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Abstract

Design generation, in its essence, is a step-by-step process
where designers progressively refine and enhance their work
through careful modifications. Despite this fundamental char-
acteristic, existing approaches mainly treat design synthesis
as a single-step generation problem, significantly underesti-
mating the inherent complexity of the creative process. To
bridge this gap, we propose a novel problem setting called
Step-by-Step Layered Design Generation, which tasks a ma-
chine learning model with generating a design that adheres to
a sequence of instructions from a designer. Leveraging recent
advancements in multi-modal LLMs, we propose SLEDGE:
Step-by-step LayEred Design GEnerator to model each up-
date to a design as an atomic, layered change over its previ-
ous state, while being grounded in the instruction. To com-
plement our new problem setting, we introduce a new eval-
uation suite, including a dataset and a benchmark. Our ex-
haustive experimental analysis and comparison with state-of-
the-art approaches tailored to our new setup demonstrate the
efficacy of our approach. We hope our work will attract atten-
tion to this pragmatic and under-explored research area.

1 Introduction

Design generation is a key application at the intersection
of computer vision and creative intelligence. A design is a
composition of textual and visual elements harmoniously in-
terleaved to convey intended semantics. The typical design
workflow of a designer begins with a sequence of steps (see
Step 1 to Step 4 in fig. 1) and uses generation tools to bring
the plan to life. These tools let designers manipulate element
locations and modify attributes like font size. The ability to
review and update is essential in the design generation cycle.

Advances in Multi-modal Large Language Models
(MLLMs) (Wu et al. 2023; Chen et al. 2023; Zhang et al.
2024b; Zhu et al. 2023; Liu et al. 2023) and diffusion-based
generative models (Yang et al. 2024; Ruiz et al. 2022; Dhari-
wal and Nichol 2021; Ho, Jain, and Abbeel 2020) have had
unprecedented success in generating graphic designs (Jia
et al. 2024; Inoue et al. 2024) from textual prompts. In con-
trast to layout generation approaches (Lin et al. 2023a; Luo
et al. 2024; Levi et al. 2023; Inoue et al. 2023b; Cheng et al.
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2024) which proposes only the location of elements, de-
sign generation approaches like COLE (Jia et al. 2024), and
Open-COLE (Inoue et al. 2024) proposes the content along
with their layout information, making it much more closer
to creating consumable designs. Two key aspects that would
further improve their applicability would be: 1) the ability to
consume step-by-step instructions, similar to human work-
flows, and 2) the ability to create layered generations, en-
hancing the editability of the design. These would facilitate
the human-AlI co-creation of graphic designs, where human
creativity can be augmented with generative models.

Towards this end, we formalize and introduce the
problem-setting of Step-by-step Layered Design Generation,
inspired by how humans carry out design workflows. Given
a canvas state and a natural language instruction of the in-
tended change from a designer, the design generator should
be able to generate a modified canvas aligning with the in-
struction. To enhance the editability of designs, each modi-
fication should be atomic and layered on top of the previous
state of the canvas. Textual elements should have their at-
tribute metadata like font size, font type, and color predicted
by the model, to enhance user control.

Though intuitive, iterative design generation presents a
significant challenge in practice due to its dual requirements
of maintaining editability and generating cohesive content.
The complexity lies not only in adding new content but also
in accurately preserving various design elements, shapes,
and textual components of the original canvas. As demon-
strated in our experiments, existing editing models (Li et al.
2024; Feng et al. 2024) often struggle to generate content be-
yond localized adjustments, leading to suboptimal results in
scenarios requiring holistic updates. Also, an ideal iterative
design generator should be able to consume multi-modal in-
put (canvas state and instructions) and generate multi-modal
output (modified canvas state and metadata for the modifica-
tion). These characteristics make the problem setup unique,
and straightforward adaptation of existing approaches fails
to provide acceptable fidelity as validated in section 5.

To bridge this gap, we present SLEDGE: Step-by-step
Layered Design Generator, a novel framework by leverag-
ing the complementary strengths of MLLMs and diffusion
models to enable controlled, layerwise, iterative design gen-
eration. Our critical insight is that combining the high-level
semantic understanding of MLLMs with the fine-grained



Design creation process is naturally step-by-step, for instance, while creating a poster for Street Fashion, a designer would break it down into the following sequence:
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Overlay a detailed line art of a
city street, including buildings,

Input in step 3:

Add an illustration of a person standing
confidently, wearing a casual outfit with
a sky blue jacket and holding a bag.
Ensure the person is positioned

Input in step 4:

Add the words ‘Street Fashion'
in a tall, thin, and clean font,
ensuring it is aligned to bottom
right and clearly visible.

prominently in the center. |

We propose «# SLEDGE: Step-by-step LayEred Design Generator,

consume these step-by-step instructions from a designer, and generate designs layer-by-layer, enhancing editability and control.
v v v

Figure 1: Motivated by how design experts create graphic designs, we introduce a novel problem setup and an approach to
generate graphic designs in a step-by-step manner, seeking inputs from the user at each step. Additionally, each step generates a
layer over the previous step to allow the designer to manually intervene and adjust the design if necessary. This would facilitate
Human-AI co-creation, as the Al-generated content would be naively editable using design software.

generation capabilities of diffusion models enables more
precise control over the design generation process. A key
challenge involved in training such a composite model is cu-
rating training data. We introduce IDeation: Iterative Design
generation dataset containing triplets of current canvas state,
edit instruction, and target canvas state. IDeation Dataset lets
the MLLM learn a unified representational space that can
interoperate between the current state of the canvas C, the
modification instruction I, the new state of the canvas C, 11
and the associated meta-data for modification M 1. M4
corresponding to the textual changes that can be layered on
top of C; via deterministic text-rendering techniques, while
new images added in C,; are extracted and harmoniously
integrated into C;. See section 3 for details.

In order to evaluate the model on its ability to generate
designs from a sequence of instructions across a diverse set
of topics, we introduce IDeation benchmark, containing in-
structions across 1000 varied topics. We adapt recent state-
of-the-art iterative editing approaches to the problem setup
and rigorously compare against them in section 5. We find
that SLEDGE is able to maintain improved fidelity and se-
mantic consistency when compared to them.

To summarize, the key highlights of our work are:

* We introduce a novel problem: Step-by-step Layered De-
sign Generation, where graphic designs would be gener-
ated and updated based on sequential user instructions.

We propose SLEDGE: Step-by-step Layered Design
Generator, anovel approach to address this task, leverag-
ing multi-modal LLMs and diffusion models to achieve
high-quality layered step-by-step design updates.

We present a large-scale dataset consisting of over
150, 000 edit instructions for training and over 20, 000
instructions for testing, specifically designed to support
iterative design generation.

¢ We introduce an evaluation benchmark with more than
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1,000 unique themes and over 10,000 detailed edit in-
structions to assess the design generation performance.

* We establish a rigorous evaluation protocol to compre-
hensively assess the quality of generated designs across
various models, both qualitatively and quantitatively.

2 Related Work

Design Generation Approaches: Layout generation meth-
ods (Chai et al. 2023; Hsu, He, and Peng 2023; Lin et al.
2023b; Shimoda et al. 2024; Yamaguchi 2021; Inoue et al.
2023a; Chen et al. 2024; Cheng et al. 2023; Guerreiro
et al. 2025; Cheng et al. 2024) predict element place-
ments either conditionally or unconditionally, producing
only bounding boxes with class labels (e.g., text, image,
background). They do not generate actual content. With
MLLMs, COLE (Jia et al. 2024), and Open-COLE (Inoue
et al. 2024) generate full designs from a caption in a single
step, but cannot process sequential instructions due to their
fixed input format. In contrast, our work is among the first
to enable full-spectrum design generation driven by step-by-
step designer instructions.

Iterative Generation Approaches: Diffusion models (Ho,
Jain, and Abbeel 2020) excel in generative tasks and have
been adapted for iterative generation and editing (Joseph
et al. 2023; Feng et al. 2024; Li et al. 2024). ZONE (Li et al.
2024), extending frameworks like Instruct Pix2Pix (Brooks,
Holynski, and Efros 2023; Zhang et al. 2023), supports
layer-by-layer edits and serves as a key baseline for our
study. Integrating LLLMs with diffusion models has led to
significant progress (Xia et al. 2025; Zhou et al. 2024; Feng
et al. 2024; Sun et al. 2024; Ge et al. 2024). RANNI (Feng
et al. 2024) uses an LLM as a planner to guide a layout-
conditioned diffusion model, while LLMGA (Xia et al.
2025) refines prompts via LLMs and applies task-specific
diffusion models for editing, inpainting, and T2I. We com-
pare with both in section 5.
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Figure 2: The figure provides an overview of SLEDGE: Step-by-step Layered Design Generator. The current state of the canvas
C;, the instruction from the user I;, and an optional image to be inserted Uy} is provided to the framework. A MLLM unifies
these signals to generate the next state of the C, 1, along with the associated metadata, enabling layer-by-layer generation.

Evaluation Metrics for Generated Designs: Evaluating
generated designs is challenging. Traditional metrics focus
on technical aspects like layout balance (Purchase, Free-
man, and Hamer 2012; Ngo, Teo, and Byrne 2003), while
recent studies emphasize perceptual and aesthetic quality.
FID (Heusel et al. 2018) is widely used but has known is-
sues: sensitivity to noise (Parmar, Zhang, and Zhu 2022),
diversity bias (Kynkddnniemi et al. 2023), reliance on pre-
trained models (Borji 2022), and poor alignment with hu-
man perception (Chong and Forsyth 2020). To address this,
we primarily adopt MLLM-based evaluation, which better
captures multimodal content and aligns with human prefer-
ences (Lin et al. 2024). Haraguchi et al. (Haraguchi et al.
2024) further support this choice by showing strong cor-
relation between MLLM evaluations and human judgment.
Sec. 5.2 details our MLLM-based evaluation protocol. For
completeness, we also report FID scores.

3 Step-by-step Layered Design Generation

We focus on the novel task of generating a graphic design
by consuming step-by-step instructions from a designer. At
each step of the design generation process, the current can-
vas state C,, represented as an image, a user instruction
I, and optionally an image to be inserted U, is passed to
our approach SLEDGE, denoted by F(C;, I, U;; 8) which
generates the updated canvas C,; along with its metadata
M, 1. As shown in fig. 2, the metadata contains bounding-
box information of its location on the canvas. Text elements
additionally include content and font information. The first
canvas Cj is initialized blank.

Design generation necessitates a rich understanding of

22556

the interplay between the images, text, their locations, and
visual aspects like color and spacing. Recent advances in
multi-modal learning (Zhang et al. 2024a; Liu et al. 2023;
Zhu et al. 2023; Chen et al. 2023; Sun et al. 2024), which
learns a unified representation space for multi-modal enti-
ties, can provide the ideal implicit bias towards modeling de-
signs. Hence, for instantiating F(Cy, I;, Uy; 6), we propose
to use a Multi-modal LLM architecture, explained next.

3.1

An LLM is primarily trained to process text tokens for both
input and output. However, for our specific application, we
require the ability to incorporate both C; (canvas represen-
tations) and I, (text instructions) into the LLM’s workflow
while also generating C; as part of its outputs. This ne-
cessitates a unified representational space where visual el-
ements (canvas) can be effectively integrated with textual
information. The LLM must be able to interpret, manipu-
late, and condition on this shared space to generate coherent
updates. We propose a three-step pipeline to achieve this:
Step 1 Aligning Visual Encoder and Decoder: We encode
the visual data in our pipeline using a pre-trained Vision
Transformer (Dosovitskiy et al. 2021) based image encoder,
denoted by V. The encoded visual data by V goes via the
SD-XL decoder (Podell et al. 2023) , denoted by G(.). Out-
put of D replaces the textual prompts passed as input to the
cross-attention layers of G to generate back the original can-
vas. The parameters of both V and G(.) are frozen, while D
is trained with reconstruction loss, ensuring a common space
for the images to be projected and generated.

Step 2 Aligning Visual Encoding to MLLM’s Encoding: In

Modeling Each Canvas Generation Step




this stage, we finetune the MLLM to start consuming the
canvas latents from ) along with textual data. We start off by
sampling a random canvas state C;, the text instruction I,
and the image to be inserted U,. Note that Uy is optional. To
simulate this during the training process, it is sampled with
a probability of 0.5 and fed to F. This mechanism enables
F to accept additional input at inference and can act solely
as a design planner. C; and Uy, are fed to V to get the cor-
responding visual embeddings before being passed onto the
MLLM, as illustrated in fig. 2. The MLLM predicts both the
metadata Mt+1 and the visual embeddings of the updated
canvas state V(Cy1). The metadata allows for extracting
the layer information as explained in section 3.2.

Our training approach treats metadata and visual embed-
dings differently. The metadata tokens, being textual in na-
ture, are learned through next-token prediction with a cross-
entropy loss. At the same time, visual embeddings use a
Mean Squared Error (MSE) loss between the predicted em-
beddings and the embeddings of the ground truth updated
canvas extracted from the ViT used to encode the initial can-
vas, shown in eq. (1). To maintain a clear separation between
visual and textual embeddings, we utilize a special (img)
token that frames start and end of visual embeddings.

L= Lmse(v(ét+1)> V(Ct+1))

+ Lpce (Mt+1 ‘M)

Step 3 Enhancing Latent Compatibility: In this training
stage, we freeze the MLLM parameters and focus on adapt-
ing the D module to the MLLM’s output. The function of D
is to translate the MLLM’s output into a format interpretable
by G(.), and is initially trained in Step 1. This learnable mod-
ule effectively enables us to utilize G(.) with MLLM’s mul-
timodal output, allowing us to process and integrate the in-
formation necessary for image synthesis. We finetune D by
freezing the MLLM and G(.) parameters and propagating
the reconstruction loss between C' and Cgr only through the
layers of D. During training, D starts to understand the vi-
sual embeddings V(Cy 1) from the MLLM while also trans-
forming them in a manner that can be understood by G(.),
thus acting as a bridge between MLLM and generator.

ey

3.2 Facilitating Layered Generation

While editing a design step-by-step, only those areas that
need to be modified should be altered. The rest of the design
should be consistent with the previous version of the canvas.
Generating the Image Layer: To preserve the content of
C; while incorporating new images from C;, 1, we selec-
tively extract only the edited region from C,;. For this, we
leverage the bounding-box coordinates B predicted by the
MLLM as guidance. Using these coordinates, we generate
an initial binary mask M as defined in eq. (2), which seg-
ments the modified area from the updated canvas Cy ;.

1
M) = @

However, masks from predicted bounding boxes are often
coarse and may include unintended regions. To refine them,

if M(4,7) is inside B,
otherwise.
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we use Segment Anything Model (SAM) (Kirillov et al.
2023) to generate high-quality masks. For each predicted
mask, we compute the mean Intersection over Union(IoU)
with the M=1 region and select the one with the highest
score, filtering out spurious outputs. We then dilate the se-
lected mask to smooth the mask boundaries. The final can-
vas C,y is generated by blending the original and edited
regions by:

Cit1=C,o(1-M)+Ci11 OM, 3)

This intuitive approach ensures that only the target edit re-
gion is modified while preserving the rest of the canvas.
Generating the Text Layer: Rendering text via diffu-
sion models is challenging, often resulting in poor legibil-
ity (Ramesh et al. 2022). Given the importance of text in
design, we adopt a deterministic text rendering module (In-
oue et al. 2024), bypassing generative methods. It overlays
text using font and positional cues from the MLLM, ensur-
ing clear, layout-aligned text rendering. This ensures legi-
ble text in generated images and precise alignment with the
MLLM’s predicted layout.

4 IDeation Dataset and Benchmark

To train and evaluate our novel problem setup, we propose
IDeation: Iterative Design generation dataset and bench-
mark suite. The dataset contains 182,552 datapoints for
training, complemented by 22,881 datapoints for testing.
Each data point is a triplet containing the initial state of
the canvas, edit instruction, and the corresponding modified
canvas. Further, in order to capture the variety of themes
in which designers would create designs, we introduce a
benchmark containing 10, 976 instructions across 1, 066 de-
sign themes. We provide more details below:

4.1 IDeation Dataset

We augment the data points in the Crello dataset (Yamaguchi
2021) with turn-by-turn edit instructions to create IDeation
Dataset. Crello dataset is a comprehensive resource for vi-
sual design elements sourced from the VistaCreate platform,
designed to support visual synthesis tasks and layout analy-
sis. The dataset contains over 23,000 unique design rendi-
tions, making it one of the most extensive resources for ex-
ploring structured design composition. The dataset contains
various design elements, including templates, images, icons,
fonts, and layout configurations. Each design rendition is ac-
companied by all the individual elements associated with it.
We extract and present to GPT-40 (OpenAl 2024) all the
individual elements and the final composite image for each
design rendition in Crello. The model is then prompted to
deduce the order in which elements should be placed on an
empty canvas to reconstruct the design step-by-step. Along-
side deciding the order of elements, GPT-40 is asked to gen-
erate textual instructions detailing each incremental update,
thereby providing a dynamic reconstruction path for the final
design rendition. The exact prompt used is shown below.

Prompt: You are given a list of design elements. Each
element in the list is associated with a specific index



with the final element corresponding to the final de-
sign rendition. Your task is to determine the order in
which these elements should be layered on a canvas in
a layer-by-layer fashion. The output should be a dic-
tionary where the key is the index of the element pro-
vided in the list, and the value is the layer to which it
belongs in the final design. Additionally, for each el-
ement, provide a detailed textual instruction that can
guide a text-to-image model to generate the elements
on the canvas without referring to the design elements
explicitly.

As a precursor to large-scale data generation, we sampled
100 design examples and manually reviewed their generated
edit instructions for coherence and logical sequencing. We
updated the prompts to improve the quality of the gener-
ations. Once we ensured that the generations are good for
this control set, we scaled up and generated comprehensive
instructions for the entire Crello (Yamaguchi 2021) dataset.

4.2 IDeation Benchmark

While the Crello (Yamaguchi 2021) dataset offers a strong
base for iterative design generation, it lacks topic diversity.
Its evaluation set includes only ~2,000 samples across 24
categories. To address this, we propose a broader bench-
mark with over 1,066 unique themes and 10,000+ detailed
instructions, enabling more rigorous and diverse evaluation
of model generalization across varied design scenarios.

Towards creating the IDeation Benchmark, we prompt
different closed-source models to generate a set of unique
design themes. Specifically, we prompt Gemini (Team et al.
2023), GPT-40 (OpenAl 2024), and Claude-Sonnet (An-
thropic 2024) each to give 500 different themes that can be
used to create designs. We prompt different models to ensure
we have a diverse set of themes. From the 1,500 themes
generated, we remove duplicates or similar themes to end-
up with 1,066 themes. They vary from “Climate Change
Awareness” to “Tropical Beach Vacation”.

Once we have the themes, we use in-context learning and
prompt GPT-40 (OpenAl 2024) to generate edit instructions.
In this way, for each theme, we have a set of instructions
that we can use to generate design renditions. We evaluate
the quality of edit instructions in the Ideation benchmark us-
ing GPT-40, which confirmed 99.7% of all instructions as
meaningful. The remaining instructions were removed.

5 Experiments and Results
5.1 Baseline Methods

As we introduce a novel problem setting, we adapt existing
baselines to the new task and provide qualitative and quan-
titative comparisons with them. First, we adapt the state-
of-the-art text-to-design approach Open-COLE (Inoue et al.
2024) to our setting in two ways, which we refer to as
iCOLE and cCOLE. We also adapt sota iterative image edit-
ing methods to our setting. We explain them next:

iCOLE: We replace text-to-image module in Open-
COLE (Inoue et al. 2024) with iterative editing module
from Zone (Li et al. 2024), for step-by-step generation.

22558

cCOLE: Here, the step-by-step instructions are concate-
nated, and passed together into OpenCOLE (Inoue et al.
2024). Please note that cCOLE is not iterative like other
baselines. Therefore, we compare cCOLE using metrics that
measure the quality of the final rendered design in table 2.
Ranni (Feng et al. 2024): combines an LLM and a diffusion
model, where the LLM acts as a planner and the diffusion
model as a generator. The generator is conditioned on the
layout generated by the planner. It can do step-by-step
editing by preserving the latents of the previous generation.
ZONE (Li et al. 2024): builds upon Instruct-
Pix2Pix (Brooks, Holynski, and Efros 2023) and Mag-
icBrush (Zhang et al. 2023) where localization information
in attention maps are combined with SAM (Kirillov et al.
2023) for layer-wise editing.

LLMGA (Xia et al. 2025): learns to refine input prompts,
which is passed into diffusion models that can do inpainting,
editing, and text-to-image generation. Using the image-
editing part of LLMGA in a step-by-step manner for designs
does not work well. This is because their editing model
is optimized for localized edits and struggles when tasked
with generating entirely new components. To alleviate this,
we use their text-to-image model for the first step and then
use the editing model. We refer to this as T2I+LLMGA.
Please note that this is an unfair advantage to this baseline
as all other baselines and our approach SLEDGE, starts off
by editing the blank canvas.

5.2 Evaluation Protocol

We evaluate SLEDGE and baselines on three properties: 1)
theme adherence, checking alignment between the final de-
sign and the theme; 2) aesthetic quality, evaluating the final
design’s aesthetics; and 3) edit compliance, assessing how
well generations follow editing instructions. These are mea-
sured either as absolute scores on a five-point Likert scale
(1=poor to S5=perfect) or as relative comparisons between
SLEDGE and baselines.

Following findings in (Haraguchi et al. 2024) that
MLLM evaluations align well with human judgments,
we adopt state-of-the-art MLLMs GPT-40 and Internl.M-
XComposer-2.5 (Zhang et al. 2024a) as evaluators. For
theme adherence, the MLLM receives the final design and
associated design theme; for aesthetics, only the final de-
sign; and for edit compliance, the current canvas, updated
canvas, and instructions.

MLLM evaluators may exhibit ordering biases (Zheng
et al. 2024). To mitigate this, we use a circular evaluation
strategy: each method pair is evaluated twice per output with
flipped image order. This controls for bias, ensuring prefer-
ences are not order-dependent. If the MLLM’s response re-
mains unchanged, we treat the outputs as equal.

To enhance evaluation rigor, we use traditional metrics.
FID assesses visual quality of the final design. Aesthetic
Score is computed using a CLIP (Radford et al. 2021) model
fine-tuned on LAION-Aesthetics (LAION-AI 2025). Text
Accuracy measures CLIP similarity between predicted and
reference text. loU evaluates alignment between predicted
and ground-truth text positions.
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Figure 4: Illustration of iterative design generation using our method in the top row. For each design, the starting point is a
blank canvas. The rest are additional final renditions from our model. Please refer to our supplementary for more examples.

5.3 Results

We showcase quantitative results in fig. 3 and tables 1 and 2
and qualitative results in figs. 4 to 6. From fig. 3 and ta-
ble 1, it can be see that Ranni (Feng et al. 2024) and
ZONE (Li et al. 2024) both perform poorly. We believe the
main reason for the poor performance of ZONE (Li et al.
2024) could be complex edit prompts, as it is based on In-
structPix2Pix (Brooks, Holynski, and Efros 2023) and Mag-
icBrush (Zhang et al. 2023), which generally excels for sim-
pler prompts. These complex prompts can vary from lo-
calized edits to generating new objects where ZONE does
not fare well. For Ranni (Feng et al. 2024), the layout-
conditioned model method offers a great solution for design
generation. However, Ranni does not perform well on either
of the evaluation datasets. As noted by others ! the model

"https://github.com/ali-vilab/Ranni/issues/7
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size could be a problem. For qualitative results, we show
results from stronger baselines(T2I+LLMGA, cCOLE, and
iCOLE).

From the baselines considered, LLMGA (Xia et al. 2025)
also suffers from similar problems as ZONE (Li et al.
2024). However, with T2I+LLMGA, we establish a very
strong baseline. From fig. 3 and table 1, it can be seen
that T2I+LLMGA and our method show competitive per-
formance. While cCOLE is capable of generating aesthetic
outputs, it lacks the layered generation capability, making it
less useful for design editing operations. iCOLE performs
better than ZONE (Li et al. 2024) and RANNI (Feng et al.
2024), proving to be a strong baseline, but its outputs are
often not as aesthetic as SLEDGE and often too simplistic.

Further, we perform human evaluation using Amazon
Mechanical Turk by randomly sampling 100 samples and
comparing SLEDGE against baselines: T2I+LLMGA and
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Figure 5: Qualitative comparisons show that Ranni, Zone,
and cCOLE struggle, while T2I-LLMGA benefits from
stronger T2I initialization; in contrast, our method achieves
consistent results using a single unified model.

FIND YOUR PERFECT PLACE FIND YOUR PERFECT PLACE  FIND YOUR PERFECT PLACE

.

Figure 6: SLEDGE generates diverse samples for a given
instruction by varying the random seed, using the same in-
structions as in fig. 4.

iCOLE. For each sample, we evaluate theme matching, aes-
thetic quality, and edit compliance. On average, SLEDGE
was preferred by 63% of the users compared to the base-
lines for theme adherence. For aesthetic quality, SLEDGE
was chosen by 59% of the users, and finally, 62.5% users
preferred SLEDGE over the baselines for edit compliance.

5.4 Ablation Studies

We validate our design choices through an ablation study to
assess the impact of key components in our approach.
Study 1 Effect of Fine-tuning D: We compare our fine-
tuned D module against directly using the decoder after Step
1. This allows us to evaluate the benefit of adapting D to our
specific task. From fig. 7, we see that finetuning D improves
the overall performance by improving alignment.

IDeation Benchmark Crello
TA(H)  AQ() EC() | AQ() EC(1)
ZONE (Li et al. 2024) 1.23 1.37 1.84 2.22 1.84
Ranni (Feng et al. 2024) 1.50 1.51 1.23 1.72 1.72
iCOLE 2.81 3.01 2.01 3.00 2.10
T2I+LLMGA (Xia et al. 2025)  3.45 3.13 2.95 3.12 2.87
SLEDGE 3.57 3.61 3.12 341 3.60

Table 1: We compare performance across both datasets on
theme adherence (TA), aesthetic quality (AQ), and edit com-
pliance (EC). Evaluator scores range from 1 to 5.
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FID(]) Aesthetic Score(f) Text Accuracy(f) IoU(T)
T2I+LLMGA  87.9 4.0 - -
cCOLE 86.7 3.8 73.8 11.1
iCOLE 171.3 32 74.3 4.5
SLEDGE 46.8 4.2 89.4 23.5

Table 2: Compared with baselines SLEDGE outperforms
the best baselines across FID (Heusel et al. 2018), Aesthetic
Score, Text Accuracy, and IoU of textual elements.

e66e

WiStudy 1 M Study 2 M Study 3 MStudy 4
M Sledge M Both

Figure 7: We compare SLEDGE against its ablated ver-
sions, each denoted by ‘Study #°, please refer to section 5.4.

Study 2 Full vs. Region Loss: We examine applying the
Step 3 loss to the full predicted canvas vs. only the MLLM-
specified region. The latter reduces performance, because
full-image loss better leverages global context.

Study 3 U, handling: We compare removing {; versus re-
placing it with an empty canvas. Removal performs better,
as empty canvas introduces misleading signals and attention
overhead, while removal more clearly indicates absence.
Study 4 Layer Extractor: We examine the performance of
SLEDGE without the layer extractor module. This module
helps to maintain consistency across the edit instructions,
ensuring that the final design is according to the user’s needs.
As shown in fig. 7, removal of the layer extractor signifi-
cantly harms the performance.

6 Conclusion

We introduce the novel problem of Step-by-step Layered De-
sign Generation and propose SLEDGE to address it. To
support this, we set up the IDeation evaluation suite for ro-
bust model training and evaluation. Our experiments show
that existing baselines struggle with step-by-step design
prompts, while SLEDGE consistently outperforms them.

However, the diversity of the design space poses unique
challenges. One is handling variable resolutions, which cur-
rent generative models lack but would greatly enhance cre-
ative flexibility. Another is native support for transparency,
enabling direct layer-wise generation for seamless design in-
tegration. These open directions offer promising avenues for
future research, and we hope our work brings attention to
this practical yet underexplored area.
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