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Abstract

Graphic design is crucial for conveying ideas and mes-
sages. Designers usually organize their work into objects,
backgrounds, and vectorized text layers to simplify editing.
However, this workflow demands considerable expertise.
With the rise of GenAl methods, an endless supply of high-
quality graphic designs in pixel format has become more ac-
cessible, though these designs often lack editability. Despite
this, non-layered designs still inspire human designers, in-
fluencing their choices in layouts and text styles, ultimately
guiding the creation of layered designs. Motivated by this
observation, we propose Accordion, a graphic design gen-
eration framework taking the first attempt to convert Al-
generated designs into editable layered designs, meanwhile
refining nonsensical Al-generated text with meaningful al-
ternatives guided by user prompts. It is built around a vi-
sion language model (VLM) playing distinct roles in three
curated stages: (1) reference creation, (2) design planning,
and (3) layer generation. For each stage, we design prompts
to guide the VLM in executing different tasks. Distinct from
existing bottom-up methods (e.g., COLE and Open-COLE)
that gradually generate elements to create layered designs,
our approach works in a top-down manner by using the
visually harmonious reference image as global guidance
to decompose each layer. Additionally, it leverages multi-
ple vision experts such as SAM and element removal mod-
els to facilitate the creation of graphic layers. We train
our method using the in-house graphic design dataset De-
sign39K, augmented with Al-generated design images cou-
pled with refined ground truth created by a customized in-
painting model. Experimental results and user studies by
designers show that Accordion generates favorable results
on the Designintention benchmark, including tasks such as
text-to-template, adding text to background, and text de-
rendering, and also excels in creating design variations.

1. Introduction

Graphic design is an important media format for modern vi-
sual communication. Specifically, graphic design is intrin-
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Prompt: Create a Youtube thumbnail for a channel that provides a guide on making a romantic bouquet for Valentine's Day.
The thumbnail should include the title 'How to Make a Romantic Bouquet' and a call-to-action button 'Watch Now'.

Figure 1. Left: We convert Al-generated non-layered design refer-
ence images to layered designs by extracting background, objects,
and vectorized text layers in a top-down manner with optional fur-
ther refinement. The layered representation facilitates easier edit-
ing. We include a gallery for more visualizations in Appendix A.
Right: Existing bottom-up design approaches progressively gen-
erate elements on images in a predefined order, yet they lack a
visual reference as the overall plan from the start to harmoniously
orchestrate each element, often resulting in visual conflicts. For in-
stance, text may occupy too much space, leaving inadequate room
for the background, or causing overlaps between text regions.

sically constructed in a layered format, including distinct
layers for foreground objects, background, and vectorized
text. This structured layering allows for editability and cus-
tomization. Despite the significant utility, creating layered
graphic designs is a prohibitive task for most people due to
the need for design expertise and huge effort. With the aid
of image GenAl models, more design images have become
available in rasterized pixel format. While they are visually
compelling, they inherently lack editability. Even for sim-
ple operations such as horizontal flipping, text becomes un-
readable since they are not separated from the background
or other elements. Although users can employ some im-
age editing tools [5, 14, 15, 23] to modify the attributes of
elements, such an approach is inconvenient compared to op-



erations directly applied on the layer representation.

Nevertheless, we still believe rasterized designs are of
great value for creating layered designs, by realizing that
human designers naturally use rasterized designs from text-
books or other sources as references to get inspiration in
their layered design workflows. For instance, designers will
use them in the beginning to explore suitable layouts, decid-
ing where to place objects and what style of typography to
use to achieve visual harmony. Given this practice, we aim
to leverage rasterized designs as global references to create
editable multi-layer designs, as illustrated in Figure 1 (left).

Based on this motivation, we introduce Accordion’, a
framework as demonstrated in Figure 2 built around a vi-
sion language model VLM consisting of three stages: (1)
reference creation, (2) design planning, and (3) layer gen-
eration, while the VLM plays different roles in these stages.
Notably, the framework can leverage a diverse and unlim-
ited range of Al-generated references. It also offers the flex-
ibility to start from the second stage when users explicitly
provide designs as references. Besides, the VLM uses some
vision experts in the design process. For example, SAM
[27] and removal models [39] are used for element extrac-
tion and background filling. To the best of our knowledge,
we take the first attempt to convert Al-generated designs
to editable layered designs.

As shown in Figure 1 (right), in contrast to earlier
bottom-up works, including text rendering methods such as
TextDiffuser [5]* that specifies the location of text before
designing the background, and unlike COLE [22] that starts
with the background to design text in the visual domain, our
method starts with a global reference image representing the
target design as a whole. This initial reference image glob-
ally orchestrates the layout and visual properties of various
elements, ensuring overall visual harmony and preventing
the conflicts that may arise in the step-by-step generation
where earlier design decisions may not work well with later
ones, as exemplified by generating text without leaving too
much space for the foreground objects.

Accordion is trained using the in-house graphic de-
sign dataset Design39K. We innovatively use an inpainting
model to mimic Al-generated design images and also obtain
the refined text ground truth to construct the pairs. Exper-
imental results and visualizations show the strong design
capabilities of our method, especially its superior perfor-
mance across various tasks on the Designlntention bench-
mark [22], including text-to-template, adding text to back-
ground, and text de-rendering. Additionally, we explore the

'Our method is named “Accordion” because it unfolds rasterized de-
signs into layered designs, similar to how an accordion expands. Besides,
the proposed Accordion framework harmoniously integrates each element
within a layered design, much like orchestrating every note harmoniously
in a musical score at the concert.

2Text rendering methods usually require an additional text segmenta-
tion model and inpainting model for image layering.

potential of Accordion to facilitate creative design varia-
tion, including using upstream generative models to modify
references, applying inference time variations, and utilizing
downstream generative models for further variations based
on the extracted layers. Overall, our contributions can be
summarized as follows:

* We rethink the layered design process by adopting a top-
down approach, using the global reference to decompose
each layer ensuring that all elements are harmonious. We
take the first attempt to convert Al-generated designs into
editable and practical layered designs.

* Accordion achieves superior performance on the Design-
Intention benchmark in tasks such as text-to-template,
adding text to backgrounds, and text de-rendering.

* Accordion enables a variety of variations and benefits
from integration with existing generative models.

2. Related Work

Layered Design Generation There are a few investiga-
tions that focus on generating layered designs [20, 22, 42]
considering the need for editability and customization. For
instance, COLE [22] starts from a brief user-provided
prompt, employing multiple large language models (LLMs)
and diffusion models to generate each element within the
design. Even though COLE uses language to comprehen-
sively plan the design, it still visually constructs the design
step-by-step, starting from the background, then generat-
ing objects, and finally the text. This sequential approach
may lead to visual conflicts such as failing to allocate suf-
ficient or suitable space for text or objects when generating
background, often resulting from the lack of a global vi-
sual impression in mind. Open-COLE [20] adheres to the
architecture of COLE but incorporates certain simplifica-
tions, such as omitting the object generation stage. Ad-
ditionally, commercial tools such as CanvaGPT [3] utilize
preset templates to adapt user prompts to new layered de-
signs as noted in [22]. However, the diversity of designs
is limited by the size of template libraries. We notice that
a few methods [43, 50, 53] are designed for the layer gen-
eration of natural images. They are unsuitable for design
images due to differences such as the absence of text layers
in natural images. Another line of research involves pre-
dicting the attributes of partial elements given any existing
elements, which are then combined together to create a lay-
ered design. Some works focus on predicting the layout
of elements within a design, typically emphasizing the im-
portance of proper alignment and the avoidance of overlaps
to enhance visual aesthetics [1, 2, 4, 8, 13, 16, 17, 19, 24—
26, 28-32, 40, 41, 46, 47, 49, 55, 58-60].

Overall, we first explore how to construct layered de-
signs powered by the generative model and VLM, distin-
guishing it from existing methods.
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Figure 2. Overview of the proposed Accordion built around a
VLM. It consists of three stages for constructing the design ref-
erence, plan, and layers respectively. Multiple vision experts (e.g.,
OCR and SAM) are employed to create layered designs.

Non-layered Design Generation Existing GenAl meth-
ods are capable of creating an unlimited number of non-
layered design images. Methods like Stable Diffusion
[10, 38, 39] has demonstrated this capability of design im-
age generation guided by user prompts. However, these
methods often suffer from text rendering errors [9], which
can significantly impact the usability and aesthetic of the
generated images. To alleviate the text rendering issue,
some works incorporate control over text areas during the
image generation process [5, 6, 12, 21, 34-37, 44, 48, 52,
54, 56, 57]. While these methods improve the accuracy of
text rendering, the final images are rasterized in pixel for-
mat, which prevents users from making edits easily.
Overall, despite the limitations of non-layered designs,
we suppose these images are visually compelling and offer
valuable references for the creation of layered designs.

3. Methodology

We sequentially detail the three stages of the proposed Ac-
cordion framework as illustrated in Figure 2, explaining the
different roles the VLM plays in each stage. Note that we
use Al-generated images as references for illustrative pur-
poses. Accordion can also start from the later two stages if
users explicitly provide other types of references such as an
existing design or a background layer.

Problem formulation. Starting from an initial short in-
tention [ or sketch image .S, we obtain an intermediate ref-
erence image I? as global guidance, and expect output as a
set of layers {O1, Oa, ...,On, B, T}, where O, represents
object layers, where [V is the total amount of foreground ob-
ject layers. B is a background layer, and 7" is a vectorized
text layer. Finally, these layers are stacked in the predicted
order to form a layered design.

3.1. Stagel: Reference Creation

In this stage, our objective is to generate an image that
serves as a global reference for the later two stages. Ac-

cordion is designed to accommodate a variety of inputs, in-
cluding user-provided short intentions I or sketch drafts S,
thus catering to diverse user preferences and needs. To fa-
cilitate this, we employ the VLM for prompt generation.
As mentioned in COLE [22], users may provide only short
intentions for simplicity, such as “create a poster for Fa-
ther’s day”. We use in-context learning by supplying the
VLM with multiple examples for prompt enhancement fol-
lowing Open-COLE [20]. This approach enables the VLM
to generate detailed descriptive prompts Py.s such as “A fa-
ther embraces his child in the center, surrounded by the text
Father’s Day and My All Time Hero.”. Tt is observed that de-
tailed and lengthy prompts can facilitate the creation of im-
ages with rich detail [7] and significantly improve text qual-
ity [6] for better reference. If users wish to provide more
layout constraints, they can use sketch drafts. In such cases,
the VLM is instructed to give detailed descriptions of the
depicted objects, accurately depicting object positions and
filling text in suitable areas. We show the prompt templates
and visualizations in Appendix B. Subsequently, these gen-
erated prompts are fed into a text-to-image (T2I) model to
generate images as references R to be used in the next stage.

3.2. Stage2: Design Planning

In this stage, we aim to derive a design plan based on
the rasterized reference image. This plan should detail the
placement order of objects within the image to prepare for
subsequent extraction, and provide the rendering attributes
of text to facilitate the construction of vectorized text layers.

We employ VLM for plan generation. As illustrated in
Figure 3, the VLM processes the reference image alongside
a combined prompt P, which is concatenated by a prede-
fined task description P, a description Py, and OCR
string Py,. The description is derived from the first stage
detailed prompt, which is crucial for adapting textual con-
tent within the design plan, particularly for refining any
nonsensical text produced by generative models. For OCR
string, we use the text detection results of GenAl images, as
the nonsensical content offers limited reference value. We
show some cases of combined prompts in Appendix C.

As for the output, the VLM generates a sequence of dic-
tionaries { D, }, each representing the attributes of elements
in the image, arranged in a bottom-to-top order to facili-
tate further object extraction. The output includes bounding
boxes for both background and foreground objects and de-
tailed text attributes such as bounding boxes, content, color,
font, alignment, line count, and angle. Box coordinates are
normalized to the range [0, 336]. For the color attributes (R,
G, B, A), we map the [0, 255] range to [0, 25] to facilitate
learning inspired by COLE [22]. Extending these attributes
is straightforward and can be accomplished by incorporat-
ing additional fields into the training dataset. So far, this
design plan forms the foundation for the next stage.
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Figure 3. In Stage2 design planning, VLM processes the reference image alongside a combined prompt to generate a comprehensive design
plan. This plan includes detailed information about each design element, including the background, objects, and text.
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Figure 4. Overview of the Stage3 layer generation. (a) Guided by the plan, the reference image is processed first with text removal,
and then with progressive foreground object extraction using SAM and an object removal model, obtaining the background image in the
end. (b) The text, objects, and background are stacked into a layered design. (c) The VLM conducts result selection using questionnaires

throughout this process for better removal results.

3.3. Stage3: Layer Generation

In this stage, our goal is to construct the layered design. As
illustrated in Figure 4, our approach is to extract and re-
move elements from the reference image, and then stack
them back together to construct the final layered design.
Although De-Render [42] also possesses the capability to
extract layers from design images, it cannot extract object
layers and lack the capability to refine nonsensical words.

Our initial step is to use a text removal model to erase
text from the reference image R, recognizing that text re-
gions are commonly placed on the top layer. Note that in
the generated plan {D,}, each text’s bounding box is al-
ready included, which we can use as a condition to remove
the text. Besides, the vectorized text layer 7' can be obtained
from the plan, detailing the attributes of the text. Based on
the text removal result R,,, test, OUr next focus moves to

object removal, where we sequentially extract the topmost
element according to the order outlined in the design plan.
The object removal can be executed iteratively if multiple
objects are detected in the design plan. In detail, for the
nth object extraction, we use the SAM on the image B,,_1
(when n = 1, the image R,,,_teq+ 1 used instead), which is
conditioned on the bounding box from the design plan, to
extract the foreground object O,, and its mask. The mask
and the intermediate image are fed into an object removal
model to remove the foreground object and obtain the inter-
mediate background B,,. The last predicted background is
used as the final background B.

It is noticed that the removal model sometimes generates
diverse results, not all of which are satisfactory. To ensure
consistent quality, we design a questionnaire that enables
the VLM to conduct result selection, as illustrated in Fig-
ure 4 (c). The top row shows the original image alongside

16864



Original Image Inpainting Mask  Inpainting Strength 0.5

Inpainting Strength 0.7 !

Inpainting Strength 0.6 Background

Figure 5. For the same design, we utilize three types of references for the VLM, corresponding to three distinct training tasks: original
designs, designs featuring nonsensical text, and designs with the text removed. We employ an inpainting model of varying strengths to
generate images containing nonsensical text, where higher inpainting strength results in greater distortion of text details.

the masked image, where the text is masked with text boxes
for the text removal task, and the object is masked using the
SAM segmentation map for the object removal task. Dur-
ing the training phase, we present the VLM with the ground
truth of the removal alongside three generated removal re-
sults, training it to select the highest quality option. In the
inference stage, we generate four removal results for the
VLM to choose the best one. We showcase the task prompt
and some samples in Appendix D. So far, all the extracted
objects {O1,04,...,0,} and the background B are com-
bined with the text layer 7" rendered from the design plan to
create a layered design.

4. Experiments

4.1. Implementation Details

Dataset. We employ an in-house layered design dataset De-
sign39K, with 39,233 samples for training and 492 samples
for validation. This dataset comprises a diverse array of de-
signs, including posters, book covers, advertisements, etc.
Each sample is accompanied by a description. It is easy to
extract layer information from these designs, including text,
objects, and backgrounds, along with various attributes. We
present more details about the dataset in Appendix E. As
shown in Figure 5, to enrich the reference sources, we in-
corporate the following types of designs for training: (1)
Original designs. We wish the model to conduct text de-
rendering by directly parsing these original designs; (2) De-
signs with nonsensical text. We employ the Stable Diffusion
1.5 inpainting model [39] to inpaint text areas with inpaint-
ing strength randomly set between 0.5 and 0.7, leading to
the generation of nonsensical text by the model. This range
is selected because strength outside this range can lead to
either insufficient or excessive inpainting changes, which
hinder effective training. Please note that in some cases in-
painting results may not strictly maintain the original text
style, with potential variations in color and font. We con-
sider this acceptable as it enables the model to use refer-
ences while generating creative variations. The goal is to
enable our model to effectively handle GenAl designs; (3)

Background without text. By removing all text from a de-
sign and using only the background image as a reference,
we challenge the model to add text in appropriate context
and locations. We organize the elements of the design into
a list of dictionaries and convert them into a string format
for training the VLM. We employ the same training objec-
tives for the three aforementioned reference types. Besides,
to train the VLM for result selection, for both text and object
removal tasks, we use the removal model to generate three
different results. These results are then combined with the
ground truth and randomly shuffled to construct the ques-
tionnaire dataset. In total, we have prepared 156,932 sam-
ples, consisting of 39,233 training samples for each of the
three different types of references and the questionnaire.

Selection of vision expert models. For the Text-to-
Image (T2I) model, we utilize Flux for its proficiency in
generating high-quality references. Additionally, we use
PaddleOCR as the OCR tool. SAM [27] and inpaint-
ing ControlNet [51] for Stable Diffusion 1.5 [39] with the
prompt “nothing in the image” are used in the layer gener-
ation stage. Importantly, these models are modular and can
be replaced when more advanced alternatives are available.
We detail each expert model in Appendix F.

Training, inference, evaluation, and visualization.
We use the vision language model LLaVA-1.5-7B [33] as
the cornerstone of the proposed Accordion. The model
is trained on the aforementioned 156,932 samples using
LoRA [18] with learning rate 2e-4 for 6 epochs, conducted
on 8 x 80G A100 GPUs for 36 hours. The reference image
is scaled with the longer side set to 336 pixels following
[33] for the VLM. The removal models operate at a res-
olution of 512x512, which is the size of the final output.
During inference, the average generation time per sample
is 36.7 seconds (7, 19.5, 10.2 seconds on average for the
three stages, respectively). For evaluation, we use the De-
signIntention benchmark [22] which provides 500 detailed
prompts across various design domains. We visualize the
layered design through a Streamlit HTML frontend, with
details provided in Appendix G.
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Figure 6. Qualitative results of text-to-template show that our method uses references generated by Flux to create layered designs where
elements appear more harmonious, and supports layered editing compared with Ideogram?2.0. Intentions are shown below each image.
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Figure 7. Qualitative results of adding text to the background show that our method not only places text harmoniously in terms of style and
layout but also effectively utilizes space to create more complex and aesthetically pleasing designs than COLE.

4.2. Experimental Results ate layered designs, but the elements lack visual harmony.
For example, in the first row, the placement of “Culinary
Workshop” and “Free Entry” looks unnatural; and in the
third row, the positioning of two red objects conflicts with
the foreground text. Our method uses Flux to create refer-
ences. We observe that due to the exceptional generative
capabilities of Flux, the rasterized images it produces fea-
ture visually harmonious elements, despite the presence of
nonsensical text. Then our method extracts objects from
these references, learns the text style, and improves upon
nonsensical text areas in the references, demonstrating su-
perior performance. We also showcase editing results in the
last column, including operations on text and objects. It is

Text-to-template. As shown in Figure 6, we generate refer-
ence images using Flux [11] and compare them with com-
mercial tools such as Ideogram?2.0 and Adobe Express, as
well as with images generated by COLE [22]. Some sam-
ples are shown in Figure 6. It is noteworthy that although
the images produced by Ideogram2.0 appear fancy, they
lack editability, and some text areas exhibit artifacts. Adobe
Express produces vector designs with professional styles,
but the generated text does not always match the input query
closely. For example, in the second row, we intend to gener-
ate an advertisement for an “oyster discount”, but the output
contains a text saying “dive into luxury”. COLE can gener-

16866



Translate back to English
for verification Ours

De-Render

Reference

De-Render (Translate)
=

{

maux?gﬁnna :

%%J‘

YHANKSGIVING 4 & .
#50% & ﬁ' ,50

‘nw L guenr_ ‘

Thanksgﬁ/lng Day

‘Ttrmzww m{a‘

Translate back to English
Ours (Translate) for verification

gty C ey C ety

THANKSGIVING Thanksgiving .
way’ b 50% oft ¥ 650% ;ﬁ?u ®, 50% off

m mﬂmmunbe
discounts o ﬂuwmm

T ST

Figure 8. Qualitative results of text de-rendering. Our method groups text at the paragraph level to predict their attributes, thereby
enhancing visual harmony. Through the translation to Chinese task, we better maintain semantic coherence, style harmony, and spatial
alignment compared with De-Render, which predicts the attributes of each individual word, resulting in an overall appearance that lacks
harmony. We also translate the design from Chinese back to English to verify its consistency with the original design. Our approach
significantly surpasses the original in terms of semantic and layout consistency.

worthy of note that our method is adaptable to reference
images generated by various models, such as substituting
Flux with SD3 [10] or future advanced models. In con-
trast, COLE relies on fine-tuning a base generative model
to achieve layered designs, necessitating retraining to adapt
to newer generative models, which diminishes its compat-
ibility. Furthermore, the proposed Accordion supports the
generation of designs with varying aspect ratios, whereas
COLE is limited to producing only square designs. These
results are detailed in the Appendix H.

We validate the quantitative results using the protocol
provided by COLE, which evaluates performance across
five metrics. These metrics are scored via preset prompt
queries to GPT-4V, with scores ranging from O to 10 and
higher scores indicate better performance. Our compar-
isons are primarily with academic methods following [20]
because commercial tools typically lack open-source code
or accessible APIs for large-scale testing. As shown in Ta-
ble 1, our method achieves the highest average score (6.5)
compared to existing layered approaches such as COLE
and Open-COLE. It is worth noting that our method out-
performs COLE, despite the fact that COLE uses a 100K
in-house dataset for training, which is far more extensive
than our dataset of 39K. In addition, we specifically evalu-
ate the content relevance of images generated by Flux and
our method. The experimental results show that our method
outperforms Flux by 0.4 in this metric (7.0 for Flux v.s. 7.4
for ours). This improvement demonstrates that our method
refines the image by replacing nonsensical text with rele-
vant information, thereby enhancing the content relevance
of text layers to backgrounds. We also employ an aesthetic
score for evaluation. Specifically, we utilize LAION’s aes-
thetic tool to assess the aesthetic quality of the designs.
Our method achieved a high score of 4.98, outperforming
COLE’s method, which scored 4.72.

Adding text to background. Since COLE provides
the SVG-format results for the DesignIntention benchmark
[22], we can easily remove the text to obtain the back-
ground. As illustrated in Figure 7, we compare our method

Table 1. Quantitative results for the comparison of layered design
methods using the DesignIntention benchmark. The five metrics
are: (i) design and layout, (ii) content relevance, (iii) typography
and color, (iv) graphics and images, and (v) innovation. *Open-
COLE cannot generate the foreground object layers. The proposed
Accordion achieves the best average performance.

Methods () @) @Gi) @Gv) (v) Avg

COLE [22] 60 69 57 62 51 60
Open-COLE*[20] 63 7.0 56 7.1 53 63
Accordion (Ours) 6.7 74 61 73 51 6.5

with the results from COLE. The results demonstrate that
our method achieves good harmony in both layout and text
style. In addition, we observe that COLE tends to produce
layouts that are relatively simple, often avoiding longer sen-
tences. Through analysis, it is evident that our model is
able to generate text with more informative content. We
conclude that the reason for this issue is that COLE pre-
determines the text content without considering the avail-
able space in the background image, potentially resulting in
a disruption of visual harmony. Our samples show a greater
overall text length, averaging 61.7 characters compared to
42.3 characters for COLE (approximately 1.5 times longer).
In other words, our approach can fully utilize empty space
in the background to increase information density and en-
hance overall aesthetics. This makes our model especially
well-suited for scenarios like detailed reports and compre-
hensive advertisements. We quantitatively compare our re-
sults with COLE using GPT-4V, where images generated
by both methods are concatenated horizontally and shown
to GPT-4V to assess which one has higher quality. The task
prompt is provided in Appendix I. The results show a pref-
erence for our model on 52% of all the samples compared
to 48% for COLE.

De-rendering. In Figure 8, we validated the text de-
rendering capability of our model in comparison with De-
Render [42]. Note that our method treats paragraph-level
text as a single entity. One advantage of paragraph-level
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Figure 9. Our methods can support the design variations.

representation is the uniformity of style, a feature that De-
Render struggles to achieve. In contrast, De-Render pre-
dicts a style for each word individually, which can lead to a
visually disorganized appearance. Moreover, we showcase
our advantage with a translation application. By grouping
words at the paragraph level, our approach effectively con-
siders the coherence of sentence semantics during transla-
tion, ensuring consistent style and alignment of adjacent
words. Since De-Render operates at the word level, it
lacks overall contextual information in translation applica-
tion, leading to disorganized layouts with overlapping text.

Another critical evaluation metric is the ability to de-
render the correct number of layers from a rasterized design.
We test on the detection of layer quantities using the De-
sign39K evaluation set. The mean absolute error (L1 loss)
between detected values and ground truth, is 0.494 for text
layers and 0.274 for object layers. This indicates that the
detection of layer numbers is relatively accurate.

Design variation creation. As shown in Figure 9, we
demonstrate three methods based on our approach for cre-
ating design variations under three categories: (a) Varia-
tion by upstream models based on an image variation model
[45]. Typically, image editing models such as variations
models or inpainting models tend to degrade the text re-
gions within images. Our method is capable of refining
these areas. (b) Variation at inference time. The VLM can

generate different prediction branches based on the existing
text on the background, corresponding to various designs.
(C) variation by downstream models based on VLC [41].
Our model is capable of decomposing existing designs for
downstream layout generation models. Overall, these meth-
ods demonstrate the versatility and critical role of our ap-
proach in the design workflow.

4.3. User Studies by Designers

To evaluate the editability of the layered design and to dif-
ferentiate it from COLE and Open-COLE, which rely solely
on image-level evaluation, we enlisted 29 designers to as-
sess 30 cases. In the text-to-template editability evaluation,
73.5% of the cases were deemed superior to those of COLE.
Furthermore, in the sketch-to-description task, 87.2% of the
cases were considered appropriate. These higher scores
demonstrate that users can effectively operate the system
with straightforward inputs, thereby significantly reducing
complexity. Detailed results of the user studies are pre-
sented in Appendix J.

4.4. Ablation Studies

Multi-task training for VLM. Here we investigate whether
joint training gains benefits or leads to degradation. The re-
sults for each task are presented in Appendix K. We observe
that joint training and separate training yield comparable
average scores, with joint training slightly outperforming
by a margin of 0.82%. We opt for a more compact model
architecture and ultimately choose joint training.
Questionnaire selection effect. We evaluate the efficacy of
using questionnaires for the result selection process. The
results indicate that for text removal tasks, the PSNR in-
creases from 18.01 to 21.18, and for object removal tasks,
it improves from 22.92 to 24.87. It demonstrates the effec-
tiveness of this approach.

5. Conclusions and Discussions

We introduce Accordion, which takes the first attempt to
convert Al-generated designs to editable designs. It has
three stages and uses reference images to create layered de-
signs. We have employed plenty of evaluation metrics to as-
sess the performance of the proposed method, including the
GPT evalaution score, aesthetic score, as well as the evalua-
tion by human designers to rate the editability. It shows su-
perior performance on the Designlntention benchmark and
we fully explore the potential of Accordion to create the de-
sign variations. For the limitations, the SAM model attained
an IOU score of 68.4%, occasionally facing challenges with
hollow parts in objects and incomplete extractions. These
issues often stem from cumulative errors in upstream VLM
detection, including misaligned bounding boxes around the
objects. For future work, we aim to employ VLM as an
agent to integrate additional expert models.
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