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Abstract

Scalable Vector Graphics (SVG) have become integral to
modern image rendering applications due to their infinite
scalability and versatility, especially in graphic design and
web development. SVGs are essentially long strings of code
that adhere to a structured syntax with validity constraints.
With the rise of large language models, which excel at gen-
erating code in various languages, we aim to generate SVG
code in a similar way. Our findings show that a vision-
language model can be conditioned to produce valid SVG
code that closely resembles input images, effectively enabling
vectorization. Additionally, we harness the rich SVG syntax,
encompassing all possible primitives—such as lines, paths,
polygons, text, and effects like color gradients—that previous
methods often missed. We briefly explain how the StarVector
model operates, primarily leveraging a vision-language trans-
former architecture to generate SVG code. We also detail our
training and inference procedures. Finally, we provide an in-
teractive demo that allows users to input an image and gener-
ate its SVG code autoregressively, featuring real-time render-
ing that visually demonstrates the SVG generation process.

Code — https://starvector.github.io/

Introduction

Vector graphics provide an alternative to pixel-based im-
ages by maintaining image quality at any resolution(Li et al.
2020). This is because vector graphics are mathematically
defined, and precisely parameterized to form shapes (Ma
et al. 2022; Jain, Xie, and Abbeel 2023). They are widely
used in graphic design and website development to display
scalable, high-resolution visuals. Scalable Vector Graphics
(SVG) (Quint 2003) is a popular format for vector images,
offering a rich syntax for various shape elements.

With the rapid advancements in large language models for
text generation (OpenAl 2023; Dubey et al. 2024) and their
success in assisting with code generation (Nijkamp et al.
2022; Li et al. 2023b), applying these models to generate
SVG code presents a promising opportunity. Our approach
leverages the structured nature of SVG, utilizing a vision-
language transformer architecture that can take images or
text as input and directly output SVG code.

Copyright © 2025, Association for the Advancement of Artificial
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Figure 1: StarVector demo (SVG generation).

StarVector introduces a novel approach to SVG gener-
ation by framing it as a foundational image-to-SVG code
generation task. We employ modern vision-language trans-
former architectures (Alayrac et al. 2022; Radford et al.
2021; Liu et al. 2023) to produce rich SVG code from im-
ages. In contrast, previous methods primarily focused on
generating vector graphics relying on information in the
image space using differentiable parameterizations, without
explicitly modeling the underlying code (Lopes et al. 2019;
Carlier et al. 2020; Reddy et al. 2021).

This paper overviews the StarVector method and de-
scribes how our demo works. The demo highlights how
StarVector can accurately and efficiently generate SVG code
that closely resembles an input image.

Related Work

SVG Generation. Early efforts in SVG generation relied
on traditional image processing techniques (Li et al. 2020;
Cortex 2023). With advancements in deep learning, meth-
ods like SVG-VAE (Lopes et al. 2019) and DeepSVG (Car-
lier et al. 2020) utilized latent variable methods for generat-
ing SVG, while Im2Vec (Reddy et al. 2021) decoded SVG
from latent representations using recurrent networks. How-
ever, these approaches are limited to basic primitives like
paths. More recent trends, such as VectorFusion (Jain, Xie,
and Abbeel 2023), optimize SVGs with diffusion models,
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Figure 2: StarVector is a foundation model for SVG generation that uses a Vision-Language Modeling architecture to understand
images and text. It generates direct SVG code autoregressively that can be rendered into logotypes, icons, or diagram images.

(Left) raster images, (right) SVG images.

and IconShop (Wu et al. 2023) focuses on icon design re-
stricted to paths. In contrast, our approach trains a foun-
dation model that comprehends images and generates SVG
code with complex syntax, including higher-order primitives
like text rendering.

Language Models for Code Generation. Language mod-
els for code generation have gained popularity due to ad-
vances in text modeling (e.g. chatGPT) and the availability
of large code datasets (Brown et al. 2020; OpenAl 2023;
Husain et al. 2019). Models like StarCoder (Li et al. 2023b),
and CodeLlama (Roziere et al. 2023) assist in generating and
evaluating code across various languages. However, SVG
code has largely been overlooked (Allal et al. 2023). Our
work addresses this gap by designing and training a vision-
language model specifically for SVG tasks, integrating im-
age vectorization and text-conditioned SVG generation.

Multimodal Tasks and Models. Key vision-language
tasks include image captioning (Li et al. 2022a,b) and
text-to-image generation (Ramesh et al. 2021; Rombach
et al. 2022). Leveraging techniques like ViT (Dosovitskiy
et al. 2020), and CLIP (Radford et al. 2021), models like
BLIP2 (Li et al. 2023a) and Llava (Liu et al. 2023) map
image features into the LLM space, enabling free-form text
generation. While previous works focus on reasoning over
images (Radford et al. 2021), few explore converting images
to code (Beltramelli 2018). We introduce the novel tasks of
image-to-SVG, and text-to-SVG code generation.

StarVector Model Overview

As shown in Figure 3, StarVector consists of an image en-
coder and an LLM adapter that produce visual tokens, bridg-
ing images to the LLM space. Text instructions and SVG
code are also tokenized and projected into this space. During
training, visual and SVG code tokens are concatenated, and
a standard language modeling objective is used to model the
sequence that translates images into SVG codes, utilizing a
transformer decoder with 1B parameters (Li et al. 2023b).
During inference, the encoder and adapter process the
input image, and the model generates SVG code via au-
toregressive sampling. This approach enables StarVector to
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Figure 3: StarVector Architecture, Training, and Inference

learn SVG syntax and effectively convert images into com-
pilable SVG code, demonstrating its ability to draw using
SVG code.

SVG-Stack Training Dataset. A significant factor in
StarVector’s performance is its training on a large-scale cor-
pus of image and SVG code pairs. A large dataset is es-
sential for the model to learn SVG syntax and generalize
to a wide range of complex SVG outputs. We constructed a
large-scale dataset, SVG-Stack, that comprises over 2 mil-
lion image-SVG code pairs, sourced from open and license-
permissive repositories on GitHub. Specifically, we utilize
TheStack (Kocetkov et al. 2022), a foundational code gener-
ation dataset, filtering out only the SVG code.

Demo Overview

The demo operates as follows: Users can either select an
example image from the "Examples” section on the bottom
left or upload an image, which will appear in the middle left
area. For example, Figure 1 illustrates the process of upload-
ing a unicorn image. After pressing "Send”, the generation
process begins, and the SVG code starts appearing in the up-
per right corner. Simultaneously, the SVG code is rendered
in real-time below the SVG code, on the right side.
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