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Geh zuriick und lebe, als ware nichts passiert
Aber versuche ab jetzt sowas wie Liebe nie

jieder.
Du bist nicht dafiir gemacht.

Fig. 1. (1) Original scene of a long handwritten text; (2) Display style Overlay; (3) Display style Integration; (4) Display style Replacement.

Our research explores different methods for embedding scene text translations in video content, particularly the potential of Al-driven
solutions that preserve aesthetic consistency through seamless text replacement, such as of handwritten notes or street signs. In a user
study with 24 participants, we compared three approaches for displaying scene text translations against the original footage. Our
findings reveal highly variable user preferences, influenced by both individual differences and the contextual significance of the scene

text. These results highlight the need for customizable solutions and context-aware translation strategies in future developments.
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1 Introduction

Subtitles enhance the accessibility of video content for non-native speakers and the deaf or hard of hearing while
improving clarity also for those who understand the language. Advancements in Artificial Intelligence (AI) have enabled
the automation of subtitle generation, making it possible to easily access movies, TV shows and short-form video
content in foreign languages. However, conventional subtitles typically focus on spoken dialogue, often neglecting
scene text that is crucial for narrative comprehension. This issue becomes particularly evident in scenes featuring
written communication, such as text messages or letters, that characters react to without verbalizing the content.

A potential solution involves OCR-based text detection, followed by translation and generative Al-powered text
replacement, ensuring that the original typographic styling is preserved. This approach would allow seamless translation
of scene text while maintaining aesthetic continuity, including font, size, color, arrangement, and perspective. Current
scene text editing technologies are, however, designed for images and have yet to be fully adapted for video. In our
research, we aim to evaluate whether scene text editing for video could enhance the viewing experience of foreign

videos.

2 Background & Related Work
2.1 Textin Video
Text in video can generally be classified into two categories [8, 10]:

o Superimposed, or graphic text encompasses digitally added elements during post-production, including titles,
subtitles, credits and informational overlays.
o Scene text appears naturally within recorded environments, including street signs, letters, license plates, and

product labels.

While superimposed text in videos can be manually adapted for different languages and is easier to detect and replace
automatically, modifying scene text in post-production poses greater challenges. Variations in perspective, lighting
conditions, and complex visual backgrounds make accurate detection and seamless replacement significantly more
difficult.

2.2 Optical Character Recognition

Optical Character Recognition (OCR) extracts handwritten and typed text from various sources like scanned documents,
PDFs, or images for editing and data retrieval. OCR methods have evolved from traditional algorithms to machine
learning-based approaches, such as Tesseract, a widely used open-source OCR engine, and cloud-based solutions like
Google Vision [1, 7]. Other tools offer similar functionalities, such as Amazon Rekognition Video! which specializes in
real-time analysis within the AWS ecosystem. Slik et al. [11] introduced a real-time system to recognize ‘burned-in’
subtitles and address background interference. Later research tackled complex backgrounds [12] and multimodal
recognition [6]. OCR also facilitates scene text translation, as seen in Google Translate’s real-time overlay feature and

Yang et al’s [13] prototype for Chinese sign translation.

2.3 Text Editing in Images
Recent progress in generative image modeling and style transfer has greatly enhanced the ability to edit text in images
while preserving background context, font style, and color. Scene text editing models such as SRNet [9] and SWAPText

!https://aws.amazon.com/de/rekognition/video-features/
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[14] aimed to retain text style while modifying content but required target style images for training. More recent
handwriting-focused models [4, 5] have explored self-supervised and few-shot learning approaches. However, they
often struggle with domain variability and fail to generalize effectively across both printed and handwritten text.
TextStyleBrush [9], a research project by Meta, addresses these limitations by leveraging self-supervised learning and a
StyleGAN2-based architecture, enabling one-shot style transfer while maintaining text structure and readability across
diverse domains. As diffusion models have become the dominant approach for image generation, new diffusion-based
technologies have emerged for generating text in images [2, 3], further expanding the possibilities for complex text

editing in images.

3 On-Screen Scene Text Translation

Our research explores methods for implementing multilingual support for scene text in videos. We compare three

approaches to scene text translation (for examples of each type of translation, see Figure 1).

e Overlay: This method resembles traditional subtitles, where the translated text is superimposed at the bottom
of the screen. To improve readability, a semi-transparent contrasting background is applied.

o Integration: The translation appears directly below the original text within the scene. While the font remains
a standard typed style, as in the Overlay method, its color, position, and size are adjusted to blend better with
the visual context. This approach maintains the visibility of the original text while achieving a more natural
integration.

o Replacement: This method involves direct image manipulation, replacing the original text with the translated
text while preserving its visual style. The color, placement, font, and size are carefully adjusted to match the

original appearance, making the modification barely noticeable.

4 User Study

In a preliminary user study, we explored the potential of seamless text replacement in video. To assess user demand
for this technology, we conducted a study with 24 participants, evaluating different variants of film scenes that were
manually edited by us. Each variant is based on a different presentation style - Overlay, Integration and Replacement.
The users then rated the original and the three translated variants. This provided insights into the most favored style

for displaying scene text translations.

5 Preliminary Results and Insights

In a scene featuring a handwritten note (see Figure 1), the Original version (M = 1.58, SD = 0.83) was the least favored.
Interestingly, the three translation styles received similar mean scores, with no single method emerging as the clear
favorite. Overlay achieved the highest mean rating (M = 3.71, SD = 1.2), followed closely by Replacement (M = 3.54,
SD = 1.25) and Integration (M = 3.38, SD = 1.28). When asked which option they preferred, 10 participants selected
Overlay. Replacement was nearly as popular, receiving 9 votes. 5 participants selected the Integration option as their top
choice, and none selected the Original version. The participants articulated their discontent with the original version,
citing the inaccessibility of the foreign-language text, which resulted in the perception that they were missing crucial
information. Even when the content was not essential to the plot, they still wanted the option to access it. Only one
person rated this version highly, appreciating its "authenticity" and noting that handwriting adds personality and
context to a scene. The Overlay method was praised for its readability without significantly altering the original image.

GenAICHI: CHI 2025 Workshop on Generative Al and HCI 3



Exploring User Preferences for Seamless Scene Text Translation in Video Jenny Huang, Fangli Lu, and Christoph Johannes Weber

Participants described it as the "quickest and most pleasant” way to read, as it preserved the viewing experience while
ensuring a clear separation between the original text and its translation. Some valued how it retained the "charm of an
international film," while others found it less immersive and somewhat visually intrusive. Integration was appreciated
for its natural and immersive look, as well as its usefulness for language learning by allowing a direct comparison
between the original and translated text. However, it was often criticized for being difficult to read and visually cluttered.
The Replacement option was favored for its readability and seamless integration into the scene. Some appreciated how
it minimized distractions, particularly in fast-paced sequences. However, others disliked the removal of the original
text, arguing that it reduced authenticity and made nuanced translations harder to convey—especially in languages that
require contextual explanations. A film industry professional also pointed out that replacing text compromises the
ability to differentiate between original footage and altered elements. While some considered this the "coolest" option,
many had a preference for a version that allowed the original text to be revealed when needed.

However, our study also revealed that preference for translation types varies depending on the type of scene text. For
instance, when it came to street or shop signs, participants who initially favored Overlay stated that they would switch to
either Original or Integration. This shift stems from the lower narrative importance of such text compared to plot-critical
elements, as well as concerns about visual clutter and potential confusion if too many signs were translated. For text
added in post-production, such as superimposed chat bubbles, most participants preferred Replacement, primarily

because it allows for faster reading and a more seamless integration into the scene.

6 Outlook

Advancements in OCR, natural language processing and Al-based text editing for video will soon enable the automated
translation of scene text, making movies and other video content accessible in multiple languages. However, our study
shows that preferences for how translations are embedded vary among participants and shift depending on the context
of the scene text. Therefore, Al models could be leveraged to determine the most suitable translation method for each

scenario, and customization options need to be incorporated into the design to accommodate user preferences.
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