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Figure 1: StructuReiser transfers the style from a single stylized keyframe (a) to the entire video sequence (b) generating stylized frames (c)
that are both stylistically consistent and structurally faithful. The keyframe (a) was created using the text-guided video-to-video diffusion
model by Ceylan et al. [CHM23]. However, when applied directly to other frames in the sequence, this model often introduces significant
structural inconsistencies (e). A large video model Gen-3 Alpha [Run25] introduces both structural and style inconsistencies. The state-of-
the-art keyframe-based video stylization method of Futschik et al. [FKL∗21] faces similar issues (f). In contrast, our approach (c) maintains
the structural integrity of the target video sequence while ensuring coherent stylization throughout.

Abstract

We introduce StructuReiser, a novel video-to-video translation method that transforms input videos into stylized sequences using
a set of user-provided keyframes. Unlike most existing methods, StructuReiser strictly adheres to the structural elements of the
target video, preserving the original identity while seamlessly applying the desired stylistic transformations. This provides
a level of control and consistency that is challenging to achieve with text-driven or keyframe-based approaches, including
large video models. Furthermore, StructuReiser supports real-time inference on standard graphics hardware as well as custom
keyframe editing, enabling interactive applications and expanding possibilities for creative expression and video manipulation.

CCS Concepts
• Computing methodologies → Non-photorealistic rendering; Image processing;

1. Introduction

Guided video stylization aims to modify the visual appearance of
an input sequence while preserving its high-level structure and
motion. Existing solutions fall largely into two groups: keyframe-
based methods [JST∗19, TFK∗20, FKL∗21] that allow users to
directly manipulate visual appearance through one or more styl-
ized keyframes, and text-driven approaches [YZLL23, CHM23,
GBTBD24] where the appearance is specified using text prompts.
Recently, large video models (Sora [Ope25], Veo2 [Goo25] or Gen-
3 Alpha [Run25]) have been introduced, which also demonstrate

capabilities to perform keyframe-based stylization (c.f. Gen-3 Al-
pha ReStyle).

Despite their practicality and impressive results, the mentioned
keyframe-based and text-driven methods were not originally de-
signed to preserve the content structure of the unstyled video,
which can lead to structural elements being lost or degraded in
the stylized output. For example, when the input video features
a distinct character whose identity is crucial (see Fig. 1a), there
is no guarantee that the stylized sequence will retain this iden-
tity (see Fig. 1d–e). To address this issue in keyframe-based ap-
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proaches, users must provide a set of keyframes that accurately
capture existing and newly appearing structural elements in the in-
put video – a process that can be tedious and time-consuming. The
challenge is more pronounced with text-driven methods, as it can
be difficult to craft a prompt that reliably preserves all structural
details.

To overcome this limitation, we propose a novel approach to
keyframe-based video stylization. We formulate a guided video
stylization problem that, in addition to ensuring fidelity to the trans-
ferred style, also focuses on preserving the structural elements of
the input video (cf. Fig. 1b–c) – an aspect that has not been dis-
cussed in previous approaches. Although a similar objective was
previously set in neural style transfer [GEB16] (and its video exten-
sion [RDB18]), our work targets a different scenario—semantically
meaningful style transfer in which spatial alignment between orig-
inal and stylized content is essential. In this context, preserving ar-
bitrary structural elements in stylized video remains a challenging
problem that we address in this paper.

To validate the effectiveness of our method, we conducted a se-
ries of qualitative and quantitative evaluations including an on-
line user study that demonstrate the importance of explicit mod-
eling of the appearance-to-structure relationship and demonstrate
our method’s ability to preserve both stylistic and structural as-
pects. Moreover, because our stylization method is based on a feed-
forward neural network, it can perform inference in real time
on commodity graphics hardware. This makes our approach suit-
able for interactive scenarios, such as video conferencing, where
diffusion-based techniques or large video models are difficult to
apply.

To summarize our contributions:

(i) We formulate a task of structurally faithful video stylization,
emphasizing both semantically meaningful stylistic fidelity and
structural preservation.

(ii) We provide a solution that trains a feed-forward neural network
with the assistance of a pre-trained diffusion model to effectively
transfer style from a stylized keyframe while preserving essential
structural elements in the rest of the video sequence.

(iii) We validate our approach through extensive qualitative and
quantitative evaluations, which demonstrate a significant im-
provement over current state-of-the-art in maintaining structural
fidelity while closely adhering to the desired stylization.

Codes & models at https://github.com/radimspetlik/structureiser.

2. Related work

The origin of image and video stylization techniques can be traced
back several decades. Early stylization approaches were typically
based on hand-crafted algorithmic solutions that were restricted
to a certain range of styles and specific target domains. For in-
stance, Curtis et al. [CAS∗97] present a physically-based simu-
lation to mimic the appearance of a watercolor media, Salisbury
et al. [SWHS97] produce painterly artworks automatically using
a set of predefined brush strokes, while Praun et al. [PHWF01] can
generate brush strokes procedurally. Despite the impressive results
these early stylization techniques produce, their main limitation lies

in the fact that slight modification of an existing style or creation of
a new one usually requires a significant effort and expertise.

To overcome this limitation, Hertzmann et al. [HJO∗01] intro-
duced the idea of image analogies. In their approach, the user can
provide an example pair of unstyled and stylized images that spec-
ify the intended stylization analogy. The resulting image is then
constructed by copying patches from a stylized exemplar so that the
corresponding pixels in the unstyled patches match the patches in
the target unstyled image. The framework of image analogies later
proved to be a viable solution also for example-based video styl-
ization [BCK∗13, JST∗19] that can deliver temporally consistent
sequences that faithfully preserve the user-specified visual style.
A key limitation of those techniques is that they treat the target
video as a guide for style transfer, and thus larger structural changes
that may appear in the target domain are not taken into account. To
overcome this limitation, the user needs to provide multiple consis-
tently stylized keyframes, of which manual preparation can be labor
intensive. When stylized keyframes are generated synthetically, it
is, on the other hand, difficult to ensure their consistency.

Those limitations were addressed by Frigo et al. [FSDH16] and
Gatys et al. [GEB16] who perform stylization using only the style
image and try to better respect the structural changes in the tar-
get domain. Frigo et al. search for the optimal mapping between
the adaptively sized patches in the target image and patches in the
style-exemplar while Gatys et al. iteratively optimizes the output
image so that when fed into the VGG network [SZ14] its responses
correspond to VGG responses of the style exemplar and the target
image. This approach inspired follow-up works [LFY∗17, KSS19]
of which aim is to increase the faithfulness of the generated image
to the style exemplar by employing more sophisticated loss func-
tions. Chen et al. [CLY∗17] and Ruder et al. [RDB18] later demon-
strated how to extend the framework of Gatys et al. to example-
based video stylization delivering temporally consistent sequences.
Although these approaches are fully automatic and do not require
the preparation of a larger number of stylized keyframes, their artis-
tic control over the final output is fairly limited. The transfer is
usually not semantically meaningful and lacks faithfulness to the
original artistic media.

To perform a semantically meaningful transfer while respecting
structural changes in the target domain, image-to-image translation
networks were proposed [JAFF16,IZZE17]. However, these require
a large amount of training data to work reliably. Only in some
domain-specific scenarios, such as portrait stylization [FCC∗19]
training pairs can be generated automatically [FJS∗17].

To mitigate the requirement for larger paired datasets, few-shot
learning approaches [LHM∗19, WLT∗19] and deformation-based
approaches [SLT∗19b, SLT∗19a] were proposed. However, these
methods require pretraining on large domain-specific datasets and
thus are not applicable in the general case. Texler et al. [TFK∗20]
proposed a few-shot patch-based training strategy for which only
a few stylized keyframes are necessary to deliver compelling video
stylization results without the requirement of domain-specific pre-
training. However, their method has limitations comparable to the
image analogies approach of Jamriška et al. [JST∗19], i.e., when
new structural details appear in the target sequence, it is nec-
essary to provide additional stylized keyframes. Although in the
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Figure 2: An overview of our approach's training procedure. Given non-keyframe imagesyi 2 Y (which are not stylized), we optimize the
operator f to produce imageŝyi with a similar appearance as stylized keyframesx̂i . Thekey lossL key (2) encourages reconstruction of
keyframeŝxi , thestylelossL style (3) ensures style consistency between frames and keyframes using Gram correlation matrices g of extracted
VGG network responses v, and �nally thestructureloss L structure (4) enforces �delity to structural elements present in the input video
framesyi . Thestructureloss requires a conditioned diffusion model d initialized by adding a random Gaussian noise� � N (0; I ) into the
synthesized imagêyi , a time step t, and a function c transforming the input imageyi to a conditionc (in this case line art �lter).

follow-up work of Futschik et al. [FKL� 21] the amount of required
keyframes decreased signi�cantly, the newly appearing structural
changes cause dif�culties as the underlying approach is still pre-
dominantly focused on style preservation.

As an alternative approach to video stylization, unwrapping tech-
niques have been proposed [RAKRF08, KOWD21]. In those ap-
proaches, input video frames are �rst projected onto a static atlas
where edits can be performed at one snap and later transferred back
to the original video domain. The quality of results is highly depen-
dent on the quality of the generated unwrap. For small local edits,
these techniques produce impressive results, but larger changes typ-
ically cause dif�culties.

Recent approaches to video stylization utilize large pre-trained
text-to-image diffusion models [RBL� 22] and can edit videos
globally using text prompts [Kha23, ZLN� 23, YZLL23, YZLL24,
CHLC24, GBTBD24, KLC� 24, SKL� 24]. However, the outputs of
these techniques heavily depend on a particular version of the pre-
trained text-to-image diffusion model, which may tend to produce
unpredictable results that do not consistently reproduce structural
changes in the target video sequence. This can sometimes lead
to a typical structural �icker that can be disturbing to the ob-
server. Moreover, in addition to the text prompt, a speci�c con-
trol over the stylization process is dif�cult to achieve, in contrast
to keyframe-based methods where the user has full creative free-
dom [JST� 19,TFK� 20,FKL� 21].

Liu et al. [LXZ� 24] introduced a text-to-video diffusion frame-
work that injects pre-trained models with “diffusion adapters” for
stylized generation, and further explored depth-based conditioning
in their supplementary materials. While their approach can produce
compelling results, it relies on training these adapters on a special-
ized dataset, which limits the variety of possible styles. Moreover,

it does not explicitly address the notion ofsemantically meaningful
style transfer – aligning the style domain with the underlying con-
tent so that key structures are preserved and enhanced. In contrast,
our work aims to maintain strong content-style alignment by learn-
ing a dedicated style adapter that �exibly operates on diverse data,
allowing it to capture intricate details and faithfully reproduce even
niche styles. Additionally, our approach supports real-time perfor-
mance once trained, making it well-suited for interactive styliza-
tion scenarios. Consequently, we emphasize both the preservation
of essential structural attributes and the faithful rendering of user-
speci�ed styles, ensuring that stylized videos remain coherent and
semantically aligned from beginning to end.

An online video generation tool based on large video model
Gen-3 Alpha [Run25], was recently introduced, allowing users to
provide a stylized �rst frame to guide semantically meaningful
style transfer. Because it is a commercial tool with proprietary in-
ternals, the technical details remain inaccessible. Nevertheless, we
provide extensive comparisons in the supplementary video, allow-
ing readers to observe differences between its results and other pub-
lished methods discussed in this paper.

3. Our Approach

The input to our method is a set ofN video framesT , which we
decompose into two complementary subsets:

T = X [ Y :

1. KeyframesX = f xi 2 T j i 2 Kg, whereK � f 1;2; : : : ;Ng is the
set ofK selected frame indices. For each keyframexi , a corre-
sponding stylized ground trutĥxi 2 X̂ is provided.

2. Non-keyframesY = f yi 2 T j i 62Kg, i.e. the remainingN � K
frames that donot have direct stylized references.

© 2025 The Author(s).
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We de�ne the set of keyframe pairs by

K = f (xi ; x̂i) 2 X � X̂ j i 2 Kg;

which captures theK tuples of the original keyframes and their
corresponding stylized counterparts.

Our goal is to learn a stylization operator

f : T ! T̂ ;

mapping each frameyi 2 T to a stylized version̂yi = f (yi) 2 T̂ . In
practice, one may viewf as an element of a suitable function space,
such as a subset ofL2(W) if W� R2 denotes the spatial domain of
frames, or a more sophisticated reproducing kernel Hilbert space
for higher-level feature embeddings. We trainf by minimizing the
following objective:

L (K ;Y) = l k L key(K ) + l v L style(K ;Y) + l sL structure(Y); (1)

where each term imposes distinct yet complementary constraints.

Keyframe Reconstruction Loss We begin with areconstruction
lossL key, which enforces �delity on the keyframes:

L key(K ) =
1
K å

i2 K




 f (xi) � x̂i




 2

2: (2)

Here,k �k2 denotes thè2-norm in the image (or feature) space. By
pairing xi with x̂i , this term encouragesf to replicate the speci�c
user-de�ned style on each keyframe.

Style Loss To ensure consistent stylization across the non-
keyframes, we incorporate astyle lossL style inspired by Gatys
et al. [GEB16]. For each non-keyframey j , we compare Gram ma-
trices of VGG [SZ14] features betweenf (y j ) and theground-truth
stylizedreferencesf x̂ig. Speci�cally, de�ning

g(u; l ) = Gram
�
f l (u)

�
;

wheref l is the activation map of thel -th layer in VGG and Gram(�)
computes a normalized correlation matrix, we write:

L style(K ;Y) =
1

jKj jL j jYj å
i2 K

å
j62K

å
l2 L




 g(x̂i ; l ) � g( f (y j ); l )




 2

2;

(3)
whereL is the set of VGG layers used. This term enforces that tex-
tural and color statistics from the keyframe stylization are inherited
by all non-keyframe outputs.

Structure Preservation via Diffusion Models A key element of
our pipeline is thestructure lossL structure, which preserves im-
portant geometric and semantic features from the input framesyi .
Speci�cally, we employ a pre-trained diffusion modeld condi-
tioned by a functionc designed to extract visually salient details
such as edges, outlines, or semantic cues. This choice of condi-
tioning helps maintain the integrity of shapes and objects that are
crucial forsemantically meaningfulstyle transfer, where the target
style and content naturally align.

Let ŷi;t be a noisy version off (yi) by adding Gaussian noise�
at a prede�ned time stept. Formally:

ŷi;t =
p

āt f (yi) +
p

1� āt � ; � � N (0; I );

whereāt 2 (0;1) quanti�es how much noise is injected at stept.
The diffusion modeld

�
ŷi;t ; c(yi); t

�
predicts the portion of noise

that is incompatiblewith the underlying structure inyi . Conse-
quently, the structure loss is de�ned as:

L structure(Y) =
1

jYj å
i62K




 d

�
ŷi;t ; c(yi); t

�
� �




 2

2: (4)

Minimizing kd(ŷi;t ;c(yi); t) � � k2 essentiallyprojects f(yi) onto
a manifold of images consistent with the conditioningc(yi). As
a result, our stylized frames respect the layout and contours implied
by the original video, preserving the semantic integrity needed for
high-quality style transfer.

Theoretical Underpinnings of the Structure Term Although the
above can be seen as a gradient-based alignment, it is more pre-
cisely viewed as amanifold projectionthat keepsf (yi) close to
images that match the structural content ofyi . The operatord is
a learned approximation of the reverse diffusion process, which re-
covers a clean sample from a noisy version under the constraint of
conditioningc. By embedding this denoising operator into our loss,
we force the stylized framesf f (yi)g to remain structurally faithful
to f yig in ways simpler pixel- or gradient-based losses cannot (see
Sec. 5.5 and Fig. 18).

Mathematically, one can regard the denoising step
d(ŷi;t ; c(yi); t) as seeking a �xed point of an operator

Dc; t : T � W! T ;

whereW encodes external conditioning information (in our case,
line art, edges, or semantic cues). The convergence to the correct
structural manifold emerges from iteratingDc; t at different noise
levelst. By integrating this denoising operator into a loss term, we
ensure that the stylized resultsf f (yi)g arepulled to preserve the
geometry off yig.

Choice of Conditioning and Flexibility In Fig. 2, we instantiate
d as a diffusion model [ZRA23] conditioned on a line art �lter
c. Other conditioning strategies – such as Canny edges, semantic
segmentation, or domain-speci�c keypoint detectors – can also be
used. Changingc rede�nes which aspects ofyi qualify as “struc-
ture,” making the method adaptable to diverse tasks and stylistic
preferences (see Sec. 5.4 and Fig. 17).

Why a Diffusion-Based Structural Constraint? By leveraging
the learned prior from a generative diffusion model, we gain two
important bene�ts over more direct edge or gradient constraints:

� High-Level Consistency.Diffusion models are trained on large
datasets of natural images (or sketches), so they capture not just
local gradients but also global structures like object boundaries
and semantic relationships.

� Adaptive Gradient Signal. The denoiserd provides gradients
that actively push stylized images toward realistic and coherent
shapes, rather than enforcing a single-scale edge or pixel match.
This approach better handles strong stylizations while keeping
structural details intact.

© 2025 The Author(s).
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De�nition of “Structure” Throughout this work, we use “struc-
ture” to refer to prominent spatial or semantic features such as
boundaries, object shapes, or scene layouts. In practice, the def-
inition of structure is governed by the choice ofc and the train-
ing corpus ofd. Adjustingc can emphasize �ne contours, coarse
silhouettes, or specialized annotations, allowing the preservation
of precisely those elements deemed most critical for semantically
meaningful stylization.

This formulation highlights that our structure-preservation prin-
ciple emerges from a rigorous viewpoint: we interpret the stylized
image f (yi) as a point constrained to lie on a manifold of struc-
turally coherent solutions, with the diffusion modeld serving as
a learned projection operator guided byc. By positioning the prob-
lem in function spaces and ensuring well-de�ned gradient �ows
from generative priors, our approach transcends the limitations of
simpler, purely local constraints.

Our proposed optimization scheme leverages a pretrained dif-
fusion model for training regularization, drawing on the prin-
ciple introduced in score distillation sampling (SDS) by Poole
et al. [PJBM23]. A key novelty of our approach lies in the way
we inject structural details while preserving the unique traits of
the given artistic style. Such functionality is dif�cult to achieve us-
ing the original SDS formulation or using the conditioned diffusion
model [ZRA23] directly, as these rely solely on the learned prior,
and therefore struggle with custom visual styles that are typically
out of the domain on which the diffusion model was trained.

3.1. Implementation details

We implemented our approach in PyTorch [PGM� 19] using the
AdamW [LH19] optimizer with �xed learning rate 3� 10� 5. To
model the stylization operatorf , we adopt the network architec-
ture originally proposed by Futschik et al. [FCC� 19] that proved
to be suitable for style transfer tasks [TFF� 20, FKL� 21] allow-
ing for reproduction of important high-frequency details, critical
for generating complex and believable artistic styles. The batch
size was set to 1 and instance normalization [UVL16] used in-
stead of batch normalization. We setl k = 1:0 and l v = 100:0.
The parameters forL structure(4) were selected experimentally and
differ between the presented sequences:l s 2 f 10� 5;10� 6g and
t 2 f 20;28g. As d, we adopt the default noise scheduler of Con-
trolNet v1.1 [ZRA23] and the UniPC scheduler [ZBR� 24] with the
number of steps set to 30. The parameters of the VGG network and
diffusion model were �xed and line art conditioning was used forc
(if not stated otherwise). The training was performed on a single
NVIDIA A100 GPU with 40 GB of RAM for 4 hours and the model
with the lowest total loss has been selected to produce the stylized
sequences. In practice, however, even notably shorter training times
can lead to compelling results (see Sec. 5.1).

4. Results and Comparison

The results are presented in Figures 1, 3, 4, 6, 7, 8, and 9.
See also our supplementary material for additional results. We
compare them with the output of recent text-driven meth-
ods [CHM23,YZLL23,CHLC24,GBTBD24] and keyframe-based
approaches [JST� 19,TFK� 20,FKL� 21,Run25].

4.1. Perceptual study

To qualitatively evaluate our approach, we conducted a perceptual
study comparing the outputs of our method with those of �ve state-
of-the-art text-driven techniques [CHM23, YZLL23, CHLC24,
GBTBD24, YZLL24], three state-of-the-art keyframe-based meth-
ods [JST� 19,TFK� 20,FKL� 21], and a large video model [Run25].
The study assessed how well each method reproduced the artistic
style, preserved structural content, and maintained temporal con-
sistency of the input video. We collected data from 55 partici-
pants through an online survey, where participants were presented
with randomized two-alternative forced-choice (2AFC) compar-
isons. Each participant completed 36 questions, selecting which
anonymized stylization better reproduce style (12 questions), pre-
serve content (12 questions), and maintain temporal consistency
(12 questions). In each comparison, an output from our method was
paired with one from another method using the same input data.

The preference scores for our method versus others are presented
in Fig. 10 as a colored heatmap, where dark green denotes 100%
of the participants who prefer our method and dark red denotes
0%. Each row corresponds to a different method, and each column
corresponds to one of the evaluation criteria:Structure, Style, and
Temporal Consistency. Our method offers improved performance
over previous works in reproducing input structures, even though it
may reproduce the exemplar's style slightly less accurately, which
is expected due to our focus on structural preservation. Moreover,
our method demonstrates improved temporal consistency in styl-
ized output compared to previous approaches. This is another ben-
e�t of our approach: Its ability to preserve structural details helps
to ensure temporal consistency. When structures in the target video
are consistent, their output stylization will be consistent as well im-
plicitly.

4.2. Quantitative evaluation

To quantitatively evaluate our method's ability to preserve struc-
tural elements from input videos, we conducted a comprehen-
sive comparison across published video stylization techniques. We
calculated the averages and standard deviations between corre-
sponding input and stylized frames across all available video se-
quences, using three metrics: SSIM, LPIPS [ZIE� 18], and FLIP
[ANAM � 20]. The style exemplars were sourced from Ceylan et
al. [CHM23], Geyer et al. [GBTBD24], Yang et al. [YZLL23,
YZLL24], Chu et al. [CHLC24], and a combination including
artist-created stylizations.

Since the published text-driven methods cannot perform
keyframe-based stylization, we trained our method using a single
style exemplar selected from the output of each diffusion method.
We then compared the results of our method with those of the text-
driven methods, as shown in the �rst four groups of results in Tab. 1.
In the last group, we compare our method with the keyframe-based
stylization approaches of Jamriška et al. [JST� 19], Futschik et
al. [FKL� 21], Texler et al. [TFK� 20], and Gen-3 Alpha� [Run25]
using a set of text-driven and artist-created exemplars. Our method
demonstrates superior performance across all sequence groups and
metrics, effectively maintaining structural �delity across diverse
style sources.

© 2025 The Author(s).
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Figure 3: Comparison with the state-of-the-art in text-driven video stylization: The target video sequence (see a representative target framey)
has been stylized using text-driven approaches (top row): (a) Ceylan et al. [CHM23], (b) Yang et al. [YZLL23], (c) Chu et al. [CHLC24], and
(d) Geyer et al. [GBTBD24]. One frame from those stylized sequences was used as a keyframe (see small insets). The style of this keyframe
has been propagated to the rest of the target sequencey 2 Y using our approach (bottom row). Note how our approach better preserves the
structural details seen in the target frame. See also our supplementary video to compare consistency across the entire sequence.
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Figure 4: Comparison with the state-of-the-art in text-driven video stylization (cont.): See Fig. 3 for a detailed explanation.
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(a) (b) (c) (d) (e)

Keyframe from Yang et al.(xr ; x̂r ) Custom Edit (̂xe) Target Frame (y) Our Approach (̂y)

Figure 5: Custom edit of results generated by the text-driven method of Yang et al. [YZLL23]. Left to right: (a, b) keyframe(xr ; x̂r ) is the
result of Yang et al. [YZLL23] conditioned with the text prompt “Galadriel, the royal Elf, silver-golden hair,” (c) custom editx̂e of the stylized
keyframex̂r , (d) target framey, (e) stylizationŷ produced by our method with a single keyframe(xr ; x̂e). A key advantage of our method
is that it allows custom edits of videos stylized by text-driven methods, which typically offer only limited control over the generated results
through textual prompts.

Target Frame

(a) Ceylan et al. (b) Jamriška et al. (c) Texler et al. (d) Futschik et al. (e) Our Approach

Keyframe No. 1 Keyframe No. 2 Keyframe No. 3 Keyframe No. 4

(1–4) (1–4) (1) (1)

Figure 6: Comparison with the state-of-the-art in keyframe-based video stylization: The text-driven method of Ceylan et al. [CHM23]
has been used to generate a stylized sequence (a) from which four keyframes (No. 1–4) were selected to perform video stylization using
methods of Jamriška et al. [JST� 19] (b) and Texler et al. [TFK� 20] (c), and one keyframe (No. 1) was selected for the method of Futschik
et al. [FKL� 21] (d) and for our approach (e). Note how our approach better preserves the structural details seen in the target frame. In our
supplementary video, it is also visible that our approach keeps the structure consistent.

4.3. Comparison with text-driven methods

Since text-driven methods only support textual guidance and can-
not perform keyframe-based stylization directly, we adopt a two-
step approach for each video sequence. First, we generate a stylized
version using a combined text promptp = peditpdesc, wherepedit
(e.g., “hyperrealistic detailed oil painting of”) de�nes the desired
style, andpdesc (e.g., ”an old man with a white beard“) describes
the content. For instance,p = “hyperrealistic detailed oil painting
of an old man with a white beard”. From the resulting stylized se-
quence, we then select one frame as a keyframe and propagate this
keyframe's style throughout the entire target sequencey 2 Y using
our proposed keyframe-based stylization method.

As a result, each text-driven method is presented with a
unique stylization. Note that in the methods proposed by Ceylan

et al. [CHM23] and Geyer et al. [GBTBD24], the context descrip-
tion pdescserves as an inversion prompt.

From the results presented in Figures 3, 4, 8 and in our supple-
mentary material it is apparent that our approach maintains struc-
tural details better than text-driven approaches. See also our sup-
plementary video that demonstrates structural consistency across
the entire sequence contrasting the �icker common in text-driven
methods.

A key advantage of our approach in contrast to text-driven tech-
niques is that it enables the user to incorporate custom edits by
manually modifying the output of the text-driven method and use
it as a newly stylized keyframe for training. This option is ben-
e�cial especially in cases when it is dif�cult to �nd an accurate
text prompt that precisely expresses the desired artistic vision. In
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Target Frame

(a) Geyer et al. (b) Jamriška et al. (c) Texler et al. (d) Futschik et al. (e) Our Approach

Keyframe No. 1 Keyframe No. 2 Keyframe No. 3 Keyframe No. 4

(1–4) (1–4) (1) (1)

Figure 7: Comparison with the state-of-the-art in keyframe-based video stylization (cont.): Text-driven method of Geyer et al. [GBTBD24]
has been used to generate the initial stylized sequence (a). See Fig. 6 for a detailed explanation.

Target Frame (y) Yang et al. Our Approach

Figure 8: Comparison with the state-of-the-art in text-driven video
stylization (cont.): The target video sequence (see a representative
target framey) has been stylized using text-driven approach of Yang
et al. [YZLL24] (middle). One frame from those stylized sequences
was used as a keyframe (see small insets). The style of this keyframe
has been propagated to the rest of the target sequencey 2 Y using
our approach (right). Note how our approach better preserves the
structural details seen in the target frame. Also, see our supplemen-
tary video to compare consistency across the entire sequence.

Fig. 5, we show the results of a custom edit of an imagex̂r stylized
by the method of Yang et al. [YZLL23] with the text prompt “Gal-
adriel, the royal Elf, silver-golden hair.” This image was edited by
an artist producing the imagex̂e. Our method was then trained with
the keyframe(xr ; x̂e), rendering the stylization̂y.

Target Frame Gen-3 Alpha Our Approach

Figure 9: Comparison with the state-of-the-art in keyframe-
based video stylization (cont.): The text-driven method of Ceylan
et al. [CHM23] (top row) and Chu et al. [CHLC24] (bottom row)
and have been used to generate a stylized sequences from which
one keyframe was selected (see small insets) to perform video styl-
ization using large video model Gen-3 Alpha [Run25] (middle).
Note how our approach (right) better preserves the structural de-
tails seen in the target frame (left) as well as the style in the given
keyframe.

4.4. Comparison with keyframe-based methods

To compare our method with other keyframe-based approaches
(see Figures 6, 7, 9, and our supplementary material), we used
sequences generated by text-driven methods. From each stylized
sequence, we selected a keyframe to train different methods: four
keyframes were chosen for the methods of Jamriška et al. [JST� 19]
and Texler et al. [TFK� 20], while one keyframe was used for the
method of Futschik et al. [FKL� 21], the large video model Gen-3
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