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Figure 1. Design Compositing with GIST: We introduce GIST (Grounded Identity-preserving Stylized composiTion), a compositing
stage that transforms and harmonizes visual elements, images and SVGs, at their predicted layout positions rather than naively pasting them,
while preserving their semantic identity. Note how the image is stylized along with retaining the dining room scene and feels cohesive with
the surrounding elements. The SVGs are similarly transformed for visual harmony. This is in contrast to existing methods which focus on
layout prediction (spatial arrangement) and typography (font, color, and placement of text), without transforming the content itself.

Abstract

Graphic design creation involves harmoniously assem-
bling multimodal components such as images, text, logos,
and other visual assets collected from diverse sources, into
a visually-appealing and cohesive design. Recent methods
have largely focused on layout prediction or complementary
element generation, while retaining input elements exactly,
implicitly assuming that provided components are already
stylistically harmonious. In practice, inputs often come
from disparate sources and exhibit visual mismatch, making
this assumption limiting. We argue that identity-preserving
stylization and compositing of input elements is a criti-
cal missing ingredient for truly harmonized components-to-
design pipelines. To this end, we propose GIST, a training-
free, identity-preserving image compositor that sits between
layout prediction and typography generation, and can be
plugged into any existing components-to-design or design-
refining pipeline without modification. We demonstrate this
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by integrating GIST with two substantially different exist-
ing methods, LaDeCo [33] and Design-o-meter [15]. GIST
shows significant improvements in visual harmony and aes-
thetic quality across both pipelines, as validated by LLaVA-
OV and GPT-4V on aspect-wise ratings and pairwise pref-
erence over naive pasting.

1. Introduction
Graphic designs are ubiquitous in daily life, appearing in
advertisements, social media posts, posters, banners, pre-
sentations, and digital user interfaces. Two key factors de-
termining the effectiveness of a graphic design are whether
it is visually-appealing, eye-catching, coherent, and aesthet-
ically cohesive, and second, whether it clearly communi-
cates the designer’s intended message. Designs that satisfy
both criteria are generally more impactful and engaging.

However, creating such designs at scale is challenging
since modern designers often work under tight deadlines
and handle a large volume of design tasks. This makes it



difficult to manually ensure both visual quality and con-
sistency across outputs, which automated graphic design
generation systems can help with by accelerating routine
workflows while maintaining visual appeal and adherence
to user intent. Such systems can also lower the barrier to
entry for novice users by providing design capabilities that
would otherwise require substantial artistic expertise.

An important instance of this is the components-to-
design workflow. Graphic designers often assemble mul-
timodal components such as images, text, logos, SVG
elements, and other visual assets collected from diverse
sources, into a cohesive aesthetic design. Recent works
have made encouraging progress on automating workflow.
Some methods focus on predicting the spatial arrangement
of input elements [22, 23, 33], while others generate com-
plementary components that complete the design in har-
mony with the provided inputs [51].

A key characteristic of earlier works in this domain is
that they preserve the input components exactly as provided.
This constraint works well only under the assumption that
the user-specified assets are already visually harmonious
and need only be arranged appropriately or supplemented
with missing or additional components. This assumption
becomes a strong limitation in realistic settings, where input
components are often collected from diverse sources and
may differ substantially in color palette, rendering style,
tone, texture, or overall visual appearance. In such cases,
simply arranging elements that are not harmonious with re-
spect to each other is insufficient to produce a harmonious
design. The restriction of preserving inputs exactly contra-
dicts the very objective of true design harmony.

We argue that true harmonized design generation from
input components requires input-conditioned, identity-
preserving component stylization and composition. Here,
composition refers to adapting the appearance of existing
design elements so that they become visually cohesive with
the rest of the design while still preserving the seman-
tic identity and designer intent associated with those ele-
ments. Thus, design composition may involve, for exam-
ple, compositing image elements to better match a com-
mon style or color palette, or adjusting text typography at-
tributes such as color and font to complement surrounding
elements. Existing works have at best tackled stylization
for textual elements, while largely overlooking the compo-
sition of image-based elements. This is a major research
gap since image elements often dominate the overall aes-
thetics of a graphic design, therefore playing a critical role
in perceived visual harmony and aesthetics.

To address this gap, we propose GIST: Grounded
Identity-preserving Stylized composiTion, a training-free,
identity-preserving image composition method that sits be-
tween layout prediction and typography, and can be plugged
into any existing components-to-design pipeline without

modification. For complete frameworks like LaDeCo [33],
GIST slots in as a compositing stage; for layout-only meth-
ods like Design-o-meter [15] (which natively supports only
repositioning texts, treating them as static renders), we
can extend them toward full components-to-design gener-
ation by additionally incorporating typography prediction
from works like COLE [26] or FlexDM [22], in both cases
complementing strong existing models toward the larger
goal of true design harmony. A key advantage is that it
adapts an existing foundational MLLM without any addi-
tional finetuning, exploiting its architectural bottleneck to
perform generative image composition with enhanced iden-
tity preservation.
Concretely, our key contributions are as follows:
• A novel identity-preserving image composition method,

addressing the most critical missing functionality for har-
monized components-to-graphic design generation.

• We demonstrate the plug-and-play nature of this method
by integrating it with strong existing layout and typogra-
phy models within an end-to-end pipeline for automated
harmonized design generation from components. We
show this for two distinct pipeline setups.

• We provide quantitative and qualitative results that vali-
date our claims and show the importance of image com-
position for visually cohesive design generation.

2. Related Works
Optimizing Specific Graphic Design Aspects: A well-
researched line of work in refining graphic designs is layout
generation, where design elements are spatially arranged
for visual harmony and comprehensibility. Earlier works
achieved this by maximizing energy functions [38, 39] or
using aesthetic scores [3, 7, 21, 25, 29, 40, 50], which suf-
fered from limitations such as high computational costs and
human annotation bias respectively. These methods also
didn’t scale well to complex and diverse designs. Some
transformer-based approaches [17, 22, 48, 49] have been
developed which improved the latency and diversity of lay-
out generation. FlexDM [22] employs multitask learning
in a single transformer-based model to solve various de-
sign tasks, including layout and typography, but suffers
when the number of masked tokens increases. Recently,
layout generation methods have employed diffusion mod-
els [6, 16, 20, 23, 52], Large Language Models (LLMs)
[4, 32, 42, 45], and Large Multimodal Models (LMMs)
[10, 28, 33, 53]. Although layout configuration is critical,
our work goes a step further by addressing the fundamen-
tal challenge of composing and stylizing image-based ele-
ments at the predicted layout positions, which is imperative
for true composition.
Automated Graphic Design Generation: Recently,
COLE [26] proposed a pipeline approach for generating de-
signs from scratch given a user intention. They achieve this



Input Design 
Components Layout Prediction

GIST - Our Identity-
Preserving Image 

Compositor

Typography
Prediction Final Design

Encoder

Foreground 
Image Tokens

VQ-
VAE

VQ-
VAE

Foreground Identity
Enhancement

BackgroundForeground Predicted Position

UNET (SDXL)

Flow Match Euler 
Discrete Sampling

Cross-Attention

Figure 2. Overview of the Components-to-Design pipeline with GIST. GIST sits between layout prediction and typography as a plug-
and-play compositing stage. Given a foreground element and its predicted position, the background canvas is inverted via Flow Matched
Euler Discrete Sampling to initialize the denoising latent. In parallel, Emu-2’s frozen visual encoder produces identity tokens from the
foreground, corrected via our CA-guided token injection before conditioning SDXL’s UNet alongside the generative tokens from Emu-2’s
LLaMA decoder. This process repeats sequentially for each element; the final composed backing image is passed to typography prediction
to yield the complete design.

by training a design planner, which generates a structured
JSON of the design contents, then render the visual as-
sets using cascaded diffusion, and finally use a typography
LMM for predicting the appropriate text data. OpenCOLE
[24] is an open source implementation of COLE with some
changes. Although these methods provide some edit-ability,
designers cannot use input assets of their choice. IGD [41]
formulates instructional graphic design generation as mul-
timodal layer generation in an editable format. Dream-
Poster [19] studies image-conditioned generative poster de-
sign. These methods improve controllability and quality,
but mainly focus on overall design synthesis rather than har-
monizing potentially mismatched user-provided elements.

Components-to-Design Generation: LaDeCo [33] intro-
duces a layered framework for automatic graphic design
composition from multimodal elements. CreatiDesign [51]
models this as a diffusion process jointly conditioned on
input images, text, and layout constraints. FlexDM [22]
performs design synthesis by simultaneously masking and
predicting element positions and text attributes. However,
all of these methods preserve input components exactly or
adjust only limited attributes such as typography and posi-
tion, restricting their ability to handle visually mismatched
inputs from diverse sources. Our work addresses this gap:
unlike prior works that treat inputs as fixed, we adapt their
appearance while preserving their identity, complementing
existing layout and typography methods within end-to-end
pipelines.

3. Method
As discussed in Sec. 2, existing components-to-design
methods either preserve input assets exactly [22, 33], lim-
iting their ability to handle visually mismatched inputs
or generate assets from scratch [24, 26], sacrificing user-
specified content. Neither paradigm addresses what we ar-
gue is a critical missing ingredient: stylizing and composit-
ing user-provided image and SVG elements for visual har-
mony while preserving their semantic identity.

To address this, we propose GIST, a training-free,
identity-preserving image composition method (Sec. 3.1)
designed to be plug-and-play. Layout prediction, spatially
arranging input visual elements has been well-explored by
works such as LaDeCo [33] and Design-o-meter [15], and
typography prediction, determining placement, font, and
color for text elements has been tackled by methods like
COLE [26], OpenCOLE [24] and FlexDM [22]. GIST sits
between these two stages: given predicted elements and el-
ement positions as input, it produces a harmonized backing
image ready for typography. Because it makes no assump-
tions about the surrounding modules, it can complement any
existing components-to-design pipeline. We demonstrate
this in Sec. 3.2 by integrating GIST into two distinct end-
to-end pipelines built around LaDeCo and Design-o-meter.

3.1. Identity-Preserving Composition
Image composition involves placing a foreground element
onto a background such that the result appears as a uni-
fied, coherent image. The challenge is threefold: (i) the
foreground’s semantic identity must be preserved, (ii) the



background must remain faithful to the original, and (iii) the
composed result must be stylistically cohesive. Naive copy-
paste satisfies (i) and (ii) but fails at (iii), producing jarring
visual discontinuities when elements originate from differ-
ent sources. Purely generative approaches achieve (iii) but
often degrade (i) and (ii). Where the composition operation
fits within the full design pipeline is detailed in Sec. 3.2;
here, we focus on the composition itself.

MLLMs are well-suited for this task, as their pretraining
instills a strong prior over style, color, and texture coher-
ence while supporting spatially grounded generation. Vi-
sual elements (Images/SVGs) are composed sequentially
given their predicted layouts, with the updated canvas serv-
ing as the background at each step; the full pipeline is de-
tailed in Sec. 3.2. At each step, rather than naively past-
ing, we prompt an MLLM with the background render, a
foreground render and its caption (obtainable via any cap-
tioning model, like Qwen [2]), and the target position on
the canvas, producing a harmonized composite. For this,
we require a model whose internals are accessible enough
to admit training-free manipulation, newer models such
as FLUX Kontext [5] produce good results but with lim-
ited training-free manipulations to make it stronger, making
principled identity-preserving interventions difficult with-
out fine-tuning. Emu-2 [44] uniquely exposes a 64-token
bottleneck between its LLaMA decoder and SDXL ren-
derer, which is precisely where we intervene since despite
its stylization quality, off-the-shelf Emu-2 suffers from fore-
ground and background identity loss. We address this with
two training-free enhancements: Cross-Attention Guided
Token Injection [18, 34, 46] (Sec. 3.1.1) and Latent Ini-
tialization [27, 37, 47] (Sec. 3.1.2).

3.1.1. Cross-Attention Guided Token Injection
Off-the-shelf Emu-2 produces stylistically harmonized
composites but suffers from foreground and background
identity loss: the generated output may capture the right
style while failing to faithfully reproduce the foreground
subject or the background canvas. The root cause is that
the 64 image tokens produced by Emu-2’s LLaMA decoder,
which condition SDXL’s rendering, are optimized for co-
herent generation rather than identity fidelity. We seek to
correct this by injecting identity-specific information back
into these tokens, but only where it matters spatially, so as
not to destroy the model’s stylization intent.
Autoencoded Tokens as identity embeddings. A key
property of Emu-2 is that its Visual Encoder (EVA-CLIP)
and SDXL Decoder are jointly trained as an autoencoder:
encoding an image directly through the visual encoder,
bypassing LLaMA entirely, yields 64 tokens from which
SDXL reconstructs the image near-perfectly. This means
these tokens carry rich, fine-grained identity information.
We exploit this: for any input image, encoding it through
the visual encoder gives us an identity token set that faith-

fully represents that image’s appearance.
Concretely, we maintain two token sets: Tgen, produced

by LLaMA model of Emu-2, from the full compositional
prompt (carrying stylization intent), and Tauto, produced
by encoding a naive foreground-on-background composite
through the visual encoder alone (carrying identity). The
challenge is deciding which tokens in Tgen to correct with
identity from Tauto, and how much, a global replacement
would collapse stylization; no replacement leaves identity
unprotected.
Spatial relevance via cross-attention. The SDXL UNet’s
cross-attention maps provide exactly the signal we need.
Each of the 64 tokens has a spatial CA map of shape
[Hlat × Wlat], encoding how strongly each pixel location
attends to that token during decoding. A token with high
attention within the foreground bounding box is primarily
responsible for rendering the foreground; one with high at-
tention in the background region governs background ap-
pearance. We use these maps to assign each token a fore-
ground and background relevance score:

rfg[i] =
max(CA[i]⊙mfg)

max(CA[i])
, (1)

rbg[i] =
max(CA[i]⊙mbg)

max(CA[i])
, (2)

where mfg and mbg are foreground and background binary
masks. mfg is derived from the element’s alpha channel,
or a hard bounding box mask if unavailable. To obtain
these maps, we run a single lightweight scoring forward
pass through the UNet at a mid-noise timestep using Tauto
as conditioning, and average CA maps across all attention
layers.
Selective identity injection. Armed with per-token rele-
vance scores, we select the top-Nfg tokens by rfg (set Sfg)
as the primary drivers of foreground appearance, and the
top-Nbg by rbg (set Sbg) for background. We then blend the
corresponding identity tokens from Tauto into Tgen:

Tfinal[Sfg] = (1−βfg) · Tgen[Sfg] + βfg · Tauto[Sfg], (3)
Tfinal[Sbg] = (1−βbg) · Tgen[Sbg] + βbg · Tauto[Sbg], (4)

with βfg=0.3 and βbg=0.2. All remaining tokens retain Tgen
unchanged. This injects identity precisely where each re-
gion is most represented in generation, without globally de-
grading stylization. The full procedure is summarized in Al-
gorithm 1.

3.1.2. Background Fidelity: Latent Initialization
To further improve background fidelity, we initialize the
SDXL denoising process from a partially noised version
of the background canvas rather than pure noise. Specifi-
cally, we encode the background through the VQ-VAE en-
coder and apply the Flow Matched Euler Discrete Sched-
uler [13] (the same scheduler used in Emu-2’s training) to



Algorithm 1 Cross-Attention Guided Token Injection
Require: Foreground image, background canvas, target bounding

box, masks mfg, mbg

Ensure: Blended token set Tfinal

1: Tgen ← LLaMA forward pass on compositional prompt ▷
Stylization tokens

2: Tauto ← Visual Encoder on fg-on-bg composite ▷ Identity
tokens

3: Run UNet scoring pass with Tauto; collect and average CA
maps across layers

4: for each token i ∈ {1, . . . , 64} do
5: rfg[i]← max(CA[i]⊙mfg) / max(CA[i])
6: rbg[i]← max(CA[i]⊙mbg) / max(CA[i])
7: end for
8: Sfg ← top-Nfg indices by rfg; Sbg ← top-Nbg indices by

rbg

9: Tfinal ← Tgen

10: Tfinal[Sfg]← (1−βfg)Tgen[Sfg] + βfg Tauto[Sfg]
11: Tfinal[Sbg]← (1−βbg)Tgen[Sbg] + βbg Tauto[Sbg]
12: return Tfinal

invert it. This linear interpolation between data and noise
preserves more structural information than alternatives such
as DDIM [43] or LCM [36] inversion (see Supp. for com-
parisons). Starting denoising from this initialized latent bi-
ases generation toward the original background appearance
while still allowing the model to harmonize foreground and
background.

3.2. Augmenting Design Generation with GIST
The composition method described above operates on indi-
vidual image elements given a background and target po-
sition. To produce complete graphic designs from multi-
modal components, current Components-to-Design frame-
works [33] do layout prediction of all elements (Images,
SVG’s) and Typography prediction (Positions, Font and
Colours of texts) and render. We embed image composi-
tion in between layout prediction and typography predic-
tion (see Fig. 2). Because our composition module only re-
quires element positions as input and produces a composed
backing image as output, it slots into any existing pipeline
without modification to the surrounding stages. We demon-
strate this with two configurations representing different de-
sign paradigms.

3.2.1. Layout Prediction
We integrate with two layout methods. LaDeCo [33] is a
state-of-the-art LMM-based method that predicts element
positions, sizes, and layer ordering from input components,
and additionally provides typography attributes. Design-o-
meter [15] takes a different approach: it trains a Siamese
aesthetic scorer on good/bad design pairs and uses NSGA-
II [11] optimization to refine layout coordinates by maxi-
mizing the learned aesthetic objective. Both output spatial

coordinates for each visual element, which serve as direct
input to our composition module.

3.2.2. Compositing
Using the layout coordinates from Sec. 3.2.1, we apply the
method from Sec. 3.1 to sequentially compose each visual
element onto the canvas. We initialize the canvas with the
root background element. For each subsequent element in
the predicted layer order, we: (1) caption the foreground
element, (2) compute Tauto and Tgen, (3) perform token in-
jection and SA manipulation, (4) invert the current canvas
to obtain the initial latent, and (5) generate the composed
image with SDXL. For SVG elements, we remove the back-
ground from the generated output before pasting it back at
the target position; for image elements, the latent initializa-
tion ensures natural blending. The canvas is updated after
each element, so later elements are conditioned on all pre-
viously composed ones.

3.2.3. Typography
Given the composed backing image, the final stage pre-
dicts text placement, font, and color for each input text el-
ement. Since diffusion models still struggle with artifact-
free stylized text rendering, we rely on dedicated typog-
raphy modules followed by a graphic renderer. For the
LaDeCo-based pipeline, we use LaDeCo’s own typogra-
phy predictions. For the Design-o-meter pipeline, we train
a typography LMM inspired by COLE [26]: we finetune
InternLM-XComposer2 [12] with a two-stage strategy, first
grounding the model on single-element typography detec-
tion, then finetuning on full-design typography prediction
(details in Supp.). The plug-and-play nature of our compo-
sition module means it is agnostic to the typography method
used downstream.

4. Experiments and Results
We evaluate our method along two axes: (i) the quality
of end-to-end designs produced by the full pipelines when
GIST is plugged into them, and (ii) the effectiveness of our
identity-preserving composition module in isolation. We
first describe the experimental setup, then present quantita-
tive and qualitative results for complete design generation,
followed by a focused analysis of the composition module
and ablations validating our design choices.

4.1. Experimental Setup
We evaluate on the Crello test set [49], comprising 1,500
graphic designs with layer-wise metadata, providing back-
ground images, foreground image elements, SVG shapes,
and text assets extracted from real designs. Since these
components originate from the same ground-truth design,
they are already stylistically compatible, making our evalu-
ation conservative: our method targets the harder real-world
setting where inputs come from disparate sources.



Figure 3. OpenCOLE++ pipeline overview

Baselines. We compare against the following meth-
ods: FlexDM [22]: a multimodal transformer that jointly
predicts layout and typography through masked predic-
tion. GPT-4o: layout planning via GPT-4o with few-shot
prompting, followed by direct alpha-composite paste of el-
ements. LaDeCo [33]: state-of-the-art LMM-based layout
and typography prediction, with elements naively pasted at
predicted positions. Design-o-meter [15]: layout-only op-
timization via NSGA-II, no typography. GT: ground-truth
Crello designs as a human-quality reference.

Since no prior work directly addresses components-to-
design generation with composition, we evaluate across
two distinct comparison axes. The first is an isolated com-
parison against LaDeCo: we share the same layout and ty-
pography backbone and swap only the compositing step, di-
rectly measuring the contribution of GIST over naive past-
ing. This is intentional, our goal is not to compete with
layout methods but to complement them, and this setup iso-
lates exactly that effect. The second is a holistic comparison
against OpenCOLE++, a different baseline we construct
by adapting OpenCOLE [24] to accept input components
(see Fig. 3): GPT-4V replaces OpenCOLE’s design planner
for layout prediction, and AnyDoor [8] is its image gener-
ator for diffusion-based composition (We intentionally use
AnyDoor instead of naive pasting, to compete with GIST).
We pair this with our Design-o-meter [15]-based pipeline,
which uses GIST for composition and our trained typog-
raphy module. This holistic comparison reflects the com-
pounded effect of swapping every pipeline component si-
multaneously, and benchmarks our full system against an
alternative paradigm for design composition.
Evaluation metrics. Following prior work [10, 26], we
employ LLaVA-OV [30] for automated design evaluation
along two protocols: (1) Aspect-wise rating: each design
is scored on a 1-10 scale across five aspects - Design &
Layout, Content Relevance, Typography & Color, Graph-
ics & Imagery, and Innovation & Originality. We don’t
report the Design & Layout, Typography & Color num-
bers as we leverage the layout & typography models of the
baseline, in this case, LaDeCo, so the metric is unchanged.
(2) Pairwise preference: LLaVA-OV is asked to choose the
more aesthetic design between our output and the LaDeCo
paste-only baseline, over 1,500 paired comparisons. For the
OpenCOLE++ comparison, we use GPT-4V [1] for both rat-
ing and pairwise voting, following the evaluation protocol
of COLE [26].

Table 1. LLaVA-OV ratings (1–10) on the Crello test set. We re-
port Content Relevance, Graphics & Imagery, and Innovation &
Originality - the aspects most sensitive to our compositing contri-
bution, along with the mean across all five aspects. Design & Lay-
out and Typography & Color are omitted from individual columns
as they primarily reflect the shared LaDeCo layout backbone; they
are included in the mean.

Method Content Graphics Innovation Mean↑

FlexDM [22] 5.29 5.09 4.54 5.13
GPT-4o 6.49 6.27 5.69 6.32
LaDeCo [33] 7.96 7.74 6.93 7.77
Ours (w/ LaDeCo) 7.89 7.83 7.05 7.79

GT 8.17 7.93 7.15 7.95

Table 2. GPT-4V ratings (1–10) comparing our Design-o-meter
(DoM) based pipeline against OpenCOLE++. Aspects: (i) De-
sign & Layout, (ii) Content Relevance, (iii) Typography & Color,
(iv) Graphics & Imagery, (v) Innovation & Originality.

Method (i) (ii) (iii) (iv) (v) Mean↑

OpenCOLE++ 4.6 5.2 4.0 5.2 5.3 4.9
Ours (w/ DoM) 5.8 6.2 5.1 6.7 5.8 5.9

4.2. Quantitative Evaluation
4.2.1. Comparison with LaDeCo
Quantitative analysis. Tab. 1 summarizes the LLaVA-OV
ratings. Our method (LaDeCo with GIST) outperforms
vanilla LaDeCo on Graphics & Imagery (7.83 vs. 7.74)
and Innovation & Originality (7.05 vs. 6.93), the two di-
mensions most directly affected by image-level composit-
ing, while remaining within noise on Content Relevance
(7.89 vs. 7.96). The overall mean is essentially tied (7.79
vs. 7.77). This is the intended behavior: our compositor
enhances aesthetic harmony and visual richness without de-
grading content fidelity. The gap to GT is narrow, 0.10 on
Graphics & Imagery and 0.16 on the overall mean, indicat-
ing that our pipeline produces near-professional-quality de-
signs. FlexDM and GPT-4o are substantially weaker across
all dimensions, confirming that the LaDeCo layout back-
bone is important and that our gains are attributable to the
compositing stage.
Design Improvement. Out of 1,500 designs in the Crello
test set, GIST meaningfully improves upon the LaDeCo
naive-pasting baseline in 40.3% of cases, with an additional
14.7%

4.2.2. Comparison with OpenCOLE++
Quantitatively (Tab. 2), Design-o-meter+GIST+our typog-
raphy model outperforms OpenCOLE++ across all five as-
pects, with particularly large gains on Graphics & Im-
agery (+1.5) and Content Relevance (+1.0), and achieves
a 1.0-point higher mean rating (5.9 vs. 4.9). In GPT-4V



Qualitative Comparison

Design #1117 Painting Techniques

GT LaDeCO Ours

Design #235 New York

GT LaDeCO Ours

Design #632 Children

GT LaDeCO Ours

Design #423 Furniture For Life

GT LaDeCO Ours

Design #241 Social Media

GT LaDeCO Ours

Design #898 To Travel Is To Live

GT LaDeCO Ours

Design #1092 Old Town

GT LaDeCO Ours

Design #889 Forget Stress

GT LaDeCO Ours

Design #76 Fitness Routine

GT LaDeCO Ours

Design #1096 5 Years on the Market

GT LaDeCO Ours

Design #675 Moving Your Home

GT LaDeCO Ours

Design #1032 Movie Night

GT LaDeCO Ours

Figure 4. Qualitative comparison on Crello test samples. Columns: Input components, LaDeCo (paste-only), Ours (LaDeCo w/ GIST, and
Ground Truth. In paste-only results, elements appear as flat cut-outs with visible edge discontinuities and color mismatches. Our method
harmonizes lighting, color palette, and texture across elements, producing compositions that are visually cohesive and closer to GT.



OpenCOLE++ vs. Ours (w/ Design-o-meter (DoM))

OpenCOLE++ Ours (w/ DoM) OpenCOLE++ Ours (w/ DoM)

Figure 5. OpenCOLE++ vs Ours (w/ Design-o-meter)

Ground Truth vs. Ours (w/ Design-o-meter (DoM))

Ground Truth Ours (w/ DoM) Ground Truth Ours (w/ DoM)

Figure 6. Ground Truth designs vs Ours (w/ Design-o-meter)

pairwise voting, our outputs are preferred 71.43% of the
time. Notably, this comparison uses our Design-o-meter-
based pipeline rather than the LaDeCo backbone of Tab. 1,
demonstrating that GIST produces strong results regardless
of the layout module, a direct validation of its plug-and-play
nature.

4.3. Qualitative Results
Fig. 4 shows representative examples comparing our
method with LaDeCo against vanilla LaDeCo (naive paste-
only) and GT. In the paste-only outputs, elements appear
as flat overlays: edges are visible, lighting is inconsistent
across layers, and color palettes clash. Our compositor har-
monizes these elements into a unified scene, lighting be-
comes consistent, colors blend naturally, and the overall
composition feels integrated rather than assembled. Com-
pared to GT, our method occasionally produces more styl-
ized variants; this is a natural consequence of the generative
process, and accounts for some of the pairwise losses on
Crello’s pre-matched components.
Comparison with OpenCOLE++. Fig. 5, Fig. 6, com-
pares our method against OpenCOLE++ and Ground Truth
Crello Designs. While AnyDoor [8] (not all examples
shown in the image) produces stylistically coherent outputs,
it frequently fails to preserve the identity of foreground ele-
ments. Objects are altered, faces lose likeness, and branded
assets become unrecognizable. Our method, through CA-
guided token injection, achieves harmonization without sac-
rificing identity.

4.4. Ablation Studies
We ablate the two key components of our identity-
preserving composition module: Cross-Attention Guided
Token Injection (Sec. 3.1.1) and Latent Initialization
(Sec. 3.1.2).

Table 3. Identity preservation metrics for our compositor vs. off-
the-shelf Emu-2. Cosine similarity (↑) is computed on face em-
beddings for HFG; Manhattan (↓) and Euclidean (↓) distances are
on image embeddings for HFG and SOG respectively.

Method Cos. Sim. ↑ Manhattan ↓ Euclidean ↓

Emu-2 [44] 0.09 554.52 961.07
GIST (Ours) 0.13 540.45 943.91

Table 4. Ablation of composition components on HFG cosine sim-
ilarity (↑).

Configuration Cos. Sim. ↑

Full method (GIST) 0.13
w/o CA-Guided Token Injection 0.04

Identity preservation. To isolate the composition mod-
ule from the full pipeline, we evaluate foreground iden-
tity retention on two controlled tasks: Human Face Gen-
eration (HFG), compositing face images onto diverse back-
grounds, and Specific Object Generation (SOG), composit-
ing identifiable everyday objects (data from CelebA [35],
Stanford Background [14], and DreamEditBench [31]; de-
tails in Supp.). We measure cosine similarity, Manhattan
distance, and Euclidean distance between embeddings of
the input foreground and the composed output.

Tab. 3 shows that our method consistently outperforms
off-the-shelf Emu-2 across all metrics, achieving higher
cosine similarity and lower distances, confirming that
our training-free interventions meaningfully improve fore-
ground identity retention during composition.
Component ablation. Tab. 4 isolates the contribution of
each proposed component by measuring face embedding
cosine similarity on the HFG task. Removing either Cross-
Attention Guided Token Injection causes a substantial drop
in identity preservation, with both components contributing
roughly equally. The full method achieves the highest sim-
ilarity, validating that both interventions are necessary and
complementary.

5. Conclusion and Limitations
We presented GIST, a training-free, identity-preserving im-
age compositor that stylizes and harmonizes user-provided
visual elements while retaining their semantic identity, and
plugs seamlessly into any existing components-to-design
pipeline. We hope this work motivates broader atten-
tion to input-conditioned composition as a critical miss-
ing ingredient in automated graphic design. Diffusion ar-
tifacts, unaddressed textual composition, and architectural
ties to Emu-2’s bottleneck remain open challenges; extend-
ing our approach to newer unified generative models such
as FLUX [5] and Janus-Pro [9] is a natural next step.
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