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Fig. 1: ReDesign turns raster images into editable representations that enable real-
time adjustments, such as rewriting text, color theme swaps, and repositioning layouts,
directly to designs. Visit the project page for interactive demos.

Abstract. Recovering an editable design file from a raster image is
a common and costly bottleneck in modern design workflows, yet re-
mains challenging since editability depends on recovering multi-modal
attributes, such as typography, vector geometry, colors, grouping, and
layer ordering. We present ReDesign, an agentic framework that grows
an editable layer hierarchy by selecting and composing specialized tools
across modalities. To keep this long decision process reliable despite im-
perfect tool outputs, we introduce graceful verification at each expansion,
which provides local accept, prune, or retry feedback that prevents error
accumulation and avoids large scale reruns. To evaluate editability at
scale, we introduce the Figma Edit Replay Benchmark, consisting of 909
raw Figma files and 14,796 controlled edit instructions that replay edits
on reconstructed outputs. Across this benchmark and standard recon-
struction metrics, ReDesign achieves strong visual fidelity while deliver-
ing the highest editability across layout, color, and text edits, outper-
forming layered decomposition baselines and serial tool use pipelines.

∗ indicates equal contribution.
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1 Introduction

Designers routinely need to adapt a single design across media platforms, re-
purpose layouts for new campaigns, and make adjustments for accessibility. In
practice, many real world design assets and handoff deliverables exist only as
raster exports or screenshots, so the preceding task is to reconstruct an editable
version (e.g ., Figma or Adobe Illustrator file) from a raster image. Today, that
reconstruction is largely manual and error prone, forcing designers into tedious
recreation before any meaningful edits can begin. Thus, a system that automati-
cally recovers editable components such as text layers, vector shapes, and layouts
can remove this tedious step and dramatically reduce the turnaround time for
designers.

Making a raster image re-editable means recovering the same structured rep-
resentation that designers work with. Design tools, such as Adobe Illustrator,
Figma, and Canva, keeps typography, color, and layout as separate objects with
their own parameters because that aligns with how humans perceive and edit a
design. This structure is exactly what makes editing easy, as these representa-
tions expose the correct “knobs”, such as font attributes for text, vector paths
for primitive shapes, and position and scale for layouts. In essence, rasterization
is a many-to-one mapping from editable layer structures to pixels, so recovering
the original structure from an image is an ill-posed inverse problem. While the
final appearance may look identical, a raster export no longer states which pixels
belong to which object, which attributes produced them, or how elements were
layered. Therefore, a system has to infer a plausible set of objects and param-
eters across multiple modalities including text, geometry, color, and layout, so
the result both matches the image and behaves like an editable design.

Many previous studies solve key subproblems for editable reconstruction,
such as recognizing text [7], decomposing layers [18,30,41], and extracting shapes [23,
38]. A natural next step is to combine these components into an end-to-end sys-
tem, but a straightforward composition is often unreliable, since errors from one
tool can cascade and a single fixed sequence rarely fits the diversity of real de-
signs. In this paper, we present ReDesign, which addresses this gap by focusing
on the structure of the editable output. Editable designs naturally come as a
layer hierarchy, with groups and layers organized in a tree, and we therefore
cast reconstruction as recovering this hierarchy from a raster image. Starting
from the full image as the root, ReDesign operates as a vision-language model
(VLM) agent that repeatedly selects a node to expand and composes a tool se-
quence from a fixed action set to produce child nodes, progressively refining the
hierarchy into atomic editable elements.

In practice, tool outputs are often imperfect, and the controller can make
incorrect expansion choices, producing branches that drift away from the ac-
tual structure of the original design. An accept or reject decision on the final
output [4,26] may be easy to compute but offers little guidance about which ex-
pansion failed or how to repair it. We therefore introduce a graceful verification
at every node expansion, where a verifier evaluates the proposed children, and
either accepts the expansion, prunes invalid branches, or retries with a different
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tool or configuration. The verifier targets failure modes specific to hierarchical
growth, such as duplication across sibling nodes and incomplete coverage of the
parent region. This keeps tree growth efficient by pruning and retrying only the
offending branch at the moment it diverges, rather than letting errors accumulate
until they force a hard failure.

To evaluate our method, we introduce the Figma Edit Replay Benchmark, a
collection of diverse real world designs from raw Figma files [8] with ground-truth
layer hierarchies and attributes. Using this benchmark, we evaluate both visual
fidelity and editability, with editability measured by replaying 14,796 controlled
edit instructions spanning layout, color, and text. Our evaluations show that
ReDesign achieves superior performance compared to strong baselines.

Our contributions are threefold: Our contributions are threefold:

� We introduce ReDesign, an agentic raster-to-editable reconstruction system
that casts the problem as structured tree expansion and grows an editable
layer hierarchy into atomic elements through tool composition.

� The graceful verification enforces local correctness at each node expansion
with accept, prune, and retry outcomes, enabling targeted repair and pre-
venting hard failures from cascaded tool errors.

� We construct the Figma Edit Replay Benchmark and conduct extensive ex-
periments showing that ReDesign achieves strong visual fidelity and state-
of-the-art editability across layout, color, and text edits, with supporting
ablations and comparisons against strong baselines.

2 Related Work

2.1 Layered Image Generation and Decomposition

A growing line of work studies layer-aware image generation [3,5,9,13,20,21,45]
and decomposition [30, 33], motivated by the need for controllable composition
and post-hoc editing [4, 12, 42, 44]. Closest to our setting are methods that de-
compose raster graphics into layers or generate PSD-like layered outputs, aiming
for inherent editability [18, 30, 41]. These approaches provide useful primitives
for isolating elements and for constraining edits to localized regions, and they
become even more practical when combined with modern image editing mod-
els [1, 11]. However, producing layers is only part of reconstructing an editable
design file, which also requires correct semantics, hierarchy, and parameters so
that edits behave as expected. We therefore treat layered decomposition models
as tool for a larger decomposition workflow, rather than as a complete solution.

2.2 Image Vectorization and SVG Generation

Image vectorization has a long history, from classical tracing pipelines [6] to
learned models that generate vector primitives or scalable vector graphics (SVG)
programs [2,23,28,38]. Vectorization is an important ingredient for reconstruct-
ing editable shapes and icons, since vector paths expose direct controls for geom-
etry, scale, and appearance. At the same time, vectorization is not universally
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desirable, since forcing complex textures or photographic content into paths
can reduce editability and distort the representation relative to how the design
was authored. Practical reconstruction therefore requires deciding when vector
paths are appropriate, and when regions should instead be represented as text
or raster layers. Thus, similarly, we utilize vectorization methods as one set of
tools within our hierarchical decomposition process, selectively applying them
where they best support downstream editing.

2.3 Tool-Using Agents

Tool-using agents extend language and vision-language models [27, 31] with ex-
ternal modules, enabling multi-step problem solving through action selection
and execution [25, 39]. In parallel, modern image editing models provide prac-
tical primitives for localized manipulation, content removal, and background
completion that can support iterative pipelines [1, 11]. Most existing agentic
pipelines for vision emphasize serial tool invocation, often paired with an end-
stage validation of the final output [22, 26]. Editable reconstruction differs in
that it requires a long sequence of structural decisions, where early commit-
ments change the state of the reconstruction and constrain what later tools can
recover. This makes reliability depend on how intermediate decisions are guided
and revised during the process, rather than only on the strength of individual
tools or a final verification step. Our work builds on these agentic and editing
primitives, and focuses on structured sequential decision making that supports
local revision while constructing an editable layer hierarchy.

3 Method

3.1 Problem Setup and Overview

Given an input raster image, our goal is to recover an editable design structure,
as we depict in Figure 2. The desired output is a JSON hierarchy that has
editable meta-data, such as vector shapes, colors, text contents, fonts, groups,
and z-orders, and this tree hierarchy must be inferred from the root node which
is the raster image.

We maintain a partial reconstruction tree, which is a tree that contains nodes
whose metadata fields may be incomplete and are filled in over time. The partial
reconstruction tree is expanded as the controller policy selects an action from a
fixed set of actions. A graceful verifier evaluates the proposed expansion at every
step and either accepts the proposed children nodes the or provides signals to
revise the actions. The process terminates when the tree has sufficient metadata
to be exported as an editable JSON hierarchy.

3.2 Action Space and Tools

Converting a raster design into an editable format requires handling heteroge-
neous element types, such as text, vector shapes, photographs, and layered com-
positions, each demanding different specialized processing. We therefore define
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Fig. 2: Overview of ReDesign. A VLM controller grows an editable layer hierarchy
by selecting from a �xed set of tool actions for text, objects, and layered decompo-
sition, and runs graceful veri�cation at each parent-to-children expansion to accept
valid splits, prune redundant or hallucinated children, or trigger a retry, until atomic
editable elements are recovered.

a discrete action space in which each action encapsulates a tool chain tailored
to a speci�c decomposition scenario. This space is modular by design and can
be extended as new tools become available.

Text extraction. An optical character recognition tool [7] localizes and reads
visible text, after which the text pixels are segmented [40] and the vacated region
is inpainted [29], producing a text layer and a remainder layer with the remainder
background.

Multi-layer decomposition. A layered image generation model [41] o�ers
powerful decomposition capability separating the raster image into distinct lay-
ers, with an adaptively chosen layer count based on visual complexity.

Connected Component Labeling. When a layer contains multiple elements
that are spatially disjoint, it can be split into non-overlapping children using a
simple connected component labeling algorithm [24].

Detection and segmentation. For entangled objects, a VLM [10] identi-
�es the foremost element, an open-set detector [19] localizes it, a segmentation
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model [15] extracts it, and an inpainting model [29, 46] �lls the cropped out
region, yielding a foreground node and a background node.

Vectorization. Leaf nodes are �nalized as either vectorized SVG paths [6] for
shape-like content, or raster layers with placement metadata for photographic
content. Text leaves undergo font recognition [34] and typographic property �t-
ting to produce fully editable text elements carrying necessary font attributes.

3.3 Controller Policy for Tree Expansion

The core idea of the controller policy is to follow the same structure as an ed-
itable design �le, instead of a serial or unstructured sequence of actions (tool
calls). We therefore represent the reconstruction as a tree that is grown progres-
sively from the full canvas into smaller, more speci�c regions, so early decisions
establish high level grouping and ordering, and later decisions re�ne each group
into editable leaves. Each node represents a localized region together with its
current metadata, and any attributes already inferred by previous tools. At each
step, the controller selects an action given the node's partial rendering, and the
expansion history stored for that node, which records prior tool choices and
veri�cation outcomes.

Furthermore, since an expansion only depends on the parent node and its lin-
eal state, and not on sibling states, our structured tree growth naturally enables
parallel expansion across all current leaf nodes. Thus, we can expand multiple leaf
nodes simultaneously, which improves throughput without changing the decision
logic or sacri�cing the coarse-to-�ne consistency of the recovered hierarchy.

3.4 Graceful Veri�cation

Structured expansion alone does not guarantee a correct reconstruction due to
imperfect tools and occasional controller mistakes that propose duplicate content
across siblings, leave parts of the parent region unexplained, or introduce content
that was never present in the input. These errors are especially harmful since
they immediately change the state of the tree and therefore constrain all later
actions, resulting in a hard failure, where a system would have to re-run from
the begining.

However, our structured expansion e�ectively limits the scope of each error
to a single parent-to-children proposal, and therefore makes veri�cation both
local and well-de�ned, as the goal of an expansion is simply to decompose one
parent region into a set of children that jointly explain it. Thus, we attach a
graceful veri�cation step to every proposed expansion and evaluate whether the
candidate children form a valid decomposition under two simple criteria, (1) does
the union of child nodes cover the parent content and (2) does the child node
expand beyond the parent content. The veri�er either accepts the expansion,
prunes invalid or redundant children, or triggers a retry by requesting a di�erent
tool choice or adjusted hyperparameters for the same parent. In this way, errors
are corrected locally before deeper branches are built on top of them, and the
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Fig. 3: (a) Figma examples and statistics compared to the Crello dataset. (b) Edit
Replay Benchmark and detailed edit types.

controller receives structured feedback tied to a single parent to children decision,
which in turn reduces hard failures that would require large-scale reruns.

3.5 Memory Management and Repair Signals

We maintain a lineal memory per node, meaning that each expansion stores only
its own history along the path from the root rather than tracking sibling states,
and this design avoids exponential growth while also preventing concurrency is-
sues due to parallel execution. Speci�cally, for every node we record the tool
inputs and outputs, the tool choice and hyperparameters, and any veri�cation
outcomes or failure reasons, and this compact record makes the controller's next
decision better grounded because it can reuse what worked and avoid repeat-
ing con�gurations that already failed. Therefore, when an expansion is rejected
or pruned by the veri�er, the controller can perform local repair by selecting a
di�erent action or adjusted settings based on the stored failure signal, and con-
tinuing growth without disturbing the rest of the tree, which reduces redundant
computation and keeps parallel progress stable.

4 Experiments

4.1 Figma Dataset and the Edit Replay Benchmark

To evaluate reconstruction on real-world design artifacts with ground-truth struc-
ture, we collect a dataset of 909 raw Figma design �les. Each �le provides the
layer hierarchy along with element types and attributes, including text content
and typography, vector shapes, colors, and ordering. As seen in Figure 3 (a), we
�nd that the Figma dataset consists of complex real-world designs compared to
the original Crello dataset [37], with an average 2.62 times more elements per
sample.
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We use these �les to benchmark editability by generating paired supervision.
Speci�cally, for each design, we apply a controlled edit directly to the original
Figma document (e.g., reposition, text edit, and recolor) and render the post-
edit image as ground truth. In total, we curate 14,796 edit instructions, averaging
15 edits per design.

We also evaluate visual reconstruction accuracy on the Crello dataset [37],
which provides raster design images with annotations. Following standard prac-
tice, we report reconstruction metrics on Crello to enable comparison with prior
methods that emphasize visual �delity and element recovery.

4.2 Baselines

Layered image decomposition. We compare against Qwen-Image-Layered [41]
and LayerD [30], which decompose an input image into a set of RGBA layers.
Since RGBA images are not directly editable, we post process the layers using
OCR and vectorization tools, as discussed in the original papers.

Tool using agent. We compare against a standard tool using agent, similar
to a ReAct framework [39], that has access to the same tools and memory and
uses the same VLM backbone. The agent produces an editable JSON output
through a single linear sequence of tool calls, with validation at the end.

Image vectorization. We compare against VTracer [6], a widely used image
vectorization tool, and treat their outputs as an editable design. We also ex-
perimented with recent vectorization models (e.g., OmniSVG [38] and StarVec-
tor [23]), but found that they perform poorly on design images due to a domain
gap, since many are trained primarily on icons or simpli�ed graphics.

4.3 Editability

Edit replay protocol. We evaluate editability on the Figma design dataset
using an edit replay protocol, meaning that we apply the same edit operation
to the ground-truth design and to the reconstructed design, and then compare
the rendered results. Each example provides a ground-truth editable design �le
and its corresponding raster image, after which each method takes the raster
image as input and produces an editable output in the same target format. We
then replay the edit instruction on the ground truth �le to obtain a rendered
reference, replay the same instruction on the predicted editable output, and
�nally measure agreement between the two edited renderings.

Speci�cally, to apply the same instruction to a predicted editable output,
we �rst match the target ground-truth element to an element in the prediction.
Since predictions made by di�erent models have di�erent representations of a
reconstructed design, we match the target and ground-truth using the highest
intersection over union (IoU) among all decomposed elements. If no suitable
match exists, the edit is not executed. Otherwise, we apply the same property
change to the matched predicted element and render the edited prediction. We
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Fig. 4: (a) Edit replay SSIM for di�erent edit types, where our method performs best
across all edits. (b) Text editability measured by text recall after replaying text edits,
where our method achieves the highest recall among baselines.

measure the structural similarity (SSIM) [32] between the ground-truth rendered
image and the edited image. For text edits, we additionally evaluate whether
the edited text is correctly realized by running OCR on the rendered result and
reporting text recall against the ground truth rendered text.

Editability results. As seen in Figure 4, our method achieves the best ed-
itability across all edit types, showing that the recovered hierarchy supports both
appearance edits and structural edits without breaking the design. In particu-
lar, we perform strongly on attribute edits such as recolor and opacity, where
baselines often fail because the target element is not cleanly separated and the
edit bleeds into background pixels or nearby layers. Qwen-Image-Layered [41]
and LayerD [30] remain competitive on simpler geometric edits such as delete
and rotation, but their performance drops on edits that depend on correct ele-
ment attribution and ordering, which requires the model to recover which pixels
belong to which layer and how layers are stacked. We observe the same trend
for text, where Figure 4 (b) shows that our method achieves the highest text
recall after replaying text edits, while the Tool Agent baseline degrades sharply
because error cascades in long serial tool chains often corrupt the reconstruction
early, and text is typically the �rst content to become distorted and undetectable
in later steps.

Qualitative examples in Figure 5 illustrate this failure mode, where edits
intended for one element unintentionally a�ect several other elements. Overall,
these results indicate that structured reconstruction yields representations that
can be precisely targeted, and that graceful veri�cation prevents early decom-
position mistakes from propagating into failures for edits that require correct
grouping and z-order.
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Fig. 5: Example of edit instructions performed on editable formats produced by each
baseline. Ground-truth edit pairs are the original image (top-left) and the edited image.
Target edit areas are highlighted in green. Best viewed digitally.

4.4 Reconstruction Accuracy

We evaluate visual reconstruction accuracy on both the Figma design dataset
and the Crello dataset. For each input raster image, each method produces an
editable output in our target format, which we render back to a raster image.
We compare the rendered reconstruction to the input using complementary met-
rics that capture object-level appearance (mean L1 error), global visual �delity
(PSNR and LPIPS [43]), and layout �delity (panoptic quality (PQ) [14] and
detection F1), reported in Tables 1 and 2.

On Figma, our method is best across all metrics, improving object appear-
ance, global �delity, and layout. The Tool Agent baseline shows much weaker
global �delity than other approaches, supporting our design choice of structured
hierarchical decomposition with graceful veri�cation to prevent error accumula-
tion in long, linear tool chains. Qwen-Image-Layered [41] attains strong global
similarity but lags in layout, consistent with layer decompositions that match
overall appearance while mis-segmenting or mis-ordering elements. Qualitative
results are presented in Figure 6, where baseline approaches often trade o� be-
tween plausible hierarchical layouts and precise object segmentation, whereas our
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