo, a novel frame-
work designed for identity-specific video generation,
achieving high identity fidelity while preserving the mo-
tion dynamics and semantic following of the original T2V
model. By applying direct reward supervision on gener-
ated videos, we successfully bridge the tuning-inference
gap, mitigating the degradation. Furthermore, the simu-
lated prompts augmentation enhances robustness, allowing
for high-quality results even with minimal reference. Our
method demonstrates superior performance over prior ap-
proaches, offering a flexible, efficient, and scalable solution
for video personalization within the AIGC community.
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