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Figure 1. We propose DreamStyle, a unified video stylization framework, which provides a flexible and practical tool for users to create
high-quality stylized videos. Given an input video and the reference styles in forms of text, style image, or stylized first frame, DreamStyle
faithfully generates videos that align with the desired style—while preserving the main content of the input video.

Abstract

Video stylization, an important downstream task of video
generation models, has not yet been thoroughly explored.
Its input style conditions typically include text, style im-
age, and stylized first frame. Each condition has a char-
acteristic advantage: text is more flexible, style image pro-
vides a more accurate visual anchor, and stylized first frame
makes long-video stylization feasible. However, existing
methods are largely confined to a single type of style condi-
tion, which limits their scope of application. Additionally,
their lack of high-quality datasets leads to style inconsis-
tency and temporal flicker. To address these limitations, we
introduce DreamStyle, a unified framework for video styl-
ization, supporting (1) text-guided, (2) style-image-guided,
and (3) first-frame-guided video stylization, accompanied
by a well-designed data curation pipeline to acquire high-
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quality paired video data. DreamStyle is built on a vanilla
Image-to-Video (I2V) model and trained using a Low-Rank
Adaptation (LoRA) with token-specific up matrices that re-
duces the confusion among different condition tokens. Both
qualitative and quantitative evaluations demonstrate that
DreamStyle is competent in all three video stylization tasks,
and outperforms the competitors in style consistency and
video quality.

1. Introduction
Video stylization stands as a compelling yet challenging
task in the field of visual content generation. Existing
video stylization approaches are confronted with the fol-
lowing critical limitations: (1) Limited stylization capa-
bilities due to single-modality condition. Text prompts
and style images are the two dominant style conditions, but
both suffer from inherent flaws. Text prompts are typically
ambiguous and unconstrained, failing to precisely describe
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most abstract styles. Style images, while more visually
accurate, exhibit inferior user-friendliness, flexibility, and
creativity—it is difficult to acquire a suitable style image,
especially for unseen styles. Consequently, most existing
methods are confined to styles that are either explicitly de-
scribable via text or have clear visual references, exhibit-
ing limited generalization to novel styles. (2) Scarcity of
high-quality modality-aligned training data. Some exist-
ing methods [5, 26, 56] acquire stylization capabilities from
image stylization datasets and subsequently generalize to
the video domain assisted by a pre-trained video generation
model. This paradigm inherently introduces an unavoidable
trade-off among style consistency, temporal consistency,
and motion dynamics. More recently, UNIC [55] synthe-
sizes stylized videos via a Text-to-Video (T2V) model and
employs a gray tiled ControlNet to invert these stylized
videos into their realistic counterparts, thereby constructing
paired video data. However, its stylization quality is limited
by the T2V model and it fails to handle the styles involv-
ing geometric deformation due to the strict alignment of tile
ControlNet. (3) Insufficient exploration of potential ex-
tended applications. Current research predominantly fo-
cuses on basic stylization capabilities, with limited attention
to high-demand extended scenarios, such as multi-style fu-
sion and long-video stylization.

To tackle the aforementioned challenges, we propose
DreamStyle, which includes the following three key inno-
vations: First, we introduce a unified Video-to-Video (V2V)
stylization framework, which is built upon a vanilla I2V
model. Through a meticulous design of the condition in-
jection mechanism, we manage to unify diverse forms of
style guidance including text prompt, style image, and styl-
ized first frame into a single model, extending the I2V base
model to V2V domain while preserving its original archi-
tecture and inherent capabilities. We further employ a mod-
ified LoRA module composed of a shared down matrix
and token-specific up matrices to enhance the multi-task
adaptability. Second, we present a systematic data curation
pipeline tailored for the video stylization task, the core of
which involves two steps: (1) stylizing the initial frame of a
real-world video using image stylization techniques and (2)
generating the full stylized video sequence from the stylized
first frame via an I2V model equipped with ControlNets. To
guarantee the data quality, we further adopt a hybrid filter-
ing strategy consisting of automatic and manual filtering.
Leveraging this pipeline, we construct two datasets with
distinct scales and quality to facilitate multi-stage training.
Finally, comprehensive evaluations across multiple dimen-
sions exhibit that our unified model, DreamStyle, achieves
competitive performance against specialized models across
various video stylization tasks. Notably, we also demon-
strate that allowing multiple style conditions within a single
forward process is a crucial design for improving the ef-

fectiveness and controllability of video stylization—such a
design unlocks the model’s capability to support more po-
tential extended applications, such as multi-style fusion and
long-video stylization.

Overall, our contributions are summarized as follows.
Paradigm. We introduce DreamStyle, which consists of

a unified framework that supports text-guided, style-image-
guided, and first-frame-guided video stylization; a well-
designed pipeline for constructing high-quality paired data
for video stylization.

Technology. DreamStyle framework presents a condi-
tion injection mechanism that enables seamless handling
of diverse video stylization tasks within a unified model; a
novel LoRA module that mitigates the interference among
different condition tokens.

Scalability. DreamStyle data curation pipeline is prac-
tical and scalable for video stylization, overcoming the
scarcity of high-quality data and the inherent trade-off be-
tween style fidelity and temporal coherence.

Significance. DreamStyle outperforms specialized com-
petitors in various video stylization tasks and exhibits the
potential for under-explored extended tasks.

2. Related Work
2.1. Video Diffusion Model
Diffusion models [7, 15, 29, 40, 43] have driven remark-
able advancements in visual content generation. Latent
Diffusion Models [33, 37] (LDMs) further optimize this
paradigm by training a diffusion network in the latent
space of pretrained Variational Autoencoder [21] (VAE)
to reduce computational complexity, becoming the main-
stream solution. Early video diffusion models [2, 3, 12, 13]
were mostly built upon pretrained image diffusion mod-
els (typically U-Net [38] architectures), incorporating tem-
poral modules to handle temporal consistency. However,
their isolated processing of spatial and temporal informa-
tion inherently limited their quality and consistency. With
the release of Sora [4] and its epoch-making generation
quality, researchers notice the potential of Diffusion Trans-
former [31] (DiT) for video generation. Recent DiT-based
methods [9, 16, 22, 48, 53] apply a unified manner to model
the video in spatial-temporal domain, and scale the capa-
bility of DiT by more parameters, data and computing re-
sources, achieving more high-quality and consistent video
generation.

2.2. Image Stylization
Gatys et al. [10] pioneered image stylization using neural
networks. Early methods [6, 10, 18, 36] relied on the sta-
tistical descriptors (such as gram matrices, mean and stan-
dard deviation, and histograms) extracted from a pretrained
VGG [42] network to represent and transfer style infor-
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Figure 2. Data Curation Pipeline. We propose generating the training data with two key steps: image stylization followed by image to
video. Considering the characteristics of different image stylization techniques, we construct a CT dataset and a SFT dataset, where SDXL
(equipped with ControlNet, InstantStyle, and ID plugin) and Seedream 4.0 are selected as their stylization models, respectively. For image
to video, we utilize ControlNets to enhance the motion consistency between the generated stylized and raw videos. To ensure the data
quality, we additionally apply automatic filtering for CT data and manual filtering for SFT data.

mation. However, due to the limitations of the capability
of generation and style extraction, they could only achieve
simple texture and color transfer, often resulting in subop-
timal visual quality. Recent methods [34, 49, 52, 54] ben-
efit from the advances of diffusion models to improve ba-
sic quality, and CLIP [35] to extract high-level semantic in-
formation from style images. StyleTokenizer [24] further
improves the style extractor with contrastive learning us-
ing a self-collected style dataset. Given the importance of
high-quality datasets for stylization, OmniStyle [51] con-
structs a large-scale paired dataset using six state-of-the-art
(SOTA) image stylization methods, and leverages a unified
DiT backbone to extract style features and generate images,
yielding new SOTA performance.

2.3. Video Stylization

Extending image-based tasks to video domain is a major
trend in current research, and stylization is no exception.
TokenFlow [11] and AnyV2V [23] achieve video styliza-
tion by leveraging image stylization techniques to stylize
the first frame or key frames and then propagate it to the
entire video sequence. However, these approaches can not
perform video stylization independently, and rely on a time-
consuming DDIM [45] inversion. UniVST [46] further
DDIM inverses the style image and leverage AdaIN [18] to
guide the denoising progress of noisy video by the inverted
features of style. StyleCrafter [26] utilizes CLIP to ex-
tract style features and inject these features into the denois-
ing U-Net via dual cross-attention. More recently, Style-
Master [56] upgrades to DiT backbone and incorporates
both global and local style extractors, resorting to StillMov-
ing [5] to train a LoRA [17] for temporal attention to bridge
the gap between image and video. However, this scheme
requires explicit temporal modeling within the base model,

which deviates from mainstream architectures. Moreover, a
limitation shared by all these methods is their lack of styl-
ized video datasets, resulting in suboptimal visual quality
and temporal consistency.

3. Method

3.1. Data Curation Pipeline

Given the fact that current image generation / editing mod-
els are superior to the video counterpart in terms of visual
quality, structure, aesthetics and text following, we propose
generating stylized video datasets with two key steps: (1)
leverage the SOTA image stylization models to stylize the
first frame of raw video; (2) utilize the I2V model to gen-
erate stylized video from the stylized first frame. Our data
curation pipeline is illustrated in Fig. 2. It is noteworthy
that a high-quality first frame serves as crucial cues (e.g.,
style constraints and content anchors) to improve the over-
all quality of the entire video generated by I2V model.

To obtain the high-fidelity stylized first frame, we select
InstantStyle [49] and Seedream 4.0 [41] as our image styl-
ization models, which are proficient in style-image-guided
and text-guided stylization, respectively. InstantStyle is a
SDXL [33] plugin, which we further equip with a depth
ControlNet [58] and ID plugin [14] to constrain the consis-
tency of structure and face identity. It is worthy noting that
the text-guided stylization model typically produces better
visual quality and style consistency, while the style-image-
guided stylization model allows us to generate images with
greater style diversity. Thus, we construct two datasets: (1)
a large-scale stylized dataset for Continual Training (CT)
generated via InstantStyle to ensure the core video styl-
ization capability and generalization of DreamStyle; (2) a
small-scale higher-quality stylized dataset for Supervised
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Figure 3. Overview of DreamStyle Framework. DreamStyle is built on the Wan14B-I2V model, integrating the text and raw-video
conditions through the cross-attention and image channels of the base model, while the first-frame and style-image conditions serve as
additional frames concatenated to the start and end of the frame sequence. We train it using a standard flow matching loss and a token-
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Figure 4. Example that depth fails to capture accurate detail. (a)
The raw video frame, (b) the extracted depth map, (c) the gener-
ated realistic frame, (d) the generated stylized frame.

Fine-Tuning (SFT) generated with Seedream 4.0 to elevate
the upper bound of DreamStyle.

It is critical to ensure the motion consistency between
stylized video and raw video, so that we are able to con-
struct stylized-raw video pairs. To this end, we customize
two ControlNets (with control conditions of depth and hu-
man pose, respectively) for our in-house I2V model. The
depth ControlNet is well-suited for general cases, while the
human pose ControlNet offers a more precise control of hu-
man motion and especially allows for a larger deformation
of driven objects without losing motion coherence. As il-
lustrated in Fig. 4, we observe that directly animating the
stylized first frame using the control conditions extracted
from the raw video and then making paired data proves to be
suboptimal. This is because neither depth nor pose can fully
capture the complex motion dynamics of the raw video, ul-
timately resulting in motion mismatches between stylized
and raw videos. Thus, we adjust to utilizing the same con-

trol condition to drive the generation of both stylized and
raw video frames, aiming to mitigate such mismatches.

We formally denote our dataset as:

D = {(xraw
i ,xsty

i , tnsi , tstyi , s1...Ki )|i = 1, 2, .., N} (1)

where xraw
i and xsty

i are the raw and stylized videos,
tnsi and tstyi are the text prompts that exclude / include
style descriptions, and s1...Ki denotes K style reference im-
ages. To obtain tnsi and tstyi , we utilize a Visual-Language
Model [57] (VLM) to parse the stylized video xsty

i and then
generate the corresponding video caption. We restrict the
VLM to exclude any style-related attributes (e.g., artistic
genre, color palette, texture pattern, and hue) when generat-
ing tnsi , so that tnsi contains only style-irrelevant descrip-
tions. Regarding s1...Ki , we stylize K additional images
using the same guided condition (text prompt or style ref-
erence) as xsty

i . For the CT dataset, we further filter out
those s1...Ki with low style consistency detected by VLM
and CSD [44] score, while we opt for manual filtering for
the SFT dataset. Additionally, we manually verify the con-
tent consistency between each raw video and its stylized
video in the SFT dataset. Finally, such two datasets enable
our DreamStyle to support all three video stylization tasks.

3.2. DreamStyle Framework
As shown in Fig. 3, our DreamStyle framework is built upon
the Wan14B-I2V [48] base model that incorporates addi-
tional image condition channels before the patchify layer.
This design allows for the injection of raw video condition
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via these channels, rather than the in-context frames injec-
tion adopted in UNIC [55]. A major advantage is that it
involves minimal extra computational overhead, ensuring
DreamStyle retains the efficiency of the original I2V model.
Overall, we have four types of conditions to inject into the
I2V model: the raw video along with three guided condi-
tions of style, which are described in detail as follows.

(1) Text condition. We reuse the original textual cross-
attention layers of Wan14B-I2V without introducing modi-
fications. (2) First-frame condition. We feed the stylized
first frame into the original image condition channels and
set the mask channels of the first frame to 1.0 in the same
manner as the base model. (3) Style-image condition. As-
suming that zs ∈ RC×1×H×W (omit the subscript i) is the
VAE encoded latent of the style reference image sji , we con-
struct the final I2V model’s input tensor for the style image
via channel-wise concatenation:

zst = add noise(zs, t)⊕c 14×1×H×W ⊕c z
s (2)

where ⊕c denotes the concatenation operation along the
channel dimension, add noise(·, t) is the noise injection
function of flow matching [25] at timestep t ∈ [0, 1].
The number of mask channels is 4 in Wan14B-I2V, thus
14×1×H×W represents a mask tensor filled with a constant
value 1.0. Wan14B-I2V also includes a native CLIP im-
age feature branch, which we employ to inject high-level
semantic features of the style reference image, thereby en-
hancing the consistency of style-related semantic informa-
tion. (4) Raw-video condition. We first encode the raw
video xraw

i and stylized video xsty
i to obtain their latents

zraw, zsty ∈ RC×F×H×W , and then channel-wise concate-
nate them with mask tensor 04×F×H×W :

zvt = add noise(zsty, t)⊕c 04×F×H×W ⊕c z
raw. (3)

Here we adopt the mask value 0.0, following the principle
of minimal modification of the base model. For the style-
image-guided mode, zst is treated as an additional frame and
concatenated to the end of zvt via frame-wise concatena-
tion ⊕f : zvt ⊕f zst , enabling the model to incorporate the
style-image condition. Similarly, for the first-frame-guided
mode, the first-frame tensor z1stt is concatenated to the be-
ginning of zvt via frame-wise concatenation: z1stt ⊕f zvt .

To retain the base model’s inherent generative capabili-
ties, we adopt LoRA to train our DreamStyle. After patchi-
fication, the three conditions, first-frame, style-image, and
raw-video, are transformed into their corresponding token
sequences. However, these tokens serve distinct semantic
roles, thus using a standard LoRA leads to inter-token con-
fusion. Inspired by HydraLoRA [47], we propose adopting
a modified LoRA with token-specific up matrices in full at-
tention and feedforward (FFN) layers. That means, for an
input token xin, we first project it using a shared down ma-
trix Wdown, and then compute the output residual token

xout = Wi
upWdownxin with a specific up matrix Wi

up ac-
cording to the token type i ∈ {0, 1, 2}, which is analogous
to a LoRA MoE [8] with manual routing. Such a LoRA
enables the model to learn adaptive features tailored to the
three types of tokens, and still be trained stably due to the
large proportion of shared parameters.

3.3. Training
We follow the same optimization objective as flow matching
to train our DreamStyle. Formally, we denote our model
as vθ, a function with five inputs: the video tensor zvt , the
timestep t, the first-frame tensor z1stt , the style image tensor
zst and the text prompt tns/sty . In each training batch, we
randomly sample style conditions according to predefined
ratios, thus the training objective is:

L(θ) =


ED∥vθ(z

v
t , t, ∅, ∅, tsty)− (zsty − ϵ)∥2 (I)

ED∥vθ(z
v
t , t, ∅, zst , tns)− (zsty − ϵ)∥2 (II)

ED∥vθ(z
v
t , t, z

1st
t , ∅, tns)− (zsty − ϵ)∥2 (III)

(4)
where ϵ ∈ N (0, 1) is a Gaussian noise and (I) ∼ (III)
correspond to the loss terms for the text-guided, the style-
image-guided and the first-frame-guided tasks, respectively.
As mentioned in Sec. 3.1, we make two datasets with dif-
ferent scales and quality, thus adopting a two-stage training
strategy. In the first stage, we train DreamStyle on the large-
scale CT dataset, allowing the model to learn diverse styles
and establish a foundational capability to handle all three
style conditions. In the second stage, a higher-quality SFT
dataset is used to further finetune DreamStyle, aiming to
improve visual quality and style consistency.

4. Experiments
4.1. Implementation Details
Through the data curation pipeline (Sec. 3.1), we construct
40K and 5K stylized-raw video pairs for the CT stage and
SFT stage training, where the video resolution is 480P and
the length is up to 81 frames. In the CT dataset, each sam-
ple includes exactly one style reference while the samples
from the SFT dataset contain 1 ∼ 16 style images, with one
randomly selected for training. During the training, we em-
pirically set the sampling ratio of the three style conditions
(text-guided, style-image-guided and first-frame-guided) to
1 : 2 : 1. The training process is performed on 8 NVIDIA
A100 GPUs, with each GPU accommodating a per-GPU
batch-size of 1. To stabilize training, we further adopt a
2-step gradient accumulation strategy, resulting in a larger
effective batch size of 16. We train DreamStyle for 6, 000
and 3, 000 iterations in the CT and SFT stages, respectively,
using a LoRA with a rank of 64 and AdamW [27] optimizer
with a learning rate of 4× 10−5. The total training process
requires about 1, 700 A100 GPU hours.
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Table 1. Quantitative comparison. The best and second best results are shown in bold and underline.

Condition Method
Metrics

CLIP-T / DINO Dynamic Image Aesthetic Subject Background
CSD Score Score Degree Quality Quality Consistency Consistency

Text

Luma 0.132 0.406 0.766 0.739 0.572 0.934 0.942
Pixverse 0.155 0.451 0.766 0.746 0.628 0.948 0.951
Runway 0.154 0.504 0.809 0.725 0.606 0.940 0.944

DreamStyle 0.167 0.584 0.894 0.738 0.656 0.952 0.956

Style Image
StyleMaster (T2V) 0.198 - 0.289 0.723 0.610 0.936 0.935
DreamStyle (T2V) 0.532 - 0.689 0.722 0.641 0.950 0.961
DreamStyle (V2V) 0.515 0.526 0.867 0.704 0.635 0.938 0.948

First Frame
VACE 0.689 0.716 0.889 0.716 0.573 0.922 0.930

VideoX-Fun 0.766 0.702 0.844 0.726 0.594 0.915 0.924
DreamStyle 0.851 0.640 0.856 0.731 0.630 0.919 0.932

4.2. Settings

For text-guided video stylization, we curate 50 videos
paired with style prompts crafted by a designer as our test
set. Since no open-source models specialized in text-guided
video stylization are currently available, we opt to compare
DreamStyle against three commercial models: Luma [28],
Pixverse [32] and Runway [39]. We further expand the
aforementioned test set to 90 videos and 15 style images
(each style image is randomly paired with 6 videos) to
evaluate the style-image-guided task. As a baseline, we
select StyleMaster [56], the only open-source DiT-based
method that supports style-image-guided video stylization
in an end-to-end manner. For first-frame-guided task, we
reuse these 90 videos and generate stylized first frames
for each video using image stylization methods, and then
choose VACE [20] and VideoX-Fun [1] as our competitors.

To evaluate the style consistency, we utilize the CSD [44]
score as the quantitative metric. Specifically, the CSD score
is computed between the style reference image and each
frame of the generated video for style-image-guided task,
while for first-frame-guided task, we evaluate this metric
between the stylized first frame and all subsequent frames.
For text-guided stylization, we employ ViCLIP [50] to mea-
sure the similarity between user prompt and stylized video.
Moreover, structure preservation is evaluated using the co-
sine similarity of the patch features (excluding the CLS
token) extracted from DINOv2 [30]. We further assess
the overall quality of stylized video with five metrics from
VBench [19]: dynamic degree, image quality, aesthetic
quality, subject consistency, and background consistency.

4.3. Comparisons

Quantitative Comparison. As shown in Table 1, we con-
duct a comprehensive comparison across three video styl-
ization tasks. In text-guided video stylization, DreamStyle
achieves the highest CLIP-T (we measure text-video simi-

larity using only the style prompts, thus the CLIP-T is over-
all lower) and DINO score, indicating that it outperforms
the other methods in both style prompt following and struc-
ture preservation. This superiority is further evidenced in
the visual results in Fig. 5. For the overall video quality
assessment, our method also has advantages in most met-
rics except image quality. Notably, image quality exhibits
a negative correlation with dynamic degree, since a high
dynamic video tends to involve motion blur, thereby de-
creasing this metric. Due to the incomplete open-source
of StyleMaster, it supports only T2V instead of V2V styl-
ization. Thus, we include an additional result for Dream-
Style in T2V mode, where the video condition is set to
empty. Quantitative metrics demonstrate the superior per-
formance of our method, particularly in the aspects of style
consistency and dynamic degree. Despite not being ex-
plicitly trained for T2V, DreamStyle naturally inherits this
capability from the base model thanks to the LoRA train-
ing and outperforms its V2V counterpart in most metrics
due to fewer constraints. In first-frame-guided video styl-
ization, DreamStyle presents the optimal style consistency
(CSD score) and either the best or second-best video qual-
ity metrics. Since the stylized first frames (especially those
with geometric deformation) occasionally conflict with the
structure of the input video, our method, despite its supe-
rior style consistency, is inferior to VACE and VideoX-Fun
in structure preservation (DINO score). However, the visual
results in Fig. 5 confirm that it can still maintain the primary
structural elements of the input video.
Qualitative Comparison. Fig. 5 presents the visual com-
parisons between our DreamStyle and the competitors.
In text-guided video stylization, Luma tends to generate
videos with dark tones, and the subject pose, color, and con-
tent of its results deviate far from the input videos. Pixverse
achieves a higher pose consistency but still suffers from
content distortion (e.g., the camera in the left case and the
bowknot in the right case). Runway often produces videos
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with a realistic style bias, failing to accurately render the
correct style. By contrast, our DreamStyle not only follows
the style prompt but also achieves superior consistency with
the input videos in terms of subject pose, color, and con-
tent. In style-image-guided video stylization, StyleMaster
exhibits limited capability in simple color and texture trans-
fer, while our method can further handle the styles involving
geometric shapes. In first-frame-guided video stylization,
both VACE and VideoX-Fun struggle to preserve the styl-
ized first frame in the left case. For the right case, although
they are able to maintain the major style of the given first
frame, serious style degradation occurs in the subsequent
frames. By comparison, DreamStyle demonstrates higher
style consistency across the stylized first frame, the gener-
ated first frame, and all subsequent frames.

Table 2. Quantitative comparison of ablation studies.

w.o. Token- Only Only Fullspecific LoRA CT Data SFT Data
CSD Score 0.413 0.459 0.535 0.515

DINO Score 0.518 0.547 0.483 0.526

4.4. Ablation Studies
Token-specific LoRA. The proposed token-specific LoRA
plays a critical role in mitigating interference among dis-
tinct condition tokens. To validate this, we design an abla-
tion experiment where DreamStyle is trained with a stan-
dard LoRA—here, different condition tokens are distin-
guished solely through frame positions and mask values (1
for first-frame tokens, 0 for video tokens, and −1 for style-
image tokens). We focus on the style-image-guided styl-
ization task for evaluation. As shown in Table 2, the stan-
dard LoRA exhibits a significantly negative influence on
style consistency (CSD score) and slightly reduces structure
preservation (DINO score). Visual evidence in Fig. 6 fur-
ther indicates this point, where the problems of style degra-
dation (first row) and style confusion (second row) arise in
the absence of token-specific LoRA.
Datasets. To validate the necessity of both datasets (with
distinct scales and quality) and two-stage training, we con-
duct an ablation experiment where DreamStyle is trained
on only the CT dataset, only the SFT dataset, and both of
them in two stages. Due to the limited quality and style con-
sistency of the CT dataset, training exclusively on it yields
suboptimal stylization performance. Both the quantitative
metric (lower CSD score) in Table 2 and the visual result
(failure to render the pixel pattern) in Fig. 7 confirm this
shortcoming. Conversely, the SFT dataset contains manu-
ally filtered paired videos with high quality and strong style
consistency, but its limited size makes it insufficient to adapt
the I2V base model into a robust V2V model for styliza-
tion (particularly, there is no strict alignment between the
paired videos due to the existence of geometric deforma-

Input w.o. Token-specific LoRA Full

Figure 6. Impact of token-specific LoRA.

Input Only CT Data Only SFT Data Full

Figure 7. Visual comparison across different datasets.

Style Image w.o. Cross-Attn Style Image w.o. Cross-AttnFull Full

Figure 8. Impact of cross-attention injecting CLIP features.

tion). Thus, as shown in Table 2, training solely on it, de-
spite achieving the best CSD score, exhibits the worst per-
formance on structure preservation, which is also evidenced
in Fig. 7 (the pose of the stylized panda differs from the
input). As expected, training on the CT and SFT datasets
in turn achieves a robust balance between style consistency
and structure preservation.
Style Image Injection. We use the native cross-attention
of Wan14B-I2V to inject the style image, whose CLIP fea-
tures offer a global style cue that complements the VAE lo-
cal features. We conduct training in the SFT stage without
this injection, which as a result, slightly impairs the style
consistency (visual comparison in Fig. 8) and reduces the
CSD score from 0.515 to 0.484.

5. Conclusion
In this paper, we propose DreamStyle, the first unified
framework for video stylization that supports three style
conditions: text, style image, and first frame. We develop
a systematic data curation pipeline to generate and filter
paired videos. DreamStyle is built upon an I2V model,
which can be efficiently extended to the V2V model with-
out involving too much extra computation overhead. More-
over, to address the inter-token confusion among different
style conditions within a unified model, we introduce a
novel token-specific LoRA module. With our high-quality
dataset, well-designed model architecture, and two-stage
training strategy, DreamStyle archives competitive perfor-
mance on various video stylization tasks.
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