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Figure 1. Overview of our single raster image to motion graphics generation framework (MG-Gen). Generated motion graphics have
dynamic motion while preserving text legibility and object geometry.

Abstract

We introduce MG-Gen, a framework that generates motion
graphics directly from a single raster image. MG-Gen de-
compose a single raster image into layered structures repre-
sented as HTML, generate animation scripts for each layer,
and then render them into a video. Experiments confirm
MG-Gen generates dynamic motion graphics while pre-
serving text readability and fidelity to the input conditions,
whereas state-of-the-art image-to-video generation meth-
ods struggle with them. The code is available at https :
//github.com/CyberAgentAILab/MG-GEN
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1. Introduction

Motion graphics are videos that bring static graphic-design
elements—such as text, shapes, and icons—to life through
animation, conveying concise messages and adding visual
impact. As short-form video content grows on social me-
dia, motion graphics demand has surged for advertisements,
music videos, and personal content. However, motion
graphics production is complex, requiring advanced tech-
niques, precise motion control, and careful effect selection.

Motion graphics differ from natural videos in two key
respects. First, because they animate design assets like text
and icons, legibility must be maintained throughout the mo-
tion, while natural videos focus instead on photorealism and
narrative realism. Second, the shapes and colors of these
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assets must stay geometrically stable to protect brand in-
tegrity, whereas camera footage can tolerate minor distor-
tions. To meet these requirements, we formulate a new
task: generating motion graphics from a single raster im-
age. This task involves not only creating visually appeal-
ing animations, but also preserving the design semantics of
each component—such as text, icons, and layout—and en-
abling precise, element-wise motion control. It especially
demands content awareness and eye-catching animation tai-
lored to each visual element.

We experimentally confirmed that general image-to-
video methods [2, 7, 15, 20, 28, 35] generate high-quality
natural videos but struggle with motion graphics generation.
This is because these models generate entire raster videos
directly, rather than synthesizing animation for individual
objects or layers. As a result, they often fail to maintain the
precise shape and spatial consistency of design elements,
such as text, logos, or product pictures. Moreover, these
methods lack precise control over which elements move and
how they move. For example, users cannot explicitly spec-
ify that a particular text should fade in from left to right,
making it difficult to realize intentional and structured ani-
mations. Aside from generating raster videos directly, ex-
isting motion graphics generation approach [19] animates
each layer individually by generating an animation script
specifying animation parameters of them. This approach is
reasonable and generates high quality motion graphics, pre-
serving content consistency and generating dynamic motion
but it requires already organized as layer data (e.g., PDF)
which is rarely available for the system input.

To address these limitations, we propose MG-Gen, the
first end-to-end framework that transforms a single raster
image into a motion graphics video. Optionally, users can
also provide motion instructions as user direction, and MG-
Gen generates the video to match these directions. MG-
Gen consists of two steps: layer decomposition, which
transforms a single raster image into layered hierarchical
structure data, and animation script generation, which syn-
thesizes executable animation script for each decomposed
layer. In layer decomposition, we combine various task spe-
cific models such as OCR, object detection, segmentation,
and inpainting models, yielding clean layers. The decom-
posed layers are reconstructed as HTML data with a hier-
archical structure. In animation script generation, we lever-
age the performance of a large multimodal model (LMM) to
generate an executable animation script that synthesizes the
layer-level animation based on previous work [19]. LMMs
can generate complex but error-free script thanks to their
high coding proficiency. Furthermore, their superior rea-
soning abilities enable them to formulate effective anima-
tion plans and precisely interpret and incorporate user direc-
tions. Finally, we combine the generated animation script
with HTML data, then render it to produce the video.
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In our experiments, we first qualitatively observe that
MG-Gen can generate motion graphics with dynamic text
motion, high readability, and reduced object distortion. We
further compare the results generated by MG-Gen with
state-of-the-art general image-to-video generation base-
lines. Based on the results from both GPT-based and human
evaluations, we find that MG-Gen outperforms the baselines
in terms of dynamic text motion, while also achieving supe-
rior readability and fidelity to the input image.

Our main contributions are summarized as follows:

* We introduce the new task of motion graphics generation
from a single raster image, clarifying the constraints that
set it apart from conventional image-to-video synthesis.

* We propose MG-Gen, a two-stage framework that (i)
decomposes the input image into a structured, layered
HTML, and (ii) generates layer-wise animation script
with an LMM, achieving dynamic motion while preserv-
ing text legibility and object geometry.

» Extensive experiments demonstrate that MG-Gen outper-
forms state-of-the-art image-to-video baselines on both
human evaluation and GPT-based metrics.

2. Related Work

2.1. Image-to-Video Generation

Image-to-video generation is gaining attention due to re-
cent advancements in video generation methods [2, 7-10,
12, 16, 22, 27-29, 31, 36]. Several approaches accept not
only images (and prompts) but also additional conditions,
such as motion trajectory [29] and image depth [36], among
others. Recent advancements in image-to-video genera-
tion, such as Ray2 [20], Hunyuan [15], and Wan2.1 [35],
have shown promising results in producing high-quality
videos with substantial frame-to-frame consistency. While
the field of video generation has seen significant advance-
ments, few studies have specifically focused on generating
videos within the specialized domain of motion graphics.
This study aims to directly address this notable research gap
by enabling the motion graphics generation.

2.2. Animated Text Generation

Animated text with visual effects is widely used across var-
ious fields, including movies, lyric videos, advertisements,
and social media. However, creating these videos is time-
consuming, prompting the development of support tools [3,
13, 37] and automated generation methods [25, 30, 38] to
reduce the workload. Xie et al. [38] proposed a method to
transfer animations from GIFs to vector-based text. Park et
al. [25] introduced a diffusion-based approach for generat-
ing kinetic typography videos in raster space based on user
instructions. Shin et al. [30] proposed an animated layout
generation to animate texts for advertising videos. How-
ever, these approaches exclusively focus on animating text,
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