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While diffusion base models such as GPT-Image-2 and Nano-Banana exhibit remarkable visual expressiveness,
their end-to-end generation inherently yields flattened bitmaps with error-prone text, precluding layer-wise
post-editing. Conversely, code-based visual generation via Coding Agents provides precise layout control and
decoupled layers, yet remains constrained by a lack of global aesthetic intuition and the difficulty of coding
complex visual assets.
To address this, we propose Editable Visual Design, a new paradigm driven by a Coding Agent. We designate
the VLM as the “creative brain” for requirement comprehension, task planning, and aesthetic judgment, while
utilizing the image generation model as an on-demand “visual world simulator” to synthesize standalone visual
assets. Operating under an “imagine first, then act” closed-loop workflow, the agent generates isolated assets,
writes native HTML/CSS, and iteratively refines the design against visual rendering feedback.
Furthermore, Agent Design Replay faithfully reproduces the creative and reasoning trajectory akin to that of
professional human designers. Ultimately, the system delivers editable artifacts with decoupled layers and real
text, enabling users to perform intuitive mouse dragging and layout adjustments on a graphical user interface.
Validations on posters, infographics, and other scenarios show that this paradigm successfully achieves both
refined aesthetics and production-grade editability.

GitHub: https://github.com/yejy53/Editable-Design
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Figure 1 | Editable design artifacts generated by our proposed Editable Visual Design.
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1 Introduction

In recent years, large language models have made breakthrough progress in code generation, and they show particularly
large potential on Visual Design tasks. The latest generation of models, represented by GPT-5.6 Sol [27], Claude Fable
5 [1], and Kimi K3 [22], can already build structurally complete and clearly organized layouts automatically by directly
generating HTML, SVG, and CSS. This way of constructing designs through code brings engineering advantages,
including clean layers, interactive text, and natural support for later modification, and it opens up a great deal of room for
automated poster design and infographic generation.

However, when visual code generation tries to move toward “production-grade design”, it runs into two bottlenecks that
are very hard to break through: aesthetic intuition and assets. First, current code LLMs badly lack global visual control.
They are fluent in syntax, the DOM tree, and Flexbox layout, but they have no two-dimensional spatial sense [13, 34, 41]
or visual intuition [42]. Asking a model to write layout code directly usually yields only the highly templated, thin trio of
“big headline, card, rounded shadow”. The model knows how to write code, but not how to write code that looks good,
and it struggles to cross the gap from “structurally correct” to “visually refined”. Second, visual code is inherently weak
at building complex assets. HTML, SVG, and CSS are extremely good at precise typography and geometric alignment,
but asking a model to hand-draw complex visual assets in pure code, such as a cinematic background, a 3D hero visual,
natural textures, or an elaborate illustration, is very costly and the result feels stiff. As a result, past code generation
could often only use simple geometric color blocks, gradients, or emoji as placeholders, and the final product looks like
an unfinished draft.

Looking across the field of visual generation today, existing research mainly follows two orthogonal paths, and each is
lopsided. On one side is “left-brain” pure code generation: current Coding Agents are like a system with only a left brain,
fluent in logic and structure, but because code is essentially a one-dimensional symbol sequence, these models badly lack
two-dimensional spatial sense and aesthetic intuition. On the other side is “right-brain” visual content generation such as
diffusion models [32], which compress centuries of human artistic priors and can instantly produce images with top-tier
composition, lighting, and texture. But they have a fatal structural weakness: they lack rigorous engineering logic. The
raster images they generate not only contain misspelled and distorted text [3, 4], but also have deeply entangled elements
that cannot be separated into editable layers [5, 17, 18], which makes them inherently unusable for text accuracy, local
edits, and downstream delivery, so they cannot serve as a genuinely editable design engineering deliverable.

To break through the aesthetic bottleneck of code generation and the non-editability of pixel images, we present
Editable Visual Design, a new paradigm for editable visual design driven by a Coding Agent. Inspired by the World
Action Model (WAM) [36, 56], we split the system into a collaborative mechanism of a “creative brain” and a “visual
world simulator”: a VLM acts as the creative brain, coordinating requirement understanding, design planning, code
construction, and judgment of results; the image generation model acts as a visual simulator that can be called at any
time to quickly turn abstract ideas into concrete visual effects.

The agent follows an “imagine first, then act” creative loop: it first calls the simulator to generate an imagined visual
that establishes priors for composition, lighting, and color, and then independently handles asset generation, native
HTML/CSS writing, and multiple rounds of render-and-reflect repair. We also introduce Agent Design Replay, which
presents the agent’s full trajectory—from intent planning and asset generation to code reflection and repair—much like
that of a human artist, so that the design process becomes fully visible, traceable, and reproducible.

What the system ultimately delivers are editable artifacts that have passed deterministic checks and visual review. Text,
assets, and layout layers in the artifact are fully decoupled, so users can select, drag, edit, and export each of them
independently. We validate the effectiveness of the paradigm on several typical design cases, including marketing
materials, infographics, long-text layout, and event posters, and show design artifacts that combine high-quality aesthetics
with full editability.

2 Coding-Agent-Driven Design Workflow

The Editable Visual Design paradigm builds a complete workflow from design requirement to editable code artifact
through the collaboration of a multimodal large model (VLM) and an image generation model (Figure 2). The system
consists of a VLM that handles requirement understanding, design planning, and layout decisions (the creative brain)
and a generation model that is called on demand (the visual simulator). It has five steps: understanding and design
planning, visual simulation, structural coding and generation, verification and visual self-healing, and editable design
delivery. In the system reported here, the creative brain is Codex driven by GPT-5.6 Sol [27], and the visual simulator is
GPT Image 2 [28], which produces both the imagined visual and the standalone assets.
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Figure 2 | Overview of the Editable Visual Design workflow. A VLM plans the design, calls the image model
for an imagined visual and for standalone assets, then writes native HTML/CSS/SVG and delivers an editable canvas.
The band along the bottom is the Design Replay, the recorded trajectory from prompt to artifact.

2.1 Understanding and Design Planning

Before anything is generated, the agent reads the brief and settles what the piece has to do: what content must appear,
what the deliverable is and at what size, and what visual register it should sit in. It then calls the image model for an
imagined visual—not a structural sketch but a picture of what the finished piece could look like, there to give the rest of
the process a strong aesthetic reference to work against. This imagined visual is part of the design plan rather than a step
before it, since the plan is only settled once there is something to look at; it is also the cheapest place for the user to
intervene, saying the direction is not what they wanted and having it redone before any code exists.

2.2 Visual Simulation

In the visual simulation stage, the VLM visually parses the imagined visual, extracting the color tone, compositional
distribution, and overall style characteristics to serve as a global reference for the code construction and visual design
that follow. We do not need the agent to reproduce the visual reference one-to-one; still, the result obtained from the
image model gives reasonably good feedback to the coding agent’s later stage of concrete design execution, improving
its aesthetics and sense of design. The role is the same kind of thing as rendering: the agent can run its own code in a
browser and look at the page it just wrote, and it can equally call the image model and look at a version of the design that
has not been written yet. Both hand it pixels to judge; one shows what the code currently is, the other what the design
could be.

2.3 Structural Coding and Generation

Once the visual prior is established, the Coding Agent takes on the core responsibility of composition and layout
planning. The agent first uses the visual prior to determine the visual topology of the canvas and the spatial distribution
of images and text, and calls the generation model on demand to produce clean, standalone local visual assets, such as a
text-free background or an isolated subject, which avoids layer entanglement and pixel contamination. The agent then
writes structured code in native HTML/CSS, establishing a clear typographic hierarchy, grid alignment, and multi-layer
arrangement, and combines the decoupled visual assets with the real text into a complete, well-layered page.

In practice the standalone assets are generated separately, layer by layer, rather than cut out of the imagined visual, so
none of its pixels reach the deliverable. Two routes are used depending on the subject: where the model supports it, the
asset is requested directly with an alpha channel; otherwise the prompt places the subject on a flat green background and
a matting script lifts it out, which works as long as the subject itself contains no green. On the code side the agent writes
native HTML and CSS, declares the page as a canvas of fixed pixel size, and tags every element a user might want to
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move on its own as a separate layer. Layout is not allowed to depend on the viewport, so the page measures the same
wherever it is opened, which is what makes the coordinates a user drags meaningful.

2.4 Verification and Visual Self-Healing

To handle flaws that the first pass of generated code may contain, such as style overflow, overlapping elements, or
occlusion between images and text, the workflow introduces a dual verification and iterative self-healing mechanism.
The system first loads the code in a headless browser environment and runs deterministic layout rule checks, detecting
whether elements overflow their size bounds, whether external resources fail to load, or whether the DOM structure is
malformed. The system then feeds an actual rendered screenshot of the page to a VLM reviewer for multimodal visual
reflection [20, 50, 51]. The VLM compares the rendered result against the original design intent and assesses the visual
balance, alignment precision, and text readability of the page. When a flaw is found, the agent generates a targeted local
patch to fine-tune the code, so that after one or two rounds of reflection and repair the final render reaches the expected
quality standard.

2.5 Editable Design and Agent Design Replay

What this workflow finally delivers is a complete result that is both usable in engineering terms and transparent in
process. The artifact itself is made of native DOM nodes, fully decoupling text, assets, and background layers, so the
user can at any time double-click to edit text directly, drag and scale assets, and export layers separately. At the same
time, the system serializes the agent’s full decision process, from requirement decomposition, visual imagination, and
asset prompts to code evolution and final reflective repair, into an Agent Design Replay. This design trajectory not only
moves the complex generation process away from the traditional uninterpretable black box [55], but also gives users a
clear basis for tracing design intent, intervening manually, and making further adjustments.

3 Case Studies and Showcase

To validate how the Editable Visual Design paradigm performs in practice, we analyze it along three dimensions:
baseline comparison, coverage of multiple scenarios, and the creative trajectory.

3.1 Comparative Analysis

Figure 3 compares Editable Visual Design with conventional “pure diffusion image generation” and “pure LLM
code layout” under the same design requirement. The figure shows that although pure diffusion models produce good
visual quality, their generated text is prone to distortion and their layers are deeply entangled [3, 18], making later editing
difficult; conventional pure code generation is structurally tidy, but because it lacks a global aesthetic prior, the artifact
often looks flat and monotonous. By contrast, Editable Visual Design obtains good color and atmosphere from the
image simulator while achieving clear typography and layer decoupling through code reconstruction, striking a good
balance between visual quality and engineering editability.

3.2 Diverse Scenario Showcase

Figure 4 collects cases of this workflow across different design types, covering event posters, infographics, marketing
materials, and long-text layout. The cases show that the paradigm adapts to different information densities and style
requirements: in information-dense cases it maintains the type scale and grid alignment, and in visually driven cases it
organizes multi-layer space sensibly. All artifacts are delivered as native DOM, and text, background, and illustration
can each be selected, edited, and exported independently in the interactive view.

3.3 Real-World Case Study of the Agent Design Replay Trajectory

Figure 5 uses a real red panda encyclopedia infographic to show the full creative trajectory of Agent Design Replay.
The agent starts by parsing the requirement and generating an imagined visual, then independently settles the layout plan,
generates standalone local assets on demand, and writes native HTML/CSS to build the multiple layers; it then observes
the render and reflectively repairs layout details, finally delivering a finished piece with a clear layer structure. This case
shows concretely how the agent gradually turns an initial idea into a design artifact that has both visual expressiveness
and structured code, presenting full decision transparency and traceability.
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Figure 3 | Comparison against two paradigms under the same brief. GPT-image-2 [28] returns a locked bitmap
whose Chinese characters come out disordered; Codex on GPT-5.6 Sol [27] returns code but leaves large blank areas and
a chaotic layout. Editable Visual Design keeps the typography print-clean and delivers the page as separable layers.
Red marks the failure modes, green what layering adds.

4 Conclusion and Discussion

4.1 Conclusion

This report explores Editable Visual Design, an attempt at editable design that combines a Coding Agent with
visual generation models. Through the collaborative mechanism of “VLM decision planning + generation model
visual simulation”, it tries to ease the weakness of pure code generation in aesthetic intuition and to improve on the
non-layerable pixels and hard-to-edit text of conventional image generation. Under this design, the agent tries to “first
use image simulation for composition and color, then carry out structured code construction”, and uses Agent Design
Replay to record the creative process from intent planning and asset generation to code adjustment. The editable artifacts
it finally delivers have decoupled layers and editable text, offering a practical reference for exploring automated visual
design that balances visual quality with maintainability.

4.2 Discussion

Revisiting “Generation for Understanding”: from mathematical and logical problem solving to forming visual
ideas. For a long time, when unified multimodal models (UMMs) [7] explored “Generation for Understanding” [46],
they mostly focused on tasks with strong symbolic logic and linear reasoning, such as drawing geometric auxiliary lines
or spatial mazes [24, 29], but the gains from these attempts have often been relatively limited [33]. The reason may
be that rigorous deductive reasoning tasks are inherently a poor fit for the implicit feedback mechanism of generative
models. A vivid analogy is this: people can hardly solve a rigorous math problem inside a dream, yet dreams are often a
source of visual inspiration, imagery, and creative ideas. Generative techniques such as diffusion models are good at
presenting spatial aesthetics, color atmosphere, and compositional references that are hard to quantify in one-dimensional
plain text. Our exploration suggests that placing the generation model up front as a visual simulator, letting the agent
perceive the overall effect through an image before writing code, may be a relatively natural way for generation to feed
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Figure 4 | From prompt to editable canvas. Three briefs in different visual registers—City Atlas, Summer Music, and
Memphis Future—each shown as the prompt, the coded result, and the same artifact opened up. The right-hand panels
carry the point: headline lettering, illustrations, badges, and background all stay independently addressable.

back into multimodal understanding and decision-making: using visual generation to obtain aesthetic and compositional
priors, and thereby assisting the subsequent code layout and arrangement decisions to some extent.

Division of labor and collaboration for generation models: a tool that assists the decision brain. From GenClaw [55]
and Mind-Brush [15] through to the work in this report, we see, to some degree, a natural division of labor among
different models. Treating the generation model as an external simulator and local asset renderer that the agent
can call at any time is a relatively pragmatic and efficient combination. Under this division of labor, requirement
decomposition, task planning, code organization, and quality checking are mainly led by a VLM with general reasoning
ability, while the generation model quickly turns abstract ideas into concrete visuals as needed. This kind of collaboration
helps bring out the visual expressiveness of the generation model while using code to achieve more precise structural
control.

Exploring the move from “bitmap output” to “structured delivery”. In real design and application settings, a design
deliverable usually needs to be reasonably maintainable and to leave room for adjustment. Conventional text-to-image
models produce rich visual quality, but because pixels are deeply entangled [18] and text is error-prone [3], later
fine-tuning is fairly difficult. Editable Visual Design tries to organize the page with native HTML/CSS and
decoupled assets, so that text, background, and graphic layers stay relatively independent and users can select, modify,
and export them afterwards. This offers a workable direction for exploring forms of design generation that balance visual
expressiveness with deterministic editability.

Agent Design Replay and process visibility: thoughts on human-AI collaboration and future design interaction.
Compared with the earlier black-box mode that directly outputs a final result, this report uses Agent Design Replay to
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Figure 5 | Agent Design Replay on two real cases. Each step carries a timestamp and its own output, across three
phases: understand and plan, generate and build, and review and fix. Top: an information-dense field guide—120
editable layers in 13 groups—where the review catches and repairs real layout defects. Bottom: a visually driven travel
poster—6 layers in 1 group—where the review passes with no changes. Layer structure follows the density of the brief.

record and present the agent’s process from requirement understanding, concept simulation, and asset generation to code
adjustment, which helps improve the transparency and traceability of the design decision chain. This process visibility
not only helps build understanding and trust in human-AI collaboration (Human-in-the-Loop), but also offers a useful
reference for further exploring more natural forms of design interaction in the future, such as an AI operating a mouse
through a GUI to lay out and draw directly on a canvas.

5 Limitations

Editable Visual Design does not create ability the underlying models lack; what it does is route each part of the job
to whichever model is better suited to it, so what gets delivered is bounded by both. If the coding agent writes weaker
layout code, the page is weaker however good the reference was. More often the binding constraint is the image model’s
sense of design: it returns something technically clean but compositionally ordinary, with no clear focal point and no
colour idea worth carrying forward, and a reference like that gives the agent little to build on. The asset route makes its
own demand, needing the model to return a subject cleanly separated from its background.
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Longer pieces are harder than single ones. A multi-page deck or a full website has to stay consistent across pages—the
same type scale, the same palette, a visual thread that carries from one page to the next—and that consistency has to
be held while the agent works through something far longer than a poster. The cases in this report are all single-page
designs, and how far the approach scales at that length depends heavily on the capability of the underlying models.

Aesthetic quality is hard to evaluate in the way generation quality usually is. There is no ground truth for what a poster
should look like, and the properties this work is after—whether a composition feels considered, whether the colour
carries atmosphere, whether the type scale reads as deliberate—are exactly the ones people disagree about. We therefore
report cases rather than scores, and the visual half of the quality check is a VLM judgment that stands in for a designer’s
eye rather than measuring anything.

Editability is likewise easier to assert than to measure. Layer counts and DOM structure can be reported, but what
matters is whether a designer who opens the file can get it to do what they want, and that does not reduce to a number.

6 Related Work

6.1 Visual Code Generation and LLMs

The leap in visual code generation ability is reflected most directly in the latest generation of frontier large models.
Models such as GPT-5.6 Sol [27], Claude Fable 5 [1], and Kimi K3 [22] can already build interactive interfaces
and structured layouts directly from natural language instructions. Around this ability, the research community has
established a series of benchmarks and methods: from the early Design2Code [34], WebSight [23], and Web2Code [57],
to Interaction2Code [43] and DesignBench [44], which cover multiple interactions and complex frameworks. To
improve layout fidelity, LaTCoder [13] proposes Layout-as-Thought for block-wise generation, UICopilot [12] and
LayoutCoder [41] use DOM hierarchy and layout priors to guide generation, and UI2CodeN [50] models generation as a
closed loop of “execute, visually inspect, iteratively refine”. Beyond general web pages, vector and structured design has
also advanced quickly: StarVector [31] and OmniSVG [49] model SVG as code sequence generation, InternSVG [35]
connects SVG understanding and generation, AutoPresent [10] and PPTAgent [61] build presentations through code
actions, and ChartMimic [47] and ChartCoder [60] focus on chart code generation. These works establish the advantage
of visual code as an editable, verifiable deliverable. However, the optimization objectives of existing methods generally
center on syntactic compliance and layout fidelity [42]; limited by the bottleneck of pure code in expressing complex
visual texture, high-quality backgrounds, natural textures, or elaborate illustrations are hard to hand-draw directly in code
and often degenerate into simple color blocks or gradients used as placeholders. Editable Visual Design builds on
this code generation ability and focuses on making up for its shortcomings in global aesthetic control and complex asset
generation.

6.2 Image Generation and Computational Design

Complementary to the code route is the image generation route based on diffusion models. Latent Diffusion [32]
established the basic paradigm of high-quality text-to-image generation, and foundation models such as BAGEL [7],
Qwen-Image [40], and Emu3.5 [6] have further improved generation quality and text rendering ability [52]. One branch
of this line focuses on photorealism: Z-Image [58] achieves photorealistic generation and bilingual Chinese–English text
rendering with an efficient architecture, and RealGen [54] uses synthetic image detectors [14, 21, 26, 38, 53] as a reward
signal to suppress artifacts in generated images. For visual design tasks such as posters and infographics, frontier systems
such as GPT Image 1/2 [28, 45], Nano Banana 2 [11], and Seedream 5.0 Pro [2] have achieved marked improvements
in high-density text rendering and layer separation, and the open-source SenseNova-U1 [8] also supports text-dense
infographic generation and editing. On the research side, TextDiffuser [3] improves in-image text rendering through
explicit layout, COLE [18] and OpenCOLE [17] decompose graphic design into hierarchical subtasks, Graphist [5]
outputs structured information containing coordinates and layer order, and PosterCraft [4] optimizes poster aesthetics
and text accuracy through a unified framework and reinforcement learning. These works demonstrate the strong potential
of image models in composition and aesthetic quality. However, what such methods produce is still essentially a raster
image, which has inherent limitations in rigorous long-text layout, local text modification, and downstream engineering
maintenance. Editable Visual Design does not take the generated raster image as the final deliverable; instead, it
draws on the aesthetic and compositional priors accumulated in this line of work, together with its local asset rendering
ability, as upstream input that feeds the subsequent structured code construction.

6.3 Agentic and Reasoning-driven Design Generation

Visual generation is gradually moving from a single-step black-box mode toward an agentic paradigm of “reason
and plan first, then generate and execute”. Early work such as Visual ChatGPT [39] and GenArtist [37] explored
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multimodal tool scheduling and plan verification, Idea2Img [51] refines through sketch generation and reflective iteration,
and RPG [48] uses a multimodal model for global region planning. Subsequently, GoT [9] proposed the Generation
Chain-of-Thought, T2I-R1 [19] introduced a two-level chain of thought coordinated with reinforcement learning,
Uni-CoT [29] explored unified multimodal reasoning, Mind-Brush [15] deeply fuses thinking, retrieval, and creation,
and SCOPE [30], GEMS [16], and Qwen-Image-Agent [59] further enrich planning, search, and context feedback
mechanisms. The direct predecessor GenClaw [55] pointed out the limitation of conventional agents that over-rely on
producing the final image end-to-end, and proposed a code-driven generation paradigm that treats code as a controllable
intermediate canvas (code → image); a parallel line extends this idea beyond still images, where VideoCoCo [25] uses
an executable program as a process-level chain of thought that keeps the generation process inspectable and controllable.
Editable Visual Design continues the core idea of agent collaboration and division of labor, and further evolves the
technical route into one that uses image generation as intermediate assets and as an up-front simulator, with code as the
final engineering deliverable (image → code), pushing visual design from a single raster image toward a layer-decoupled,
fully editable structured artifact.
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