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Abstract. Localizing a font into new languages is a highly intricate task requiring precise
design adaptation of glyphs, color/texture, and spacing/kerning, from source to target lan-
guages. Most existing methods focus on single glyph generation with limited capability in
handling multilingual font rendering. In this work, we propose LoGAN, a VLM-based agentic
framework for few-shot multilingual font localization, which takes in a small number of indi-
vidual glyphs from a font or letters from a logo and uses them to generate complete character
sets in other languages. LoGAN breaks down this task into multiple components: a glyph-level
diffusion model, a style finetuning module, a spacing and kerning transfer algorithm, and a
texture expansion model, with a VLM agent coordinator. LoGAN achieves broad language
coverage for font localization with various styles, including Chinese/Korean/Japanese (CJK).
We evaluate our approach on both font and real-world logo datasets spanning more than
27 languages and compare it against both specialized font generation and state-of-the-art
image editing models with strong text rendering capabilities (e.g., FLUX, Nano-Banana).
Our approach yields higher glyph fidelity while maintaining better style, texture, and kerning
consistency according to both quantitative and qualitative evaluations.
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1 Introduction

Fonts are fundamental visual elements in graphic and logo design. However, most highly stylized
fonts support a limited set of languages, predominantly offering only Latin character sets. Localizing
these designs to new languages poses a significant challenge due to the immense creative freedom
inherent in font design. Because artistic fonts frequently employ idiosyncratic geometric motifs, com-
plex textures, and exaggerated stroke variations, transferring these unconstrained styles to entirely
different character sets is highly non-trivial. Designers must navigate severe structural discrepan-
cies—such as mapping simple Latin strokes to dense, complex CJK ideograms without sacrificing
legibility—while preserving local stylistic motifs and re-engineering spatial dynamics like kerning.
Consequently, in real-world workflows like movie logo localization, finding a matching multilingual
font is a recurring bottleneck. When none is available, designers are forced into a difficult trade-off:
either substitute a visually similar font and compromise stylistic coherence, or painstakingly synthe-
size the missing characters by hand. While movie logo creation involves graphical elements beyond
basic fonts, our sample study of a 400-logo movie dataset (Section 4.5) shows that 44% of logos are
created using fonts. Therefore, we focus specifically on the core challenge of font localization and
use the movie logo localization task to evaluate our approach.

Recent advances in generative modeling—such as Nano-Banana, GPT-Image, FLUX, and Qwen-
Image [25,34,59]—open up the possibility of applying general image diffusion models to tackle such
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Fig. 1: Overview. We present LoGAN, an agentic framework that localizes fonts into various languages.
LoGAN is able to generalize to various font styles, spacing/kernings, colors, and languages spanning across
Latin, Greek, Cyrillic and CJK.

challenges. A few pioneering works have explored using recent Text-to-Image diffusion models for
creative design tasks, ranging from general image editing and style transfer [23,33,64], poster-level
generation [10, 22, 56], logo-level generation [11, 35, 43, 53], to font-level generation [18, 28, 36, 37].
Although these methods show promising results, they are not readily adaptable to the challenges
posed by font localization tasks due to the following: (1) Existing font generation models primarily
focus on glyph generation. Most prior work (e.g., FontDiffuser, VecGlypher) focuses on generating
single glyph images or SVGs and lacks the ability to render a complete font (e.g., generating
multiple characters with proper spacing/kerning and consistent color/texture, as shown in Figure
2 left column). This limitation makes these methods unsuitable for end-to-end practical use and
more appropriate as intermediate steps. (2) Many end-to-end models can render complete text but
lack controllability and stability. For example, approaches such as FLUX and Nano-Banana often
struggle with long-text rendering in font generation settings. When the target layout is complex, they
may rescale letters improperly and produce incorrect arrangements (Figure 2 middle column). (3)
Many existing approaches lack multilingual support. Most recent image generation models, including
font generation models, are primarily trained on a single language or only a few languages (e.g.,
English/Latin) and often fail to produce high-quality, consistent results for other scripts, such as
Cyrillic, Greek, and CJK (Figure 2 right column). Additionally, they often struggle with cross-
language localization tasks due to limited training data and/or insufficient cross-lingual modeling.

To address these challenges, we introduce a Multilingual Font Localization with Generative
Agent (LoGAN). The key ideas behind LoGAN are twofold: First, while end-to-end models
are impressive in one-shot generation, they struggle with output precision and controllability for
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Fig. 2: Challenges of current image generation models. (1) Font-based models primarily focus on
glyph generation and fails to render multiple characters with proper spacing/kerning and consistent color/-
textures. (2) End-to-end image editing models introduces randomness towards style changes and arrange-
ments. (3) All current models lack a wide range of multilingual support.

font rendering tasks. Multiple design elements, such as glyphs, spacing/kerning, color/texture, and
layout, are coupled in a one-pass generation, which often leads to hallucinations of certain design
attributes and requires re-prompting and regenerating until the results are correct. Inspired by the
strong visual understanding capabilities of recent SOTA VLMs (e.g., GPT-5, Gemini-3-Pro [24,45]),
we propose a divide-and-conquer approach by decomposing the complex font localization task into
basic design elements. We further develop expert models to fulfill each of these steps—such as using
a VLM to detect color, spacing, and layout, using an image generation model to generate glyphs,
and using a VLM agent to coordinate the complete font rendering process. Second, we focus
explicitly on glyph-level generation followed by a spacing/kerning transfer module instead of word-
or sentence-level text generation, which usually carries the risk of hallucinating certain prompts
in underrepresented languages or new words created by the internet that do not frequently occur
in the training data, as well as the risk of characters being rescaled during long-text rendering.
We develop a strong multilingual glyph-level generation model that supports 27 languages for both
same-language and cross-language generation, especially for CJK (see examples in Figure 1), as
part of the proposed font localization pipeline.

To the best of our knowledge, this is the first work to propose an agent-based end-to-end pipeline
for multilingual font localization and rendering. The design overview of LoGAN is shown in Figure 3.
Our main contributions are summarized as follows: We develop a novel framework, LoGAN, that
utilizes a VLM as a design agent to coordinate complex font localization and rendering tasks
through three stages: design decomposition, design transfer, and design generation. We further
develop a multilingual glyph generation module—including glyph generation, arrangement, and
texturing models—for high-quality vector font rendering. We conduct a comprehensive evaluation
to validate LoGAN, spanning Latin, Cyrillic, Greek, and CJK languages on font and real movie
logo datasets. We present both qualitative and quantitative results and compare LoGAN against
specialized font-generation methods and state-of-the-art image editing/generation models, achieving
the best performance across all metrics.
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2 Related Work

Generative models have advanced substantially in the quality of image generation [17,41,46,48,50]
and editing [8,23,33,59].

Image Diffusion for Font Generation/Editing. With these improvements, a plethora of
works has started to focus on the controllability of diffusion models. These controls span structural
guidance [6,55,66], style transfer [15,54,64], and visual characteristics/textural transfer [13,14,68].
However, these models fall short in the task of logo localization, where the target style must be
precisely transferred while being disentangled from the original content. For example, direct style
transfer or prompt-based image editing often entangles glyph content with stylistic attributes,
bringing unwanted stroke structures and character-specific features into the newly localized logo.
Several works aimed specifically at poster design [10, 22, 56], text rendering [35, 43, 53] or font
generation [19, 42, 63]. Nevertheless, their style transfers tend to be comparatively coarse and are
less capable in generalizing across scripts with drastically different typographic and morphological
properties, e.g., Latin-based scripts to Korean.

VLM for Image Editing. Guiding diffusion models for optimal image generation remains
an ongoing challenge. With the rise of LLMs and VLMs, many works leverage language model
feedback to enhance prompts for generation [21,29,40]. These are all different approaches aiming to
improve the prompt for better image generation. [65] This method decomposes an abstract prompt
into sequences of simpler editing instructions for diffusion models. [61] Another method improves
the generated output based on the VLM feedback loop. [59] This approach feeds the prompt into
a VLM and uses the hidden features as inputs into the diffusion model for greater expressibility.
There are also approaches that treat VLM as an agent to call a library of model tools to iteratively
refine a generated image [57].

In this work, we leverage VLM as a design agent that decomposes complex font localization into
simpler tasks and coordinates specialized models to produce detailed, high-quality logos.

3 LoGAN

We present the overall design and workflow of LoGAN, as shown in Figure 3, and introduce its key
components in the subsequent sections. LoGAN takes a base prompt of Localize this image to
[Translation] and a reference font image, then executes the following actions: design extraction,
design transfer, and design generation, and finally returns a localized rendered font image that
matches the style of the reference and target translation. For each stage, the details are as follows:

� Stage 1: Design Extraction. LoGAN first decomposes users' input into: reference image,
translation, and style finetuning trigger. Then, it calls VLM-Agent to analyze and extract
design attributes from the reference image, including OCR text, font style, color/texture, line
breaks, letter case, and text alignment, where texture and font style are in abstract form, e.g.,
style1, texture1. Next, it calls the AutoCrop module to crop the reference image into glyphs and
measures the spacing between adjacent cropped glyph pairs. Finally, LoGAN summarizes the
extracted data as a character-attribute mapping, key attributes, a list of cropped glyphs, and
the trigger for style finetuning.

� Stage 2: Design Transfer. LoGAN processes the reference attributes and triggers extracted
in Stage 1. It then calls the VLM-Agent to infer a new character�attribute mapping for the
target translation and, optionally, triggers the Style-Finetuning module (based on the user's
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Fig. 3: Method Overview. LoGAN takes a reference image and a target translation generates translated
font with three stages: (1) Design Extraction, (2) Design Transfer, and (3) Design Generation. Style LoRA
is trained during (2) and then frozen for inference during (3).

request) to fine-tune the pre-trained glyph generation model with LoRA [27], improving style
transfer quality. Next, LoGAN determines whether to call the Texture-Expansion module based
on the texture detected in Stage 1.

� Stage 3: Design Generation. With all required inputs, LoGAN triggers the Glyph-Generation
model, optionally with LoRA, using the translation to generate the target glyphs at a 512x512
resolution. It then calls the Glyph-Arrangement model to arrange the generated glyphs into a
fully rendered font. Following this, LoGAN calls VLM-Agent to inspect the outputs (e.g., glyphs,
line breaks, colors), and triggers a retry if errors are detected. Finally, Glyph-Arrangement
model vectorizes the generated font. If generated texture was detected, LoGAN will overlay
this texture map onto the final vectorized font.

3.1 Key Components

VLM Agent. This is the coordinator of LoGAN with three different roles: (1) Interpreter : decom-
pose the user request, extract design attributes from the reference image (e.g., OCR text, layout,
style, color/texture, spacing/kerning, etc.), and assist with glyph cropping. (2) Planner: localize
the reference attributes to target languages, decide whether to trigger optional modules (e.g., style
LoRA, Texture-Expansion) and trigger retries if evaluation fails. (3) Judge: verify the correctness
of the generated glyphs and the overall quality of font rendering (e.g., kerning/layout, color/texture
consistency). In our implementation, we use GPT-5.2 [45] as the default VLM-Agent and validate
that open-source Qwen3-VL-32B-Instruct [5] achieves comparable performance.

Glyph Generation. Most existing glyph/font generation approaches focus on only a few lan-
guages [28,63]. To address this, we develop a glyph generation model spanning 27 languages based
on MMDiT (SD3.5-medium) [1]. Specifically, we modify the joint attention in each block to add
a third modality that encodes reference glyphs: we apply modality-specific projections (and RM-
SNorm), concatenate all modalities' Q/K/V, followed by a single unified scaled dot-product atten-


	LoGAN: Multilingual Font Localization with Generative Agents

