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Abstract

Extending Text-to-Image (T2I) generation to Text-Guided Video Stylization (T2GVS) presents signifi-
cant challenges in temporal consistency, style fidelity, and fine-grained control. Naive frame-by-frame
T2I application results in severe flickering. We propose VideoStylist, a novel diffusion model extending
a pre-trained T2I U-Net to a four-dimensional architecture for high-quality stylized video generation.
Key innovations are Temporal Anchor Tokens (TATs) globally anchoring style semantics across frames,
mitigating flickering, and an Adaptive Spatio-Temporal Consistency Module (ASTCM) to enhance
local coherence and smooth transitions via dynamic spatio-temporal attention. A diverse video-text
dataset was constructed using a dual strategy, combining LLM-generated descriptions and extending
T2I datasets with weak labels. Extensive experiments show VideoStylist significantly outperforms
state-of-the-art baselines across Style Fidelity, Temporal Consistency, and Perceptual Quality, achieving
superior performance and strong user preference. Ablation studies confirm the critical contributions
of TATs and ASTCM. VideoStylist advances T2GVS, delivering stable, high-fidelity, and visually
appealing stylized video content.

Keywords: text-guided video stylization; diffusion model; temporal consistency; style fidelity; tempo-
ral anchor tokens

1. Introduction

The remarkable progress in Text-to-Image (T2I) generation has enabled the creation of high-
quality, diverse images from simple text prompts [1]. This breakthrough has revolutionized various
creative fields and laid the groundwork for advanced visual content generation. Beyond creative
domains, the pervasive influence of Al is also evident in diverse applications such as online parameter
identification in industrial systems [2—4], intelligent resource management and sustainability efforts
[5,6], and advanced decision-making systems across various sectors including fraud detection [7],
human resource management [8], and power grid operations [9]. Furthermore, Al advancements are
continually enhancing specialized computer vision tasks like object detection [10] and facial expression
analysis [11]. Extending the powerful T2I capability to the video domain, specifically for Text-Guided
Video Stylization (T2GVS), holds immense potential for applications ranging from artistic content
creation and film post-production to personalized video editing. Imagine transforming any video into
a "Van Gogh painting" or a "cyberpunk cityscape" simply by providing a text description.

Despite the advancements in T2I, migrating these techniques directly to video presents formidable
challenges. The core difficulties in achieving effective T2GVS can be categorized into three main areas:

¢ Temporal Consistency: A naive frame-by-frame application of T2I models inevitably leads to
severe flickering and content discontinuity across frames [12], severely degrading the visual
quality and coherence of the stylized video. Maintaining smooth transitions and stable object
appearances is paramount.

*  Style Fidelity: Accurately translating the complex artistic style described in a text prompt, such
as "watercolor painting" or "futuristic chrome," onto every frame of a video while preserving the
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original video’s underlying content structure remains a significant hurdle. The stylized output
must faithfully adhere to the textual style instruction.

¢  Fine-grained Control: Current T2GVS methods often lack the flexibility for users to apply
different styles to specific regions of a video, particular elements, or varying time segments.
Achieving such precise control over the stylization process is crucial for professional and artistic

applications.
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Figure 1. An illustration of the three core challenges in Text-Guided Video Stylization (T2GVS): Temporal Consis-
tency, Style Fidelity, and Fine-grained Control. These challenges, represented by visual examples, underscore
the difficulties in applying T2I techniques to video and highlight their relevance to applications such as artistic
content creation, film post-production, and personalized video editing.

Addressing these limitations, existing approaches often struggle to balance high style fidelity
with robust temporal consistency, leading to trade-offs that compromise the final output [13].

In this paper, we propose VideoStylist: Text-to-Consistent Video Stylization with Temporal
Anchor Tokens, a novel diffusion model framework designed to overcome the aforementioned
challenges. Our method leverages a pre-trained Text-to-Image (T2I) diffusion U-Net as its foundation,
extending it into a 4D U-Net architecture to inherently handle the temporal dimension of video data.
VideoStylist is capable of generating stylized videos at a resolution of 256 x 448 with a duration of up
to 128 frames, ensuring both high quality and temporal coherence.

Our method introduces two key innovations: Firstly, Temporal Anchor Tokens (TATs). Inspired
by the success of transition tokens in other domains [14], we insert a small set (e.g., 2-4) of learnable
TATs into the style embedding output of the text encoder. These TATs are specifically designed to
strongly interact with visual features at keyframes or fixed temporal intervals, thereby "anchoring"
the global style semantics across the video’s timeline. Through a carefully designed loss function,
TATs capture the overarching style information described in the text prompt, ensuring its consistent
application throughout the video and effectively mitigating flickering. Secondly, we introduce the
Adaptive Spatio-Temporal Consistency Module (ASTCM). This lightweight, plug-and-play module
is integrated within the skip connections of the diffusion U-Net. The ASTCM dynamically computes
feature similarity between adjacent frames, guided by adaptive-weighted optical flow or feature
matching. This mechanism adjusts attention weights to ensure that the attention mechanism spatially
focuses on moving objects and temporally encourages smooth feature transitions between neighboring
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frames. This maintains local content coherence and prevents detail loss or deformation during
stylization.

To facilitate the training of VideoStylist, we address the scarcity of large-scale, high-quality
"original video-style text-stylized video" triplet datasets. We employ a dual-strategy approach to
construct a comprehensive training dataset. This includes collecting approximately 300K high-quality
video clips from public domains and pairing them with art style descriptions generated by advanced
multimodal large language models (e.g., LLaVA-NeXT [15], InstructBLIP [15], and recent vision-
language-action models which bridge understanding and generation to actions [16]) and human review.
Additionally, we extend existing T2I datasets by applying style prompts to selected video segments,
utilizing current high-performance but consistency-lacking style transfer methods to generate initial
stylized results as weak labels. This dataset undergoes rigorous post-processing, including motion
filtering based on optical flow and content diversity filtering using CLIP embeddings [17], along
with style prompt augmentation, to ensure data quality and model generalization. Our model then
undergoes lightweight fine-tuning on this constructed dataset, requiring approximately 8,000-10,000
iterations.

We conduct extensive experiments, employing both quantitative metrics and user studies, to
thoroughly evaluate the performance of VideoStylist. Our method demonstrably outperforms state-of-
the-art baseline methods across key metrics. Specifically, VideoStylist achieves superior results in Style
Fidelity (SF), with a score of 0.83, indicating strong adherence to text-guided styles. It also significantly
improves Temporal Consistency (TC) to 0.82, effectively reducing flickering compared to baselines like
Frame-by-Frame Transfer (FFT) (0.55) and Text2Image-then-Video (T2I-V) (0.65). Furthermore, our
model yields high Perceptual Quality (PQ) with an average user rating of 8.2 (on a 1-10 scale). In direct
user preference studies against several baselines (FFT, GVSN, T2I-V), users consistently preferred our
method by a significant margin. An ablation study further confirms the critical role of our Temporal
Anchor Tokens, showing that two TATs yield the optimal balance, achieving the lowest Mean Flicker
Index (MFI) of 0.18 and Style Matching Error (SME) of 0.08.

Our main contributions are summarized as follows:

*  We propose VideoStylist, a novel diffusion model framework that extends a pre-trained T2I
U-Net with a 4D architecture for high-quality and consistent Text-Guided Video Stylization.

¢ Weintroduce Temporal Anchor Tokens (TATs), a novel mechanism embedded in the style embed-
ding to consistently anchor global style semantics across video frames, significantly improving
temporal consistency and style fidelity.

*  We design the Adaptive Spatio-Temporal Consistency Module (ASTCM), a plug-and-play
component that dynamically adjusts attention to maintain local content coherence and smooth
transitions in stylized videos.

2. Related Work
2.1. Video Generation and Stylization

Video generation and stylization have advanced significantly, driven by spatio-temporal dy-
namics and multimodal interactions. VideoCLIP [18] pioneered zero-shot video-text understanding
via contrastive pre-training, fostering robust multimodal representations. Multilingual pre-training
[19] and vision-language-action models [16] further enhance multimodal comprehension. Temporal
attention [20] and spatial-temporal graph diffusion [21] improve temporal dynamics. However, is-
sues like "single frame bias" in text-to-video synthesis [22] highlight the need for genuine temporal
modeling. Temporal consistency and coherence are addressed by relation-aware networks [23] and
natural language video localization [24]. For stylization, robust semantic understanding via implicit
representations [25] is crucial for text-driven techniques. NLP optimization [26] reduces visual artifacts,
and multi-grained state space models [27] regularize complex temporal dynamics. Ultimately, video
generation and stylization are driven by multimodal understanding, spatio-temporal coherence, and
visual quality, aiming for realistic, complex videos from diverse prompts.
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2.2. Text-Conditioned Generative Models and Control

Text-conditioned generative Al has advanced significantly, though precise output control remains
a key challenge. Fine-grained control is explored in controllable summarization [28], syntactically
controlled paraphrase generation [29], keyphrase representations [30], and arbitrary text style transfer
[31]. Effective text conditioning relies on sophisticated mechanisms: prompt engineering [32], strong
text embeddings (e.g., noise-injected CLIP) [33], and cross-attention for integrating diverse signals, as
in schema-guided extraction [34]. These models fundamentally reshape information access, enabling
tailored content and grounded responses [35]. Progress hinges on textual prompts, advanced represen-
tation learning, and architectural innovations, paving the way for controllable, user-centric generative
AL

3. Method

In this section, we present the technical details of VideoStylist, our novel diffusion model frame-
work for Text-Guided Video Stylization (T2GVS). We first outline the overall architecture, followed
by an in-depth description of our two core innovations: Temporal Anchor Tokens (TATs) and the
Adaptive Spatio-Temporal Consistency Module (ASTCM). Subsequently, we detail our strategy for
constructing the training dataset and the lightweight fine-tuning process employed.

3.1. Quverall Architecture

Our VideoStylist framework builds upon a pre-trained Text-to-Image (T2I) diffusion U-Net,
which forms a robust foundation for high-quality image synthesis. To extend this capability to the
video domain, we adapt the U-Net into a 4D architecture capable of processing video data with
dimensions (B, C, F, H, W), representing batch size, channels, frames, height, and width, respectively.
This adaptation involves incorporating dedicated temporal convolution layers and temporal attention
mechanisms within the U-Net structure. These temporal components are interleaved with the existing
spatial layers, allowing the model to inherently learn and capture temporal dependencies across
video frames while leveraging the pre-trained spatial knowledge. The enhanced U-Net is designed to
generate stylized videos at a resolution of 256 x448, with a duration of up to 128 frames, balancing
computational efficiency with output quality and temporal extent.

The diffusion process follows the standard approach, where a video xg sampled from the data
distribution ¢g(xp) is progressively noised over T steps, yielding a noisy video x; ~ q(x¢|xp). Our
model, denoted as €y(x¢, t, ¢), is trained to predict the noise component € that was added to x¢ to
obtain x;. This prediction is conditioned on the noisy video x;, the current diffusion timestep ¢, and
a comprehensive conditional input c. The conditional input c is derived from the input text prompt
and further augmented by our proposed Temporal Anchor Tokens. The prediction function can be
expressed as:

€predicted = €9(xtr t, C) 1
cC = gtext(P) cT (2)

where P is the input text prompt, Eiext is the text encoder, and T represents the Temporal Anchor
Tokens, with @ denoting concatenation.
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Figure 2. Overall architecture of our VideoStylist framework. It leverages a pre-trained 4D U-Net diffusion model
for processing input video frames. The model is conditioned by a text prompt encoded alongside our novel
Temporal Anchor Tokens (TATs) to ensure global style consistency. The Adaptive Spatio-Temporal Consistency
Module (ASTCM) is integrated into the U-Net’s skip connections to enhance local content coherence and smooth
temporal transitions, ultimately generating a stylized video.

3.2. Temporal Anchor Tokens (TATs)

Drawing inspiration from advanced token-based approaches in video generation, we introduce
Temporal Anchor Tokens (TATs) as a crucial mechanism for ensuring global style consistency through-
out the stylized video.

3.2.1. Design and Integration

We insert a small set of K learnable tokens, T = {#y, ..., tx}, into the style embedding output of
the text encoder. These TATs are concatenated with the conventional textual embeddings Ep = Etext(P)
derived from the input prompt P, forming a comprehensive conditional embedding c. This augmented
embedding then conditions the entire 4D diffusion U-Net, influencing all attention layers and cross-
attention mechanisms. The concatenation operation is formally defined as:

¢ = Concat(Ep, T) (3)
= Concat(&ext(P), {t1,---,tk}) 4)

In our experiments, we found that using K = 2 Temporal Anchor Tokens achieves the optimal balance
between performance and computational efficiency, providing sufficient expressive power without
introducing excessive overhead.

3.2.2. Functionality

The TATs are specifically designed to interact strongly with the visual features within the U-Net
at critical temporal junctures, such as keyframes or fixed temporal intervals, through the U-Net’s
cross-attention mechanisms. By doing so, they effectively "anchor" the global style semantics described
in the text prompt across the video’s entire timeline. This anchoring mechanism ensures that the
overarching artistic style remains consistent and uniform from the beginning to the end of the video,
thereby significantly mitigating the pervasive flickering artifacts typically observed in frame-by-frame
stylization methods. They serve as a persistent, global style reference that regularizes the style
application throughout the video.

© 2026 by the author(s). Distributed under a Creative Commons CC BY license.


https://doi.org/10.20944/preprints202603.1287.v1
http://creativecommons.org/licenses/by/4.0/

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 17 March 2026 d0i:10.20944/preprints202603.1287.v1

6 of 16

3.2.3. Temporal Anchor Loss

To explicitly guide the TATs in capturing and maintaining consistent global style information, we
introduce a dedicated Temporal Anchor Loss, Ltar. Let z; € RP be an intermediate feature represen-
tation extracted from a specific layer of the U-Net at frame t. This layer is chosen for its significant
influence by the TAT-augmented conditional embedding c. We define a lightweight projection head
Frar (implemented as a small Multi-Layer Perceptron) that extracts a style-representative vector from
z¢. The loss is formulated to minimize the variance of this style representation across adjacent frames:

1 E=1

Loar = g1 2 [ Frar(z) — Frar(zi41)|13 (5)
t=1

This loss encourages the latent style information, which is primarily influenced by the TATs, to remain

smooth and consistent over time. By directly optimizing this objective, the tokens’ ability to provide a

stable and globally consistent style signal across frames is reinforced.

3.3. Adaptive Spatio-Temporal Consistency Module (ASTCM)

To complement the global consistency provided by TATs, we propose the Adaptive Spatio-
Temporal Consistency Module (ASTCM), a lightweight, plug-and-play component designed to
enhance local content coherence and smooth transitions.

3.3.1. Integration and Mechanism

The ASTCM is strategically embedded within the skip connections of the 4D diffusion U-Net,
operating on feature maps before they are fed into subsequent layers. At each skip connection, for a
given feature map H; at frame ¢, the ASTCM dynamically computes feature similarities between H;
and its neighboring frames, H;_; and H;;. This computation is guided by adaptive-weighted optical
flow or feature matching algorithms, providing explicit motion cues. For instance, given pre-computed
optical flow O;_,;_1 from frame ¢ to t — 1, we can warp the feature map H;_; to align with the spatial
configuration of H;. The warping operation is defined as:

d

H,"[P*" = Warp(H;_1,Osy¢-1) (6)
d

H P = Warp(Hy 11, O 141) @)

The module then assesses the similarity between H; and its warped neighbors, providing explicit
spatio-temporal coherence signals.

3.3.2. Attention Weight Adjustment

The core function of ASTCM is to utilize these calculated spatio-temporal similarities to adjust
the attention weights within the subsequent attention mechanisms of the U-Net. Specifically, for
an attention operation within the U-Net, involving query Qy, key K;, and value V; for frame ¢, the
standard attention map is computed as M; = Q;K[ /\/di, where dj is the dimension of the key vectors.
The ASTCM introduces a temporal-aware bias AM; to this map, which is learned based on the current
and warped neighboring feature maps:

AM; = MLP(Concat(Hy, Hy [P, H;PeY)) (8)
M?ew =M+ A-AM; 9)

Here, A is a learnable scaling factor, and MLP is a small Multi-Layer Perceptron that projects the
concatenated features to a compatible dimension with the attention map. This dynamic adjustment
biases the attention mechanism to: (1) Spatially focus on moving objects and maintain their coherent
appearance across frames, ensuring consistent stylized textures follow motion paths. (2) Temporally
encourage smooth feature transitions between neighboring frames, effectively preventing localized

© 2026 by the author(s). Distributed under a Creative Commons CC BY license.
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deformations or flickering of details within regions of the video. This dual control ensures that
while the global style remains anchored by TATs, local content integrity and fluidity are meticulously
preserved by ASTCM.

3.4. Training Data Construction

A significant challenge in T2GVS is the scarcity of large-scale, high-quality "original video - style
text - stylized video" triplet datasets. To address this, we employed a dual-strategy approach to
construct a comprehensive training dataset.

3.4.1. High-Quality Video and Text Pairs

We initiated the dataset construction by collecting approximately 300,000 diverse and high-
quality video clips, each lasting 10-20 seconds, from publicly available domains such as Pexels and
YouTube Creative Commons. For each video, we leveraged multimodal large language models in
conjunction with meticulous human review to generate multiple descriptive text prompts. These
prompts comprehensively encapsulated various potential artistic styles or moods, such as "a city night

non

scene rendered in the style of Van Gogh’s Starry Night," "a futuristic cyberpunk street in the rain
with neon reflections," or "a serene forest landscape depicted in the vibrant hues of an impressionist

painting." The goal was to cover a broad spectrum of stylistic descriptors.

3.4.2. Expansion from Existing T2I Datasets

To further enrich the style diversity and scale of our dataset, we extended existing large-scale
Text-to-Image (T2I) datasets, such as a subset of LAION-5B. We filtered these datasets to identify
image-text pairs that explicitly contained rich style descriptions. These identified style prompts were
then applied to a selection of video segments obtained from the first collection strategy. To generate
preliminary stylized video results, which served as weak labels for our model, we employed existing
high-performance, yet typically non-consistent, style transfer methods. This allowed our model
to learn the intricate relationship between content and style disentanglement from a vast array of
style-content combinations, even if the temporal consistency of these "weak labels" was not perfect.

3.4.3. Post-processing

The raw collected and generated data underwent rigorous post-processing to ensure high quality
and diversity. This process involved several critical steps. Motion Filtering was applied using optical
flow algorithms to identify and filter out video segments exhibiting excessive motion blur or overly
dramatic, disorienting movements. This meticulous filtering ensures that the training data maintains
visual clarity, which is crucial for learning fine-grained temporal consistency. Content Diversity
Filtering was performed based on CLIP embedding distances. We systematically filtered the dataset
to ensure a wide range of scenes, objects, and overall content variations, preventing the model from
overfitting to specific content types and significantly enhancing its generalization capabilities across
diverse visual inputs. Finally, Style Prompt Augmentation was employed to improve the model’s
robustness and ability to generalize across subtle stylistic variations. This included techniques such
as synonym replacement, variations in style intensity descriptions (e.g., "subtly abstract" vs. "heavily
abstract"), and broader descriptive phrasing to create a richer and more varied set of style conditioning
inputs.

3.5. Training Strategy

Our training approach involves a lightweight fine-tuning process, leveraging a pre-trained T2I
diffusion model as a strong initialization. This significantly reduces the computational cost associated
with training from scratch while benefiting from the extensive knowledge encoded in the pre-trained
model.

© 2026 by the author(s). Distributed under a Creative Commons CC BY license.
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3.5.1. Optimization Objectives

The overall training objective combines the standard diffusion denoising loss with additional
terms specifically designed to optimize for style fidelity and temporal consistency. The primary
denoising loss is given by:

‘Cdenoise = IEt,xo,em./\/’((),l) {Hé’ — €9 (xf' £ C) ||%} (10)

where xg is the original video, x; is the noisy video at timestep ¢, € is the noise sampled from a standard
normal distribution, and €y is our VideoStylist model predicting this noise, conditioned on ¢ and c (the
text embedding augmented with TATs). This loss guides the model to accurately reverse the diffusion
process and generate high-quality stylized video frames.

In addition to Lgeneise and the aforementioned LtaT (Equation 5), we incorporate two further
terms: a style fidelity loss Lyl _fidelity and a temporal smoothness 10ss Liemporal_smoothness- The style
fidelity loss utilizes a pre-trained image-text encoder (e.g., CLIP) to measure the semantic alignment
between the generated stylized frames and the input text prompt. This ensures that the applied style
accurately reflects the textual description:

Estyle_fidelity = EX(’],Ctext [1 — CLIPScore ( g (X6 ) 7 Ctext ) ] (1 1)

where G(x{)) represents the generated stylized video, and ctext is the original text prompt embedding.
The function CLIPScore provides a similarity metric between the generated visual content and the
target text. The temporal smoothness loss encourages pixel-level or perceptual feature-level consistency
across adjacent frames, guided by optical flow. This directly combats local flickering and ensures fluid
motion:

F-1
['temporal_smoothness = IEx(’) Z ||4)(x6,t> - Warp(¢(x6,t+l)f Ot+l,t) H% (12)
t=1

Here, ¢ is a perceptual feature extractor (e.g., a pre-trained VGG network), x; , denotes the t-th stylized
frame generated by the model, and Oy is the estimated optical flow from frame t 4- 1 to frame ¢,
allowing for effective warping of features to align temporally.

The total loss function is a weighted sum of these meticulously designed components, ensuring a
holistic optimization towards high-quality, consistent, and stylistically accurate video generation:

Liotal = Ldenoise T ATATLTAT + Astyleﬁstyleffidelity + )‘smooth‘Ctemporalfsmoothness (13)

where A7at, Astyle, and Agmooth are hyperparameters that carefully balance the contributions of each
loss term during training.

3.5.2. Training Specifics

During the fine-tuning process, we primarily adjust the parameters of the newly introduced
temporal extension layers within the T2I U-Net, the learnable Temporal Anchor Tokens (TATs) them-
selves, and the parameters of the Adaptive Spatio-Temporal Consistency Module (ASTCM). The core
parameters of the pre-trained T2l model can either be frozen to preserve its extensive image generation
capabilities or subjected to fine-tuning with a very small learning rate to adapt them more subtly to
the video domain.

The fine-tuning process requires approximately 8,000 to 10,000 iterations for convergence. We
utilize the multi-style, high-quality video dataset described previously, ensuring uniformity in video
duration and resolution across batches. Our experiments were conducted on 8 NVIDIA A100 GPUs,
utilizing an effective batch size of 64. A multi-stage training strategy was adopted to facilitate robust
learning: an initial phase focused on learning effective style-content disentanglement, primarily driven
by Lienoise and Lstyle_fidelity- This was followed by a later phase emphasizing the reinforcement of
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temporal consistency across the generated videos, where L1ar and Liemporal_smoothness Were given
higher weights or introduced to fine-tune the temporal aspects more precisely. This staged approach
ensures that foundational styling capabilities are established before complex temporal coherence is
refined.

4. Experiments

In this section, we present a comprehensive evaluation of VideoStylist, comparing its performance
against several state-of-the-art baselines through both quantitative metrics and user studies. We also
conduct ablation studies to validate the effectiveness of our proposed Temporal Anchor Tokens (TATs)
and the Adaptive Spatio-Temporal Consistency Module (ASTCM).

4.1. Experimental Setup
4.1.1. Dataset

Our model was trained on the meticulously constructed dataset detailed in Section 2.4, comprising
approximately 300,000 high-quality video clips paired with rich textual style descriptions. This dataset
ensures diverse content and a wide range of target artistic styles, with all video segments standardized
to a resolution of 256 x448 and a duration of up to 128 frames.

4.1.2. Implementation Details

As described in Section 2.5, VideoStylist undergoes a lightweight fine-tuning process of a pre-
trained Text-to-Image (T2I) diffusion U-Net. The training was conducted for approximately 8,000-
10,000 iterations on 8 NVIDIA A100 GPUs, using an effective batch size of 64. We adopted a multi-stage
training strategy, prioritizing style-content disentanglement in initial phases, followed by emphasizing
temporal consistency.

4.1.3. Evaluation Metrics
We employ a suite of quantitative metrics to thoroughly assess the generated stylized videos:

e  Style Fidelity (SF) 1: Measures how accurately the generated video reflects the artistic style
described in the text prompt. This is quantified using the CLIP Score, where higher values indicate
better style adherence.

¢  Temporal Consistency (TC) 1: Evaluates the smoothness and coherence of content across consec-
utive frames, indicating a reduction in flickering. This metric is based on a modified inter-frame
optical flow consistency, with higher values signifying superior temporal stability.

*  Perceptual Quality (PQ) 1: Assesses the overall visual realism and quality of the generated
stylized videos. This is evaluated either by computing 100 — FID (where FID is the Fréchet
Inception Distance, lower is better, thus higher 100 — FID is better) or through average user
ratings on a scale of 1-10.

*  Mean Flicker Index (MFI) |: Specifically measures the degree of flickering artifacts, with lower
values indicating better temporal stability.

*  Style Matching Error (SME) |: Quantifies the deviation between the desired style (from text
prompt) and the style present in the generated frames, with lower values indicating higher style
fidelity.

4.1.4. Baselines

We compare VideoStylist against several representative Text-Guided Video Stylization methods:

*  Frame-by-Frame Transfer (FFT): A baseline method that applies a standard T2I model indepen-
dently to each frame of the video. This typically achieves high style fidelity per frame but suffers
from severe temporal inconsistency.
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e Global Video Style Network (GVSN): Represents methods that attempt to learn and apply
a global style embedding to an entire video, aiming for better consistency than FFT but often
sacrificing fine-grained control or style fidelity.

¢  Text2Image-then-Video (T2I-V): An approach where a T2I model generates keyframes, and
intermediate frames are interpolated or refined using video-specific techniques. This often
struggles with maintaining complex styles over long sequences.

¢  Temporal-Aware Diffusion (TAD): A more recent baseline that incorporates temporal awareness
into diffusion models, typically through temporal convolutions or attention, similar in spirit but
with different architectural choices than ours.

4.2. Quantitative Results

Table 1 presents a detailed quantitative comparison of VideoStylist against the aforementioned
baselines across Style Fidelity (SF), Temporal Consistency (TC), and Perceptual Quality (PQ). Our
method consistently outperforms all baselines in these critical metrics.

Table 1. Quantitative comparison of VideoStylist with baseline methods on Text-Guided Video Stylization.
Higher values are better for SF, TC, and PQ.

Method SFt TCt PQT
Frame-by-Frame Transfer (FFT) 072 055 6.8
Global Video Style Network (GVSN) 0.68 0.70 7.1
Text2Image-then-Video (T2I-V) 0.78 0.65 7.5
Temporal-Aware Diffusion (TAD) 0.81 0.80 8.0
VideoStylist (Ours) 0.83 0.82 82

Our VideoStylist achieves the highest Style Fidelity (SF) of 0.83, demonstrating its superior ability
to accurately translate textual style descriptions into visual features across video frames. Furthermore,
it sets a new benchmark for Temporal Consistency (TC) at 0.82, significantly mitigating flickering and
ensuring smooth transitions, especially compared to methods like FFT (0.55) and T2I-V (0.65) which
struggle with temporal coherence. The Perceptual Quality (PQ) also reflects the high visual appeal of
our generated videos, scoring 8.2 on average, outperforming all baselines.

4.3. Ablation Study on Temporal Anchor Tokens (TATS)

To validate the critical role of our proposed Temporal Anchor Tokens (TATs), we conducted
an ablation study investigating the impact of varying the number of TATs on model performance.
The results, summarized in Table 2, clearly demonstrate the effectiveness of TATs in enhancing both
temporal consistency and style fidelity.

Table 2. Ablation study on the number of Temporal Anchor Tokens (TATs). Lower values are better for MFI and
SME, while higher is better for SE.

TATs Count MFI] SME| SF1
0(w/oTATs) 028  0.15 0.6

1 0.22 0.11 0.79
2 0.18 0.08  0.83
3 0.19 0.09 0.82
4 0.21 010 081

Without TATs (i.e., TATs Count = 0), the model exhibits significantly higher Mean Flicker Index
(MFTI) of 0.28 and Style Matching Error (SME) of 0.15, leading to a lower Style Fidelity (SF) of 0.76. This
underscores the necessity of a dedicated mechanism for global style anchoring. Introducing just one
TAT already improves performance, reducing MFI to 0.22 and SME to 0.11. The optimal performance
is achieved with 2 TATs, yielding the lowest MFI of 0.18 and SME of 0.08, alongside the highest SF of
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0.83. Beyond two TATs, a slight degradation in performance is observed (e.g., MFI of 0.19 for 3 TATs
and 0.21 for 4 TATs), suggesting that an excessive number of anchor tokens may introduce redundancy
or over-constrain the model, hindering its flexibility. These results conclusively demonstrate that a
judicious number of TATs is crucial for achieving superior temporal consistency and style fidelity.

4.4. Ablation Study on Adaptive Spatio-Temporal Consistency Module (ASTCM)

We further conducted an ablation study to quantify the contribution of the Adaptive Spatio-
Temporal Consistency Module (ASTCM) to the overall performance of VideoStylist. Table 3 presents
the results, comparing the full VideoStylist model with variants where ASTCM is removed or simpli-
fied.

Table 3. Ablation study on the Adaptive Spatio-Temporal Consistency Module (ASTCM). Lower values are better
for MFI, while higher is better for TC and PQ.

ASTCM Configuration TCt+ MFI| PQ1T

w/o ASTCM 070 025 7.6
ASTCM (Warping Only) 0.75  0.22 7.9
w/ ASTCM (Ours) 082  0.18 8.2

The results clearly indicate the significance of ASTCM. Without ASTCM, the model’s Temporal
Consistency (TC) drops significantly to 0.70, and the Mean Flicker Index (MFI) rises to 0.25, demon-
strating an increased level of local flickering. The Perceptual Quality (PQ) also declines to 7.6. When
only the feature warping mechanism of ASTCM is employed (without the adaptive attention weight
adjustment), performance improves, with TC reaching 0.75 and MFI reducing to 0.22. However, the full
integration of ASTCM, including its dynamic adjustment of attention weights based on spatio-temporal
similarities, yields the best results: TC of 0.82, MFI of 0.18, and PQ of 8.2. This ablation confirms that
while feature alignment through warping is beneficial, the adaptive biasing of attention mechanisms is
crucial for achieving robust local content coherence and minimizing temporal artifacts effectively.

4.5. Detailed Qualitative Analysis

Beyond quantitative metrics, a qualitative assessment of the generated stylized videos provides
deeper insights into the performance of VideoStylist and the nature of artifacts present in baseline
methods.

*  Frame-by-Frame Transfer (FFT): Videos produced by FFT, while often showcasing high-fidelity
style on individual frames, exhibit severe and distracting temporal flickering. For instance, a video
stylized with an "oil painting” prompt will show brushstrokes changing their size, orientation,
and even color on the same object across consecutive frames, leading to a strobe-like effect that
renders the video unwatchable. This method completely fails to maintain any form of temporal
coherence.

*  Global Video Style Network (GVSN): GVSN attempts to impose a global style, which reduces
the severe flickering of FFT. However, this often comes at the cost of style vibrancy and specific
detail. Videos tend to have a uniform, but often "washed-out" or overly generalized, style. Fine-
grained stylistic elements described in the prompt may be lost, and while global consistency is
improved, localized textures can still show minor inconsistencies or deformations over time.

e  Text2Image-then-Video (T2I-V): This approach can generate high-quality keyframes, and the
stylistic elements within these frames are generally strong. However, interpolation between
keyframes, especially during complex motion or significant scene changes, frequently introduces
noticeable stylistic "jumps" or subtle blending artifacts. For longer video sequences, the style can
gradually drift from the initial keyframe’s aesthetic, leading to a loss of overall consistency over
the video’s duration.
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¢  Temporal-Aware Diffusion (TAD): TAD represents a significant improvement, demonstrating
good overall temporal consistency and style fidelity. However, subtle style shifts can still occur in
prolonged sequences, where the model might slightly reinterpret the global style. Additionally,
during very rapid object movements or complex background changes, minor localized flickering
or slight deformations of stylized textures might occasionally become apparent.

¢  VideoStylist (Ours): Our VideoStylist consistently produces videos with exceptional visual
quality, characterized by vibrant and accurate style application that precisely matches the textual
description. The global artistic theme, such as "a watercolor landscape" or "a cyber-noir city,"
remains consistently locked from the beginning to the end of the video, thanks to the Temporal
Anchor Tokens (TATs). This effectively eliminates any perception of style drift over time. Further-
more, the Adaptive Spatio-Temporal Consistency Module (ASTCM) ensures that even intricate
local details and textures of moving objects maintain their coherent stylized appearance. For
example, in a video of a person dancing stylized as a "comic book animation," not only does the
overall comic book aesthetic remain constant, but the specific line art and color fill of the person’s
clothing and face also remain perfectly consistent and fluid throughout their complex movements,
without any localized flickering or deformation.

4.6. Computational Efficiency

Practical applications of video stylization demand efficient processing. Figure 3 compares the
computational efficiency of VideoStylist against the baselines, focusing on inference time, peak GPU
memory usage, and model parameters for generating a 128-frame video at 256 x 448 resolution.
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Figure 3. Computational efficiency comparison. IT is Inference Time per video (seconds), GM is Peak GPU
Memory (GB), and TP is Total Model Parameters (Millions). Inference Time (IT) is measured for generating a
128-frame video at 256 x 448 resolution on a single NVIDIA A100 GPU.

As expected, methods building upon large pre-trained T2I diffusion models (TAD and
VideoStylist) generally have higher parameter counts and require more inference time and GPU
memory compared to simpler approaches like GVSN. FFT, while appearing faster, often relies on
parallel processing of frames, which can accumulate significant total computation or memory if not
managed efficiently. Our VideoStylist exhibits a slightly higher inference time (38s) and GPU memory
footprint (20GB) than TAD (35s, 18GB). This marginal increase is attributed to the additional temporal
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layers, the learnable TATs, and the ASTCM operations. However, this overhead is modest and justified
by the significant improvements in both style fidelity and temporal consistency demonstrated in our
quantitative and qualitative results, positioning VideoStylist as a highly effective solution within
practical computational limits for high-quality video stylization.

4.7. User Study

Beyond objective metrics, we conducted a comprehensive user study to gather subjective feedback
on the perceptual quality and aesthetic appeal of our stylized videos. A total of 50 participants,
comprising both expert designers and general users, were presented with pairs of stylized videos: one
generated by VideoStylist and one by a baseline method, all produced from the same input video
and text prompt. Participants were asked to select their preferred video based on overall quality, style
fidelity, and temporal consistency.

As shown in Figure 4, VideoStylist was overwhelmingly preferred over most other baseline
methods. For instance, against Frame-by-Frame Transfer (FFT), users preferred VideoStylist in 75%
of cases, primarily citing its superior temporal coherence. Similarly, our method was preferred over
Global Video Style Network (GVSN) (70% preference) and Text2Image-then-Video (T2I-V) (60% prefer-
ence), indicating better style adherence and smoother transitions. Notably, against the more advanced
Temporal-Aware Diffusion (TAD), users still preferred VideoStylist in 55% of cases, indicating a
strong performance and demonstrating a subtle but noticeable improvement in perceptual quality
and consistency that resonated with human observers. These results strongly corroborate our quanti-
tative findings, highlighting that VideoStylist not only achieves superior performance by objective
measures but also delivers a more satisfying and visually coherent experience to human observers.
The consistently high preference rates underscore the effectiveness of our temporal anchoring and
spatio-temporal consistency mechanisms in producing high-quality, stable, and aesthetically pleasing
stylized video content.

Frame-by-Frame Transfer (FFT) 25%

30%

Global Video Style Network (GVSN)

Text2lmage-then-Video (T2I-V) 40%

AEOL

I VideoStylist (Ours)
Baseline Method

Temporal-Aware Diffusion (TAD)

0 20 40 60 80 100

User Preference (%)

Figure 4. User Preference comparison: Percentage of users preferring VideoStylist over baseline methods.

5. Conclusion

This paper introduced VideoStylist, a novel diffusion model framework that effectively addresses
the significant challenges of temporal inconsistency, sub-optimal style fidelity, and limited control
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in Text-Guided Video Stylization (T2GVS). By extending a pre-trained Text-to-Image U-Net into a
sophisticated 4D architecture, VideoStylist achieves state-of-the-art performance. Our core innovations
include Temporal Anchor Tokens (TATs) which serve as global style anchors, ensuring consistent
artistic style across all frames, and the Adaptive Spatio-Temporal Consistency Module (ASTCM), a
lightweight, plug-and-play component that dynamically preserves local content coherence and smooth
transitions based on optical flow. A robust dual-strategy approach was devised for training data
construction, mitigating dataset scarcity. Extensive quantitative evaluations and comprehensive user
studies unequivocally demonstrate VideoStylist’s superior performance in Style Fidelity, Temporal
Consistency, and Perceptual Quality, consistently outperforming existing baselines. This work signifi-
cantly advances artistic video creation, laying a strong foundation for future innovations in higher
resolution generation, finer control, and real-time inference.
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