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Content Graphic Content Graphic
Setting Occ)l Real Align] Undt Ovel FID| Temperature Occ | Rea | Align | Und 1 Ove | FIDJ
Initial 0.210  0.0218  0.0040 0.97 0.0013 1.05 0 0.1956 0.0210  0.0005 0.76 0.0032 2.52
Initial + LACE 0.209 0.0233 0.0034 0.44 0.0002 1.06 0.7 0.1482 0.0162 0.0010 0.97 0.0010 2.00
VASCAR (Ours) 0.130 0.0134 0.0017 0.97 0.0012 2.13 1.4 (Ours) 0.1304 0.0134 0.0017 0.97 0.0012 2.13
2.0 0.1319  0.0131  0.0027 0.96 0.0009 2.12

Table 1 Comparison of post-hoc constraint optimization with
LACE [1] and our VASCAR on the PKU test split. Blue
and red numbers show improved and degraded metrics
compared to Initial.

Content Graphic
Setting Occ | Rea | Align |  Und 1 Ove | FID|
IoU (Ours) 0.1304 0.0134 0.0017 0.97 0.0012 2.13
Random 0.1740 0.0178 0.0018 0.97  0.0002 10.72

DreamSim [2] 0.1603 0.0149 0.0018 0.96 0.0010 3.77
Table 2 Comparison of results under different settings for ICL
example selection on the PKU test split.

Abstract

Large language models (LLMs) have proven effective for
layout generation due to their ability to produce structured
description, such as HTML. In this paper, we argue that
their limitation in visual understanding leads to insufficient
performance in tasks requiring visual content, e.g., content-
aware layout generation. Therefore, we explore whether
large vision-language models (LVLMs) can be applied to
content-aware layout generation and propose the training-
free Visual-Aware Self-Correction LAyout GeneRation
(VASCAR), taking inspiration from the iterative revision
of designers. VASCAR enables LVLMs (e.g., GPT-40 and
Gemini) iteratively refine their outputs with reference to lay-
out rendered layout images. Extensive experiments and user
study demonstrate VASCAR'’s effectiveness and versatility,
achieving state-of-the-art (SOTA) layout generation quality.

1. VASCAR vs.

tion.

Constraint Optimiza-

We further question whether correction similar to VAS-
CAR is achievable via constraint-optimization techniques
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a)
b)

Table 3 Comparison of results across different temperature set-
tings of LVLM on the PKU test split.

[1], [4] that explicitly minimize the layout metrics, such as
Align. We compare VASCAR and the post-processing in-
troduced in LACE [1] applied to our initial layouts (i.e., by
the initial prompt). LACE considers Align and Ove, which
are differentiable, as the loss and minimize them with gra-
dient decent. Obviously, as seen in table 1, LACE’s post-
processing failed in improving the non-differentiable met-
rics. VASCAR can be seen as a gradient-free variant of such
post-processing, and it has a clear advantage of reducing
non-differential metrics, avoiding severe degradation thanks
to LVLM’s tendency to generate plausible layouts.

2. Further Analyses of VASCAR

In this section, we present additional experiments on VAS-
CAR (Gemini), using a fixed setting of I = 5 and the PKU
test split.

When
M = 0 (zero-shot), the models often fail to produce rea-

Impact of the number of ICL examples.

sonable results [5]. To explore this effect, we evaluate VAS-
CAR using different numbers of ICL examples. The results
are summarized in table 4. Specifically, we experiment with
M =1, 3, 5, and 10. Our findings indicate that as M
increases, performance improves across almost all metrics,
with the exception of FID and Ove.

Impact of the number of output candidates. We
examine the effect of the number of output candidates (|Yq])
in table 4. Our findings indicate that as |Yq]| increases, VAS-
CAR’s performance improves accordingly. Considering the
trade-off between performance and efficiency, we set |Yq| = 5
as the default setting for VASCAR.
Impact of A on the layout scorer. We evaluate the
impact of the hyperparameter A on the layout scorer by the
following configurations: (1) Without Occ, (2) Without Rea,
(3) Without Ove, and (4) Without Und. The results are
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The distribution of generated layout results (Predicted Boxes) (coordinates: left,

top, width, and height) and ground truth (GT Boxes) for the unconstrained layout
generation task on the PKU and CGL test splits.

Content Graphic
Setting Occ | Rea | Align |  Und 1 Ove | FID|}
Number of ICL Examples (M)
1 0.2014 0.0184 0.0026 0.84 0.0017 1.45
3 0.1617 0.0160 0.0020 0.90 0.0016 2.27
5 0.1466 0.0150 0.0018 0.95 0.0006 2.25
10 (Ours) 0.1304 0.0134 0.0017 0.97 0.0012 2.13
Number of Output Candidates (|Yq])
1 0.1659 0.0180 0.0023 0.89 0.0011 2.29
3 0.1393 0.0150 0.0017 0.96 0.0010 2.24
5 (Ours) 0.1304 0.0134 0.0017 0.97 0.0012 2.13
10 0.1225 0.0127 0.0025 0.97 0.0008 2.04
Ablation Study on
VASCAR (Ours) 0.1304 0.0134 0.0017 0.97 0.0012 2.13
Initial 0.2080 0.0218 0.0040 0.97 0.0013 1.05
w/o Oce 0.1709 0.0114 0.0022 0.97 0.0002 1.95
w/o Rea 0.1284 0.0162 0.0024 0.97 0.0008 2.03
w/o Ove 0.1301 0.0137 0.0018 0.97 0.0030 2.23
w/o Und 0.1237 0.0130 0.0023 0.68 0.0007 2.14
Table 4 Comparison of results across various experimental set-

tings on the PKU test split. “Initial” means without
self-correction. “w/0” means without. The blue and
red values indicate improved and degraded metrics com-
pared to VASCAR.

summarized in table 4. Our findings reveal that omitting a
specific A for the layout scorer leads to a significant degra-
While other metrics
may show slight improvements in some cases, they remain

dation in the corresponding metric.

optimized compared to the “Initial.” Therefore, directly op-
timizing specific metrics is a reasonable approach.

2.1 Impact of ICL Example Retriever

We evaluated different approaches to ICL retrieval. Ran-
dom means selecting ICL examples randomly from D.
DreamSim is to use DreamSim [2] retriever in align with
Horita et al. [3].
The results are shown in table 2, indicating that Random se-

IoU refers to use IoU of saliency map.

lection achieved the worst performance, demonstrating that
the choice of ICL examples is critical and should not be
overlooked. Interestingly, retrieving ICL examples with the
human-like DreamSim approach also led to inferior perfor-

mance compared to the IoU selection. We argue that, in
a training-free framework, selecting ICL examples based on
IoU can implicitly enforce spatial information and compen-
sate for the lack of content constraint within the textual
prompt.

2.2 Impact of Temperature on LVLM
Temperature controls the level of randomness in token se-
lection during generation. Lower temperatures are suited
for prompts requiring deterministic or structured responses,
while higher temperatures encourage more diverse and cre-
To investigate its impact on VASCAR,
we experimented with different temperature settings, with

ative outputs [6].

results presented in table 3. Our findings show that when
the temperature is set to 0, the LVLM tends to generate
fixed outputs, lacking diversity and resulting in significant
degradation across almost all metrics except for Align. At
a temperature of 0.7, the results are also suboptimal. Con-
versely, increasing the temperature to an upper bound of
2.0 leads to a substantial decline in Occ and Align metrics.
These observations highlight that selecting an appropriate
temperature is crucial for achieving effective and creative
layout generation with VASCAR.

3. Distribution of Generated Layouts

We analyse the layouts generated by VASCAR (I = 15)
for the unconstrained task on the PKU and CGL test splits.
The coordinates of the generated layouts, including left, top,
width, and height, are restored to the original image size
(513 x 750), as shown in fig. 1. The results indicate that
the generated layouts are predominantly positioned in the
upper-left region (0-100 pixels) with a large width (typi-
cally 400-500 pixels). From the figures showing the distri-
bution of the top coordinates, there is sparse distribution in
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the middle regions of the canvas, suggesting that VASCAR
tends to avoid placing layouts in these areas, which are often
occupied by the main content.

4. More Visual Examples

We provide additional visual examples of self-correction
performed using GPT-40 in fig. 2. Additionally, fig. 3
presents more visual examples from the unannotated test
splits of the PKU and CGL datasets. Moreover, fig. 4 high-
lights visual examples from various constrained layout gen-
eration tasks on the PKU and CGL test splits.

5. Prompt Examples

For various constrained layout generation tasks, we adopt
different prompts as outlined in [5]. Here, we provide de-
tailed examples of these prompts (excluding images for sim-
plicity) for the following tasks: C — S + P (fig. 5), C +
S — P (fig. 6), Completion (fig. 7), Refinement (fig. 8),
and Relationship (fig. 9). Additionally, we present an op-
timized prompt example in fig. 10.
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