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Fig. 1: Generated results from our PosterCopilot. PosterCopilot exhibits exceptional
graphic design capabilities by creating artworks with professional-grade layout, com-
pelling visuals, and cohesive themes.

Abstract. Graphic design forms the cornerstone of modern visual com-
munication, serving as a vital medium for promoting cultural and com-
mercial events. Recent advances have explored automating this process
using Large Multimodal Models (LMMSs), yet existing methods often pro-
duce geometrically inaccurate layouts and lack the iterative, layer-specific
editing required in professional workflows. To address these limitations,
we present PosterCopilot, a framework that advances layout reasoning
and controllable editing for professional graphic design. Specifically, we
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introduce a progressive three-stage training strategy that equips LMMs
with geometric understanding and aesthetic reasoning for layout design,
consisting of Perturbed Supervised Fine-Tuning, Reinforcement Learn-
ing for Visual-Reality Alignment, and Reinforcement Learning from Aes-
thetic Feedback. Furthermore, we develop a complete workflow that
couples the trained LMM-based design model with generative models,
enabling layer-controllable, iterative editing for precise element refine-
ment while maintaining global visual consistency. Extensive experiments
demonstrate that PosterCopilot achieves geometrically accurate and aes-
thetically superior layouts, offering fine-grained, layer-wise controllability
for professional iterative design.

Keywords: Graphic Design - Large Multimodal Models - Reinforcement
Learning

1 Introduction

Graphic design serves as a fundamental medium for visual communication [35],
translating abstract ideas into clear and engaging visuals. It brings together im-
ages, text, and graphic elements in a deliberate way to create layouts that are
both informative and visually appealing, bridging creativity with effective com-
munication |2]. Recently, growing interest has emerged in automating the graphic
design process through artificial intelligence. One major line of work explores
diffusion-based generative models, which leverage their strong image synthesis
capabilities to create visually rich posters [18,[30,/49]. However, because these
models generate all image regions simultaneously, they struggle to preserve the
structural integrity, texture fidelity, and stylistic consistency of user-provided as-
sets, making local refinements prone to distortion [14)/34]. Another line leverages
Large Multimodal Models (LMMs) to reason over design elements and predict
their spatial and layer-wise arrangements, determining each element’s position,
scale, and ordering within the composition [19}/39}/51]. These methods preserve
the authenticity of visual assets and introduce interpretability and controllabil-
ity into the design process, representing a promising step toward layout-centric
and automation-oriented graphic design.

Despite these advances, current LMM-based methods still exhibit notable
limitations when applied to professional design workflows: 1) when handling
complex and numerous assets, existing methods often produce inaccurate and
unaesthetic layouts [331/50] as shown in Fig. [2| We identify that existing methods
rely on supervised fine-tuning (SFT) over discrete textual tokens to represent
continuous spatial coordinates, creating a mismatch between the model’s sym-
bolic representation and the true Euclidean geometry of layout design [23,[29].
This mismatch leads to misalignment, distortion, and suboptimal compositions.
Moreover, these models lack visual feedback during training, which limits their
ability to perceive and reason about aesthetic layouts [39,40]. 2) More criti-
cally, current LMM-based approaches merely generate initial drafts and lack
interactive editing capabilities |25/36]. However, professional designers refine the
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drafts through multiple rounds of precise, layer-specific adjustments [3}21}[37].
Therefore, enabling iterative refinement is a crucial requirement for advancing
Al-assisted graphic design toward practical applications .
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Fig. 2: Some failure cases created by existing design models in real-world, multi-asset
scenarios, producing severe misalignments and visual discord.

Lorem psum door sit amet convectetner adpincing e, o
‘onumsy nibh cuivmed inchunt  noreet delore magns

———m———

L

To address these challenges, we propose PosterCopilot, which advances the
field toward layout reasoning and controllable editing for professional graphic
design. Specifically, to mitigate the inaccurate and unaesthetic layouts resulting
from token-based coordinate representations, we propose Perturbed Supervised
Fine-Tuning (PSFT), which reformulates coordinate regression into a distribution-
based learning paradigm by introducing controlled perturbations to ground-truth
coordinates. Compared to point-wise regression, learning a coordinate distribu-
tion allows the model to reason over continuous spatial relationships rather than
memorizing discrete positions , leading to more coherent and aesthetically
balanced layouts. To overcome the model’s inability to perceive and reason about
layout aesthetics, we introduce a two-stage reinforcement learning (RL) strategy:
the first stage explicitly injects graphic design rules as verifiable rewards, while
the second renders predicted layouts into poster images to obtain aesthetic feed-
back. In the first stage, Reinforcement Learning for Visual-Reality Alignment
(RL-VRA) introduces verifiable geometric reward signals that, together with
the rich layout priors acquired during PSFT, steer the model toward spatially
coherent and rule-consistent layouts, helping it internalize broadly applicable
layout design conventions. In the second stage, Reinforcement Learning from
Aesthetic Feedback (RLAF) employs a learned aesthetic reward model to align
the model with human aesthetic preferences, encouraging aesthetically coher-
ent and diverse compositions rather than collapsing to a single canonical layout
favored by purely geometric objectives.

Finally, to enable iterative and controllable refinement beyond initial poster
draft, we develop a complete workflow that couples the trained LMM-based
design model with the generative models, seamlessly integrating asset creation
with precision editing. This workflow supports layer-specific, iterative editing,
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allowing precise modification of individual elements without altering surround-
ing content. Experimental results indicate that the design model trained via
our three-stage method produces layouts that are both accurate and visually
appealing. More significantly, PosterCopilot’s integration of a generative agent
provides precise layer-wise editing. This transforms it into a powerful assistant,
allowing designers to take a well-composed draft as a starting point and have
it further optimized for enhanced aesthetics and practical application.Our main
contributions are summarized as follows:

e We introduce a progressive alignment training paradigm (PSFT — RL-VRA
— RLAF) that stabilizes tokenized coordinate prediction and injects both
verifiable geometric feedback and aesthetic feedback into LMM-based layout
planning.

e We instantiate this paradigm in PosterCopilot for multi-layer poster layout,
and deploy an inference-time generative agent to support layer-wise, multi-
round editing in practical design scenarios.

e We contribute a large-scale multi-layer poster dataset with rational granu-
larity, along with its construction pipeline, addressing critical gaps in data
scarcity and layer segmentation to benefit future research and applications.

2 Related Work

Multi-layer Graphic Layout Planning prioritizes real-world practicality by first
inferring layouts, then assembling layers for optimal flexibility. LMM-assisted
approaches (LayoutPrompter [31], LayoutNUWA [48|, PosterLlama [45], Poster-
LLaVA [57|, PosterO [16]) employed in-context learning, while others specialized
in asset integration (Graphist [10]), typography (POSTA [4]), or external gen-
eration (CreatiPoster [58], COLE |22]). Crucially, these methods mimic static
datasets rather than learning from aesthetic outcomes. In a parallel line, end-to-
end generative models synthesize posters holistically from user-provided assets
and prompts (DreamPoster [17], PosterCraft [8], PosterOmni [7]); while some in-
ject reward or aesthetic feedback to enhance visual quality, generating all regions
jointly forgoes the explicit, layer-level controllability and asset fidelity that pro-
fessional iterative editing demands. Our approach transcends these limitations
by internalizing layout principles and visual aesthetics through direct generative
feedback within a layer-wise, editable layout paradigm.

3 Methodology

In this section, we will first detail the training paradigm for the design model,
and subsequently present the complete PosterCopilot inference pipeline. Our
three-stage design model training paradigm is illustrated in Fig. [3]
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Fig. 3: Overview of the training paradigm of PosterCopilot. Instead of treating
layout generation as a simple regression task, we train PosterCopilot through a three-
stage paradigm that progressively develops both precise layout capabilities and human-
aligned aesthetic sensibility.

3.1 Task Formulation

Our objective is to automatically arrange user-provided elements £ = {eq,...,en}
of types T = {image, text, shape} on a canvas, achieving aesthetic coherence
while preserving asset fidelity. Text elements are rasterized into image layers
for unified processing. The input elements, canvas dimensions (H., W,.) and
user text prompt are encoded into a multimodal prompt ch,Wc’ which our
design model M processes to generate the final layout M(Pgwwc) — G, where
G = {(b;,1;)}Y, specifies each element’s bounding box (BBox) b; and layer or-
der [;. Following prior work, we represent the layout G as structured JSON text
encoding each layer’s BBox and order.

3.2 Perturbed Supervised Fine-Tuning

When LMMs represent numerical coordinates as text, each number is tokenized
into sub-word units (e.g., “517" — “5”, “17”), whose embeddings bear no inherent
metric structure . As a result, numerically adjacent coordinates such as
“499” and “500” may be mapped to distant regions in embedding space due to en-
tirely different token decompositions, while distant values sharing token prefixes
appear deceptively close . This broken topology turns coordinate regression
via standard SFT into optimization over a fractured, non-smooth landscape,
leading to systematic localization errors. A natural remedy is to soften the su-
pervision signal: rather than forcing the model to memorize a single discrete
target, we encourage it to learn a distribution over spatially neighboring coordi-
nates, thereby smoothing out the token-boundary discontinuities.
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Fig. 4: Our motivation for visual-reality alignment and aesthetic feedback stems from
the observation that design models frequently produce works that violate fundamental
graphic design principles, as well as exhibit serious aesthetic flaws. We use red, green,
and blue boxes to mark the error areas in the figure.

Based on this insight, we propose Perturbed Supervised Fine-Tuning
(PSFT). Standard SFT supervises the model with a single ground-truth layout
Gyt = {(b;,1;)}Y,, performing point-wise regression on discrete JSON tokens.
Instead, we perturb the BBox numerical values in the JSON text to construct
a soft supervision neighborhood around the ground truth. Concretely, for each
training sample, we generate n perturbed variants by injecting Gaussian noise

to every BBox coordinate:
Gg:)rtNN(th,Uzl), i=12...,n (1)

where o controls the perturbation magnitude. In practice, perturbed values are
rounded to integers and clamped to the valid canvas range to ensure physically
meaningful coordinates. The training objective Lpgpr combines the standard
cross-entropy loss on the original ground truth with an averaged loss over the n
perturbed targets:

Lespr = Lop(G, Gg) + Apert - 2 30— Lop(G, G, (2)

where G is the model prediction and Ape¢ balances the two terms. By supervis-
ing the model against multiple spatially neighboring layouts rather than a single
ground truth, PSFT encourages it to learn a continuous spatial distribution cen-
tered on the target, effectively alleviating the inherent discretization bottleneck
of text-based layout regression.

3.3 Reinforcement Learning for Visual-Reality Alignment

While PSFT offers a robust spatial prior, its dependence on supervised learning
without visual feedback results in geometric flaws, such as BBox drift and aspect
ratio distortion. Critically, these layout errors, though evident in Fig. [] cannot
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Fig. 5: Overview of PosterCopilot’s Inference and Editing Pipeline. The

and multi-round editing pipelines are marked by and red numbers,
respectively. Before layout design, PosterCopilot can supplement new assets when de-
sign materials are insufficient. Generative Agent first processes user requirements,
undergoes professional planning, and delivers complete assets. Design Master then
generates optimal compositions based on the assets and requirements, ultimately ren-
dering the Draft design. The draft design will be revised into the final design after
multiple rounds of editing by the collaboration of both generative agent and design
master.

be captured easily within the SFT paradigm itself. To bridge this gap and align
model outputs with graphic design principles, we introduce Reinforcement
Learning for Visual-Reality Alignment (RL-VRA) phase.

We frame RL-VRA as an online policy optimization task under a single-step
Markov Decision Process (MDP). The state s corresponds to the input prompt
ng,Wﬁ while the action a represents the layout generation G = {(b;, ;) } ;.
Our objective is to refine the pre-trained SFT policy 7..¢(G | s) into an enhanced
policy mg(G | s) by maximizing the expected return under a geometry-aware
reward signal:

JvrA(0) = Egum,(1s) [M(G)] = BDkL(mo(- | ) || Tret(- | ) (3)
where Jyra(0) balances reward maximization against policy conservatism,
with 7. serving as the frozen reference policy, 8 controlling the KL regular-
ization strength [|43|, and r(G) providing dense verifiable geometric visual
feedback. To ensure stable policy updates for high-dimensional discrete action
spaces, we employ Group Relative Policy Optimization (GRPO) [46],
which operates without explicit value function estimation. For each group of K
policy rollouts, we compute:

=G~ T r(G), (o) = S (4)

where A; represents the advantage of action G; relative to the group, and
r;(0) is the probability ratio between the new and old policies. Our reward
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function r(G) = rspatial + TElement T Tformat Provides multi-scale geometric su-
pervision, decomposing layout quality into spatial coherence and element-level
fidelity components.

The spatial reward rgpatial addresses layout misalignment through Distance
Intersection over Union (DIoU) [60]:

c2

2 bia bgt
TSpatial = TDIoU = Z (IOU(bi, be') — M) (5)

%

where p denotes the center distance, ¢ represents the diagonal of the minimal
enclosing box, and bft is the ground-truth box from Glg;.

The element-level reward rgElement = TAR + Tsize Penalizes geometric distor-
tions that compromise visual integrity. The aspect ratio reward:

R o log( i/ )’ (6)

gt /18t
P wy" /b

preserves element proportions, while the size reward:

gt gt
w; — w; hz — h1
Tsige = — E [smoothg (wgt> + smoothg <W>] (7)

7 3

maintains original dimensions using the Huber loss [13]:

0.5d2/5  |d| <

8
|d| —0.55 otherwise (®)

smooths(d) = {

where § controls the transition between quadratic and linear regimes, preventing
reward domination during extreme size distortions.

We further incorporate 7¢ormat to enforce JSON-structured outputs. rformat
returns a large penalty if the model output fails JSON validation, and full score
otherwise. The complete reward formulation:

T(G) = 'DIoU + AsizeTsize + AARTAR 7 format (9>
Spatial Coherence Element Fidelity

where Agize, Aar > 0 balance reward components. This geometrically-grounded
reward structure injects explicit visual-reality constraints directly into the policy
gradient updates, breaking the limitations of previous methods that lack direct
design principle guidance.

3.4 Reinforcement Learning from Aesthetic Feedback

While prior stages enforce graphic design rules based on a single ground-truth,
this is just one of many aesthetically valid solutions. To align with broader
human aesthetic preferences, we introduce the Reinforcement Learning from
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Aesthetic Feedback (RLAF) stage. This stage explores a wider design space
using a new subjective reward, ,.5(G), provided by a pre-trained LMM (acting
as an aesthetic judge) that evaluates the final rendered image. This aesthetic
score is combined with our format reward 7¢ormat:

TRLAF (G) = Tformat + )\aesraes(G) (10)

where A,es > 0. This stage encourages the model to discover novel, high-appeal
layouts rather than collapsing to a single canonical layout favored by purely
geometric objectives. To mitigate potential reward hacking, we retain KL regu-
larization against the frozen reference policy in Eq.[3] enforce structural validity
via Tformat, and restrict RLAF to a single epoch on a small curated set of 1K
samples, limiting the policy’s opportunity to overfit to the reward model. Full
details on all reward scaling are provided in the supplementary material.

3.5 Generative Agent for Asset Completion and Iterative
Layer-wise Editing

With the design model as the core, we integrate an inference-time generative
agent to complete PosterCopilot in practical settings. This agent introduces no
additional trainable components and supports two functions (Fig. |5)): it syn-
thesizes missing assets when only partial materials are provided, and enables
fine-grained, multi-round, layer-wise editing from user instructions. For asset
completion, we employ a reception model to generate a layer-specific text prompt
for each missing layer by conditioning on the entire poster context, including the
poster-level description and a structured summary of existing layers. The result-
ing prompt is combined with the provided assets as style references and fed into a
text-to-image model to synthesize the missing element. For iterative refinement,
the agent applies edits only to the user-specified target layer(s) while keeping
all other layers fixed, enabling stable multi-round updates without drifting edit
scopes. We use a fixed prompt template and consistent decoding settings for the
reception model across experiments.

4 Application

Harnessing its powerful reasoning capability and fine-grained layer-wise architec-
ture, PosterCopilot unlocks diverse applications in professional design scenarios.
Due to the limited space, here we briefly introduce several typical applications,
leaving more application presentations in the supplementary material.

Poster Generation from Insufficient Assets: As shown in Fig. [6a] Poster-
Copilot’s generative agent synthesizes missing layers (e.g., backgrounds or fore-
grounds) with stylistic consistency, enabling rapid draft generation from incom-
plete assets.

Multi-round Fine-grained Single-layer Edit: As shown in Fig. [6b] Poster-
Copilot supports iterative edits on individual layers (e.g., material or background
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Fig. 6: Representative applications of PosterCopilot.

changes) while strictly preserving all other elements, avoiding the global distor-
tion common in diffusion-based editing.

Poster Reframe: As shown in Fig. PosterCopilot intelligently regenerates
layouts for new canvas sizes while maintaining layout harmony.

5 Experimental Details

5.1 MLP-169K Datasets

A long-standing challenge in multi-layer poster dataset construction is over-
segmentation, where a single visual element is fragmented across multiple lay-
ers . To address this, we develop a dedicated pipeline (Fig. E[) that leverages
OCR-based fine-grained bounding boxes to merge over-segmented layers and
filter redundant ones, yielding Multi-Layer-Poster-169K (MLP-169K): 169K
posters with 2.6M layers (1.2M text, 1.4M image/decorative). Fig. |8 com-
pares MLP-169K with existing datasets: CGL-V2 , PosterLayout , QB-
Poster , WebUI , and Crello . PosterLayout lacks explicit layer z-
ordering; CGL-V2 covers only e-commerce; Crello is well-structured but limited
in scale; and WebUI, primarily targeting Ul design, has an average layer count
far exceeding typical real-world posters. In contrast, MLP-169K offers precise
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Fig. 8: Overview of our MLP-169K. Left: comparison between MLP-169K and pre-
vious assets. Middle: the word cloud to visualize theme distribution of our datasets.
Right: basic statistical information about MLP-169K.

z-ordering, broad thematic diversity, large scale, and a realistic number of lay-
ers per poster. We will publicly release both MLP-169K and the construction
pipeline code, and more details about MLP-169K are included in the supple-
mentary material.

5.2 Experimental Setup

Implementation: PosterCopilot employs Qwen-2.5-VL-7B-Instruct [1| as back-
bone; the generative agent employs Qwen-Image-Edit-2509 as T2I model;
the reception model uses Qwen-2.5-7B ; and RLAF utilizes VisualQuality-
R1 as reward model. MLP-169K is split into approximately 160K samples for
training and 9K samples for test. Training proceeds in three stages: (1) PSFT for
3 epochs on 140K samples with perturbation parameters o = 2.5,n = 5, \pert =
0.5; (2) RL-VRA on 20K samples featuring complex layout rules from MLP-169K
with Agize = 0.6, Aar = 0.4, 6 = 0.6; and (3) RLAF on 1K expert-validated sam-
ples with A\ es = 2. All experiments run on 8xRTX H20 GPUs. Analysis of all
hyperparameters and GRPO settings are detailed in the supplementary mate-
rial.

Metrics. We adopt a two-stage evaluation framework that consolidates and ex-
tends prior evaluation protocols. The first stage subsumes all geometric metrics
adopted by AesthetiQ and Graphist 9], quantitatively assessing layout ac-
curacy using Mean-IoU (IoU), Inverse Order Pair Ratio (IoPR) |10], and Aspect
Ratio Distortion (ARD) on three benchmarks: Crello and WebUI, where
PosterCopilot is evaluated in a zero-shot setting, and the MLP-169K test set.
These metrics jointly capture spatial overlap, layer ordering correctness, and
geometric fidelity, respectively. The second stage builds upon the evaluation set-
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tings of CreatiPoster [58] and POSTA [4] with broader and stricter criteria,
assessing overall aesthetic quality through both human judgment and GPT-5
scoring across seven established design dimensions: Layout Rationality [12,/59],
Text Legibility [6], Element Preservation [30], Style Consistency [47], Instruction
Following |42|, Visual Appeal [42], and Design Utility [26]. For GPT-5 evaluation,
we exclude Element Preservation and Instruction Following, as reliably quantify-
ing exact asset retention and abstract instruction alignment remains challenging
for current Vision Language Models(VLM), which may compromise the fairness
of evaluation. These two criteria are assessed solely by human evaluators. For
brevity, we abbreviate each metric by its initials in subsequent tables (e.g., IF
for Instruction Following).

Baselines: In the first stage, we compare PosterCopilot against academic meth-
ods that generate explicit layouts for poster composition. In the second stage,
we move beyond geometric metrics to assess real-world design quality, as graphic
design fundamentally prioritizes visual impact over calculated scores. Here, we
expand the comparison to include the strongest academic baseline: LaDeCo [32],
as well as leading commercial products across different paradigms not limited to
VLM-based methods: CreatiPoster [58|, Microsoft Designer, Nano-Banana, and
its Pro variant. We additionally benchmark against Qwen-VL-2.5-72B-Instruct |1],
a general-purpose VLM ten times the scale of PosterCopilot, to further under-
score our model’s design effectiveness.

User study and GPT-5 evaluation procedure: For human evaluation, we
conducted pairwise, binary-choice comparisons against each baseline. We sam-
pled 30 examples per baseline—10 each from Crello, WebUI, and MLP-169K—all
generated using identical prompts and fully provided assets from their respec-
tive test sets. We collected 5 judgments per example, totaling 750 responses
from 40 professional graphic designers and 40 general users. To our best knowl-
edge, our user evaluation is among the largest in scale within this field, ensuring
convincing and rigorous assessment. For poster generation, T2I-based baselines
(Microsoft Designer, Nano-Banana, and Nano-Banana Pro) are conditioned on
all user assets with target canvas dimensions and design prompts to directly
generate poster images. Layout-based methods (CreatiPoster |58|, LaDeCo [32],
Qwen-VL-2.5-72B-Instruct [1], and PosterCopilot) output layouts in JSON for-
mat, which are then converted to poster images via a unified lossless rendering
script. Note that CreatiPoster requires ground-truth foreground layouts as in-
put, placing our method at a comparative disadvantage, yet PosterCopilot still
achieves a significant lead across all metrics. For GPT-5 evaluation, we used
in-context learning to align the model with our scoring criteria and prompted
GPT-5 to evaluate all results ten times, taking the average as the final score
(Temp=0.7, Top-p=0.9). Please refer to the supplementary material for more
details such as GPT-5 prompt, version details and access methods for all pro-
prietary models.
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Table 1: Main Results on Crello |56], WebUI [53]|, and MLP-169K. We eval-

uate models across spatial geometry dimensions. The best and second best perfor-
mances are highlighted. 1 indicates higher is better, and | indicates lower is better.

| Crello | WebUI | MLP-169K

Method

10U(%) + ARD | IoPR | ‘ I0U(%) + ARD | IoPR | ‘ 10U(%)+ ARD | IoPR |
LACE |5] 23.18 2.19 0.76 17.88 2.34 0.87 12.47 1.79 0.61
PosterLLaVa |57] 25.18 1.72 0.68 30.19 1.56 0.72 10.75 0.97 0.73
LayoutNUWA 48] 25.74 1.68 0.59 32.16 1.38 0.63 12.61 1.03 0.44
LaDeCo (32! 41.09 0.51 0.34 46.36 0.93 0.39 22.14 0.78 0.35
AesthetiQ [39] 42.83 X x 48.29 X X X x x

PosterCopilot (Ours) | 5431 012 003 | 57.19 019 002 | 3423 004 004
Table 2: Main Results of User Study and GPT-5 Evaluation. We evaluate
models across layout and aesthetic dimensions. For the User Study, values represent
each baseline’s win rate (%) against PosterCopilot. 1 indicates a higher value means a
stronger competitor. For GPT-5 evaluation, 1 indicates higher scores are better. The
best and second best performances in each column are highlighted.

‘ ‘Win Rate Against PosterCopilot (%) 1 ‘ GPT-5 Evaluation 1

Method
‘ EP LR TL SC DU VA IF AWR‘ LR TL SC DU VA

Proprietary Models
Microsoft Designer 7.2 120 120 144 88 128 0.0 9.6 |5.57 5.65 591 591 4.74
Nano-Banana Pro 11.3 289 26.1 35.6 38.9 35.4 23.7 28.6 |6.37 549 6.47 6.30 5.88
Nano-Banana 6.4 232 272 16.0 19.2 20.0 12.0 17.7 |6.50 6.08 6.23 6.27 5.46
CreatiPoster 7.2 304 336 25.6 23.2 29.6 30.4 25.7|6.19 538 596 6.23 5.23

Open-Source Models
Qwen-2.5-vl-72B 32 08 40 16 16 32 0.8 22 |3.8 327 442 458 3.42
LaDeCo 16.8 176 16.8 20.0 144 168 11.2 16.2 |5 4.96 5.27 5.38 4.00

PosterCopilot (Ours)‘ - - - - - - - - |6.52 596 6.68 6.60 6.16

6 Results and Analysis

6.1 Results of geometric metrics

As shown in Table [T} PosterCopilot achieves the best performance across all
datasets and metrics. On Crello and WebUI, it outperforms the second-best
method by 11.48% and 8.90% in IoU, while reducing ARD and IoPR by over
76% and 91%, respectively. MLP-169K, our constructed dataset with higher lay-
out complexity, poses a greater challenge for all methods, yet PosterCopilot still
leads LaDeCo by 12.09% in IoU with an ARD of only 0.04. Since AesthetiQ
has not released its model or source code, we directly cite the IoU results re-
ported in the original paper for Crello and WebUI, and other metrics cannot
be reproduced. Even so, PosterCopilot surpasses AesthetiQ by a clear margin
on both benchmarks. These results confirm the effectiveness of our approach in
generating accurate and well-ordered layouts.
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6.2 Results of human evaluation and VLM judge

As shown in Tab. [2| PosterCopilot achieves dominant win rates against all base-
lines in the user study, with even the strongest competitor Nano-Banana Pro
reaching only 28.6% Average win rate (AWR). Notably, while Nano-Banana Pro
and CreatiPoster perform competitively on individual aesthetic dimensions such
as SC and DU, their overall performance still falls substantially behind Poster-
Copilot. In the GPT-5 evaluation, PosterCopilot ranks first on four out of five
metrics. Nano-Banana achieves the highest Text Legibility, but this comes at the
cost of discarding user-provided elements to reduce layout complexity, a trade-off
evidenced by its notably low EP score (6.4%) in the user study. PosterCopilot, by
contrast, faithfully preserves all assets while maintaining competitive legibility.

6.3 Ablation Study

Ablation on training stages. To investigate the impact of the three-stage
training strategy on enhancing the model’s layout reasoning capability, we con-
ducted an ablation study on MLP-169K test set. As shown in Tab[3a] leveraging
SFT alone lead to a drop in all geometric metrics compared to PSFT strat-
egy. Skipping the RL-VRA stage to directly leverage the RLAF stage leads to
a significant drop in all metrics. Surprisingly, jointly training the RL-VRA and
RLAF stages results in an even steeper decline. In stark contrast, our Poster-
Copilot demonstrates steady performance gains through a strictly sequential,
progressive training pipeline (PSFT, RL-VRA, then RLAF), ultimately achiev-
ing state-of-the-art results across all metrics. Furthermore, the slight decrease in
the IoU metric observed after the RL-VRA stage is entirely reasonable. RLAF
stage inherently encourages the model to explore aesthetically pleasing layouts
rather than strictly adhering to existing ground-truth designs. We also conduct
user study on core training stages. As shown in Tab. 4] human aesthetic scores
improve significantly following both the RL-VRA and RLAF stages, demonstrat-
ing the effectiveness of human aesthetic guidance in the RLAF phase.

Ablation on RL-VRA rewards. We conducted an ablation study on MLP-
169K test set to examine the effects of different rewards of RL-VRA stage. Re-
sults in Tab. on the first two rewards reveal the spatial coherence reward
(rprov) substantially enhances layout accuracy, while the element fidelity re-
ward (rag+rsize) improves preservation of element sizes and proportions. Their
combination yields optimal performance.

6.4 Justification for reward model in RLAF

To validate VisualQuality-R1 as the aesthetic reward model, we conducted a
human alignment study. We sampled 200 layout pairs generated by PosterCopi-
lot from MLP-169K and rendered them into posters, and then collected pref-
erence annotations from 40 general participants following the same protocol as
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Table 3: Ablation studies on training stages and RL-VRA components.
Tab. [3a] shows the progressive improvements after different training stages. Tab. 30|
reveals the effects of three individual reward functions during the RL-VRA stage. The
best and second best performances are highlighted.

(a) Ablation on Core Training Stages. (b) Ablation on RL-VRA reward
components.
‘ Training Stage ‘ Metrics
Config ‘ Reward Component ‘ Metrics
‘ PSFT RL-VRA RLAF | IoU(%)t ARD| IoPR] 1D
‘mn D10V AR+ Teise | 1U(%)T  ARDL  ToPRL
SFT X X X 28.53 0.851 0.42
PSFT v X X 3114 0.699  0.38 1o« x| s om0 os7
PSFT+RLAF v x v | 2112 0531 033 i | Z & A EEl 0734 RO
PSFT+Joint v v v 24.71 0.712  0.57 i ’ ’ i S PO 06 TR0 Y
PSFT+RL-VRA v v X 34.72  0.061 0.18
Ours (Full) v v v 3423 0045 0.04

tJoint: RL-VRA and RLAF trained jointly rather than sequentially.

Table 4: Human evaluation comparison across different training stages.

‘ ‘Win Rate Against PosterCopilot (%) 1

Method
‘ EP LR TL sC DU VA IF AWR

PSFT 16.3 158 359 15.1 287 187 39.1 243
PSFT+RL-VRA | 38.8 40.6 37.0 27.6 351 305 447 364

Sec. Each pair was independently scored by VisualQuality-R1. We find that
VisualQuality-R1’s outputs aligned with human preferences on 82.5% of the to-
tal pairs. Further analysis of the remaining 17.5% disagreement cases reveals
that the majority involve layout pairs of comparable quality where human anno-
tators themselves showed low inter-rater agreement (Fleiss’ k < 0.3), suggesting
that most discrepancies stem from inherent ambiguity rather than systematic
bias. These results confirm that VisualQuality-R1 serves as a reliable proxy for
human aesthetic judgment in our RLAF framework.

7 Conclusion

PosterCopilot advances automated poster design through a progressive training
paradigm that injects geometric rules and human aesthetics into LMM-based
layout planning, a large-scale multi-layer dataset MLP-169K with rational layer
granularity, and a generative agent for lossless, multi-round, layer-wise editing.
Current limitations include the absence of a community-recognized evaluation
benchmark and a poster-specific aesthetic reward model. We hope PosterCopilot
and MLP-169K provide a useful foundation for future work in this direction.
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