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Abstract—

We present Meet-In-Style—a new approach to real-time stylization of live video
streams using text prompts. In contrast to previous text-based techniques, our
system is able to stylize input video at 30 fps on commodity graphics hardware
while preserving structural consistency of the stylized sequence and minimizing
temporal flicker. A key idea of our approach is to combine diffusion-based image
stylization with a few-shot patch-based training strategy that can produce a
custom image-to-image stylization network with real-time inference capabilities.
Such a combination not only allows for fast stylization, but also greatly improves
consistency of individual stylized frames compared to a scenario where diffusion
is applied to each video frame separately. We conducted a number of user
experiments in which we found our approach to be particularly useful in video
conference scenarios enabling participants to interactively apply different visual
styles to themselves (or to each other) to enhance the overall chatting experience.

ideo stylization, a captivating intersection of art

and technology, has been an active topic of

research for the last decade. Representing ef-
forts to convey a stylized look similar to handcrafted an-
imations [1], [2], [3], it has been driven by researchers’
curiosity and has gained the interest of the artistic
community by offering various interactive workflows [4],
[5], [6]. Recent efforts have been fuelled by significant
attention from the general public caused by the rise of
generative approaches [7], [8], [9].

Video stylization has seen considerable technical
improvement. Beginning with traditional algorithmic
example-based solutions [1], [3], machine learning ap-
proaches hae become ascendant, transitioning from
the use of pre-trained VGG network [2] and custom
U-net type image translation techniques [5], [6] to-
wards recent applications of text-driven diffusion [7],
[9]. Text-driven techniques enable users of any skill
level to produce stylized content without depending on
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traditional artistic media or having any experience with
digital image editing. However, these techniques have
high computational expense, preventing real-time or
interactive uses. Recently, speed-up techniques such
as score distillation sampling [10] or latent consistency
models [11] have been used to reduce the number of
diffusion steps and thus deliver interactive responses.
Nevertheless, even higher frame rates are needed for
real-time video processing, and temporal consistency
of the stylized sequence remains a challenge.

In this paper we present a text-driven framework
that enables the use of diffusion models while deliver-
ing a consistently stylized video stream in real time on
commodity graphics hardware. The input to our system
is a continuous live video stream and a text prompt
specifying the desired artistic style. Similarly to Yang
et al. [7], we use InstructPix2Pix [12] to apply a style
to keyframes taken from the input video stream, then
propagate it to subsequent frames, ensuring fast and
visually consistent stylization (see Fig. 1). A key differ-
ence and advantage of our approach is that instead
of the computationally demanding style propagation
of JamriSka et al. [3], we employ a fast patch-based
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FIGURE 1. Our framework used to stylize live video stream in four different styles: 'make me as a Disney character', 'make

him look like a cartoon character’, ‘as painted by Van Gogh', and 'oil painting, brush strokes'.

training strategy [5]. Both InstructPix2Pix and patch-
based style propagation are essential: InstructPix2Pix
allows a user to devise new styles on the vy, while
patch-based style propagation makes real-time video
processing possible.

To the best of our knowledge, our proposed system
is the rst that enables users to interactively experi-
ment with the visual aesthetic of live video streams
using text-driven diffusion models while delivering con-
sistently stylized video streams at frame rates of 30
fps. Such a capability is particularly useful in live video
conferencing scenarios (see Fig. 2) that were dif cult
to achieve using previous published approaches.

FIGURE 2.
application during the Uroboros: Creative Al meet-up.

Participant using the real-time style transfer

Stylization techniques aim to alter an input image
so that it looks as if it had been created using a
particular artistic style, while preserving the original
content. This is usually achieved by changing colors
and texture patterns to resemble a certain artistic
medium, and also by applying various distortions or

simpli cations. During the last decades numerous al-
gorithms were developed to achieve this goal, including
procedural techniques, example-based methods, and
recently also approaches based on neural networks
and diffusion models.

Procedural methods rely on algorithmically ma-
nipulating images to mimic artistic effects through var-
ious hand-crafted rules and heuristics. Stroke-based
approaches [13] produced convincing painterly, pen-
and-ink, and hatching styles, among others. Filter-
based approaches are a separate direction, also capa-
ble of producing a wide variety of styles; the versatile
XDoG [14] is an example. Procedural methods can
create beautiful images, but their expressive power of
individual methods is limited and bespoke methods are
needed for particular artistic styles.

Example-based methods try to mimic the style of
an exemplar image S provided together with the target
image T that needs to be stylized, i.e., performing style
transfer from S to T. This can be achieved by copying
and pasting small patches from the style images onto
a different location in the target image to produce
a coherent seamless mosaic that resembles content
of the target image. Hertzmann et al. pioneered this
approach in their Image Analogies framework [15],
introducing an example-based approach where a pair
of unstyled and stylized images serves as an example
of the given artistic transformation and the task is to
faithfully apply this transformation on a new unstyled
input image. Building upon this foundation, Bénard
et al. [1] and later JamriSka et al. [3] adapted this
approach to video by incorporating various guidance
channels derived from the underlying 3D animation
or directly estimated from the input video that enable
semantically meaningful and temporally coherent styl-
ization. Despite remarkable quality, this approach re-
mains computationally intensive, which can hinder real-
time application scenarios such as video conferences.
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Sykora et al. [16] proposed a real-time example-based
stylization algorithm for applications where accurate
correspondences between the current video frame and
the stylized keyframe can be estimated. This require-
ment is, however, dif cult to ful Il in the context of real-
time video stylization.

Neural style transfer pioneered by Gatys et
al. [17] also employs the example-based approach.
They employ a pre-trained convolutional network to
separate and combine the content of the target image
with the style in the exemplar image. Subsequent
research, such as that of Ruder et al. [2], focused on
making the stylization process consistent over time to
enable style transfer to video sequences. While the
neural approach of Gatys et al. produces impressive
results on some inputs, it typically has dif culties with
preservation of low-level style details and semantic
context.

Image translation techniques can mitigate the
drawbacks of neural methods. The image-to-image
translation approach of Futschik et al. [18] can perform
inference in real time, and the style transfer is consis-
tent and semantically meaningful. It requires a larger
set of paired stylized and unstyled images; appropriate
pairs can be generated, e.g., using the patch-based
approach of FiSer et al. [19]. Nevertheless, the dataset
preparation and training times are still highly excessive.
Texler et al. [5] address this drawback; their approach
requires a smaller training dataset and reduced training
time. They train on a set of randomly sampled patches
cropped from a few stylized pairs. Nevertheless, their
image pairs still require manual preparation.

Diffusion models such as Stable Diffusion [20]
introduce a generative approach to neural style trans-
fer; these models are trained to gradually perturb and
denoise a content image over tens or hundreds of
repeated steps, with the conditioning provided at each
step steering the diffusion process toward the desired
stylized look. While computationally more expensive
than feedforward methods, diffusion models offer sev-
eral advantages including the ability to capture com-
plex styles and providing more control over the styliza-
tion process by adjusting the conditioning at interme-
diate steps. Diffusion models can also be utilized for
image editing [12] and video stylization [21], [22], [23]
where each video frame is generated independently,
using a diffusion model with additional constraints
and guidance to maintain temporal consistency across
multiple frames. Hybrid approaches such as that of
Yang et al. [7] combine the strengths of diffusion-based
keyframe generation with example-based stylization
techniques. However, despite their practical potential,
these approaches are too computationally intensive for
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real-time applications. Recently, Parmar et al. [24]
made signi cant progress towards the interactive set-
ting by achieving one-step image translation with a
text-to-image model; nevertheless, their performance
(10 frames per second on A100 GPU at 512x512
resolution) is still far from real-time and the method
lack any mechanism to enforce temporal coherence.

Our approach combines the power of diffusion models
with a patch-based training strategy to enable real-
time stylization of live video streams, conditioned by
a user-provided text prompt. Instead of applying the
diffusion process on the entire sequence, we apply
it only on a few selected keyframes. The stylized
keyframes are then used to train a feed-forward image
translation network that can be used immediately for
real-time inference, generating a consistently stylized
video sequence. Diffusion models alone cannot ac-
complish this task: they are too slow for real-time video
processing, and the resulting stylized sequence would
suffer from inconsistencies. Our hybrid system has
the advantages of diffusion models (ability to create
novel styles, arising from InstructPix2Pix) plus interac-
tive video processing, enabling real-time applications
(arising from patch-based style propagation).

The input to our framework is a live video
stream | (Fig. 3a) and a text prompt P (Fig. 3c). | is
typically obtained from a web camera that captures
the user's face. While the capture is running, the
user poses to take snapshots of a few keyframes 1¥:
usually one front-facing portrait, optionally accompa-
nied by left and right side view to increase robust-
ness (Fig. 3b). These keyframes are then stylized using
InstructPix2Pix [12] (Fig. 3d)—a diffusion model that
selectively applies edits to IX based on P to produce
stylized frames SX. The stylized frames S are then
used as training exemplars whereby the image trans-
lation network of Futschik et al. [18] (Fig. 3f) can learn
the mapping between keyframes 1¥ and their stylized
counterparts S¥. To speed up the learning process, a
patch-based training strategy [5] is used to obtain a
useful model within a couple of seconds, which can
then be immediately applied to stylize newly incoming
frames of the live video stream | in real time. The
stylized video output O is displayed to the user at a rate
of 30 frames per second while the quality of stylization
improves over time.

Keyframe Stylization
For sequences where the movements happen mostly
in the camera plane, a single keyframe is typically



(b) Input keyframes I¥

(e) Stylized keyframes SX

|kl Sk1
e (c) Prompt P stk
k3 k3 .
! "as a marble statue” (@ I mage S (@) yldgo
Stylization Stylization
Model Model

(a) Input video stream |

(g) Stylized video stream O

FIGURE 3. Stylizing a live video stream using using our framework that combines an image-to-image diffusion based approach
InstructPix2Pix (d) with a video stylization technique of Texler et al. [5] (f).

suf cient. For more complex motions such as out-
of-plane rotations, three keyframes (front-facing, left-
facing, and right-facing) yield better stylization results.
Since the keyframes are used to train an image trans-
lation network, it is vital for stylization to be consistent
across them; e.g., if in S*t the hair region is painted
with a speci ¢ color, keyframes S and S* should also
be painted using the same color. To ensure stylization
consistency, we concatenate the keyframes into a sin-
gle image before passing them to InstructPix2Pix. By
applying diffusion process jointly to all keyframes, we
obtain a notably more consistent stylization as com-
pared to three independent InstructPix2Pix passes.

Video Stream Stylization

Given the stylized keyframes, we train the image trans-
lation network to learn the content-to-style mapping
from 1¥ to S using Texler et al's patch-based strat-
egy [5]. During training, we update the model every
few seconds and in parallel we run an inference thread
to convert newly incoming video frames | into stylized
output O. The inference model is periodically updated
using the weights from the training thread to re ect the
new model improvements over time. Our parallel setup
minimizes the stylization delay, allowing users to see
the text-driven stylization of the incoming video stream
interactively after entering a new prompt.

To further accelerate the training process, we ap-
ply foreground segmentation [25] and focus only on
portions of the input keyframes that lie within the
foreground region. Although conventional convolutional
networks cannot be trained selectively, a patch-based
training strategy [5] enables such an adaptive ap-
proach. In practice, the foreground typically accounts

for about half of the pixels and thus the training con-
vergence can be roughly two times faster.

Implementation

In order to meet real-time performance requirements
and enable interactivity, we employ a client-server
architecture and split the workload between a client
machine and a server machine that communicate over
a local network. This separation enables paralleliza-
tion: the client handles the graphical user interface,
camera capture, video display, and runs the style
inference, while the server is responsible for more
demanding tasks such as keyframe stylization using
InstructPix2Pix and continuous training of the image
translation model. During a live session, the user inter-
acts with the application on the client side, providing
text prompts and settings. These are then sent to the
server, which is responsible for the synthesis of stylized
keyframes and model training. The perpetually trained
models are transferred back to the client to perform the
stylization of the incoming video stream.

Results and Comparison
The results of our method on several subjects and
on a variety of different photo-realistic and painterly
styles are shown in Fig. 4 (see also our supplemen-
tary video). The initial style from the diffusion model
is successfully propagated across the ongoing video
sequence.

We compared our method with two alternative
frameworks that are capable of video style transfer.
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