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Motivation

Iterative revision...

Guidelines

] Designer

Canvas

Final Design

Intermediate Design

(a) The iterative revision workflow of designers.

&'JE Q. This image is an idea of layout design rendered on a poster, where
green boxes show texts, yellow underlays, and red logos. Please
comment on the design in terms of alignment, content occlusion, and

Introduct

ion

Q What is the Content-aware layout generation task?

 Content-aware layout generation aims to automatically arrange visual elements (e.g.,
text, logo, underlay) on a canvas based on its visual content — a task essential in
applications such as poster and magazine design.
While recent large language models (LLMs) can generate structured layouts via HTML or
JSON, they lack the ability to see, limiting their effectiveness when visual cues are crucial.

% Key Challenges

Lack of visual understanding in LLMs hinders layout quality.
High cost of training generative models on layout data.

* Absence of iterative refinement, which is common in human design workflows.
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The overview of proposed VASCAR.

User utilization of spaces and score them in [1--5], higher is better.
E=—=  Utilization of S g
ilization of Spaces: Tall c
Score: 2/5. The space is not utilized effectively, and the design feels Gemlnl Q Our SOIUthﬂ.' VASCAR
unbalanced with too much empty space at the top. The placement of  We introduce VASCAR, a training-free framework for content-aware layout generation
the text boxes feels arbitrary... . . . . .
using large vision-Language models (VLMs) such as GPT-40 and Gemini.
v ———— e * Inspired by how human designers work, VASCAR:
There is some occlusion of the background elements by the text * Generates layout candidates via few-shot in-context learning (ICL).
Frg’r;f;rv eg*;'r;zssggﬂcfgtrergigiyti :r:?rt]?gufgog]hghni epcflgfig;t focus.  ChatGPT * Evaluates layout quality using automatic multi-criteria scoring.
* Refines outputs iteratively based on visual feedback and textual suggestions.
(b) Inspiring conversations with Gemini/ChatGPT. y
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<div class=" " style="index: 0; left: 6px; top: llpx; width: 88px; height: 22px"></div> B _— =i
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ICL Retriever:
Retrieves a small set of in-context learning (ICL) examples similar to the Query
canvas, using saliency map similarity.

Miest N mj

S(Xeests %) 2 10U(Myesr my) = My oep UM,
es ]

Xtest) Xj are Query and ICL samples, m; .., m; are corresponding saliency maps
Each exemplar includes:

Rendered layout (colored bounding boxes)

HTML format layout description
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Layout Generator:
Generates initial layout candidates using a frozen VLM given the query canvas and ICL examples.

X4+ Query canvas
Do: Initial prompt
G(+): VLM generator (GPT-40 & Gemini)
Y,: Set of initial layout candidates

Yqo — G(xqr @; pO)

Output is in HTML format, describing bounding box coordinates and element types.
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Visual-Aware Self-Correction: Layout Scorer:
Performs iterative layout refinement using visual feedback from rendered images Assigns a fused quality score to each layout candidate based on multiple normalized criteria.
and evaluation scores. 2
. . . % = A
Refinement formula (iteration i): (yq) m fm(yq)
i _ i—1. i—1 _ , meM
Y =G(xq, Yg 50(Yg 7)) e M: Set of evaluation metrics
fm (Vq): Normalized score for metric m
* Scores each candidate « A,,: Weight for each metric
* Adds suggestions as text prompt
* Feeds it back to the VLM )
.. Suggester:
Prompt Optimizer: : : . . : :
e et It dal e Provides natural language suggestions to refine the layout, based on low-scoring metrics, threshold 8,, is
ONSTructs the next-step muiti-moaal prom or the .
— P P P calculated by ICL examples:
nput: 1
* Query canvas image 0, = m E fm )
* Top-k previous rendered layouts 177 yes(xy)
* ICLexamples . Iffm(yq) < 0,,, add a suggestion related to that score, such as:
* Suggestions + scores :
L &8 "Reduce the overlap between the text and image.” )
( PKU CGL Baselines VASCAR \
Res u Its Content Graphic Content Graphic Autoreg RALF Layout Prompter |nitial
Method Occ|l Real Und? Ovel FID| Occ)] Real Undt Ovel FID] y . y
Real Data 0.112 0.0102 099 0.0009 158 0.125 0.0170 098 0.0002 0.79
Experimental : C—S+P
pe e ta SetuP CGL-GAN 0.132 0.0158 048 0.0380 1147 0.140 0.0213 065 0.0470 23.93
B Datasets: LayoutDM 0.152 00201 046 01720 2056 0.127 00192 079 0.0260 3.39
Autoreg 0.135 0.0167 0.43 0.0280 1048 0.124 0.0183 0.89  0.0150 1.36
We conducted our experiments on two opensource datasets: PKU and CGL, both R Gprey 124 Q06 090 00100 221 016 0010 097 00060 050
“40) 0.117 0. d I 3. b ! ! 4 '
of which contain e-commerce posters featu ring shoppmg product images. VASCAR (Gemini) 0.107 0.0100 099 00003 282 0.123 00111 098 00005 551
. C+S—P
. Compared MethOds' CGL-GAN 0.129 0.0155 048 0.0430 9.11 0.129 0.0202 0.75 0.0270 6.96
. LayoutDM 0.143 0.0185 045 0.1220 2490 0.127 0.0190 0.82 0.0210 2.18
* LLM-based: Autoreg 0.137 00169 046 00280 546 0.127 00191 0.88 00130 047
LayOUtPrompter, POSterUama I\QJQLF 0.125 0.0138 0.87 0.0100 0.62 0.128 0.0185 096 0.0060 0.21
SCAR (GPT-40) 0.123 0.0117 090 0.0009 1.11 0.140 0.0132 0.88 0.0003 1.67
o . . . . VASCAR (Gemini) 0.104 0.0107 0.88 0.0018 221 0122 0.0123 085 0.0028 2.39
Generative baselines (trained):
Completion
CGL-GAN, DS-GAN, ICVT, LayoutDM, Autoreg, RALF CGL-GAN 0.150 00174 043 00610 2567 0174 00231 021 01820 7844
o . LayoutDM 0.135 0.0175 0.35 0.1340 21.70 0.127 0.0192 0.76 0.0200 3.19
B Evaluation Metrics: Autoreg 0.125 00161 042 00230 596 0.24 0018 091 00110 233
. . ope RALF 0.120 0.0140 0.88 0.0120 1.58 0.126 0.0185 096 0.0050 1.04
* Content metrics: Occusion, Unreadablllty VASCAR (GPT-40) 0.120 0.0063 1.00 0.0004 6.19 0.137 0.0068 0.99 0.0005 557 _ ;
o N . . VASCAR (Gemini) 0.119 0.0097 099 0.0006 4.74 0.135 0.0098 0.98 0.0009 5.18
* Graphic metrics: Overlay, Non-alignment, Underlay Effectiveness, FID o — [ Logo Text Underlay
H H CGL-GAN 0.122  0.0141 039 00900 6.40 0.124 0.0182 086 0.0240 1.20
B Implementation Details. LayoutDM 0115 00174 040 00630 256 ﬁ 0019 075 00150 198 Visual comparison of baselines and VASCAR with
ini- - - Autoreg 131 0.0171 . . 5. 1 .01 . . 0.15 .
* gemini-1.5 flash and gpt-4o are used as VLMs. RALF 0.113 00109 095 00040 013 0126 00176 0.98 00020 0.14 different values of I.
. VASCAR (GPT-40) 0.108 0.0072 0.99 0.0005 1.18 0.125 0.0091 095 0.0008 0.59
* Iscﬁfexamplf's- 101:5f G i S for GPT-4 VASCAR (Gemini)  0.104 0.0095 097 00010 032 0.114 0.009 096 0.0013 037 Content Graphic
¢ eir-correction. or emini or -40 Relationship . ]
’ Autoreg 0.140 00177 044 00280 1061 0.127 0.0189 088 00150 1.28 Setting Occy Real Align| UndT Ovel FIDJ
T = VASCAR(GPT4G) T OI5E 001397092 Q00T L 0153 monisoon o ery R N VR
-840 o WU b o . o Ul 5 B J
et Chdninee oo — oo — VASCAR (Gemini) 0.119 00117 096 00008 2.00 0.132 0.0123 095 00011 3.72 Text-only 0.1529 0.0153 0.0024 097 0.0009 1.91
Occ) Real Align) Undt Ovel FID) Occl Real Alignl Undt Ovel FID] Quantitative result of five constrained generation tasks Saliency Map 0.1356  0.0140  0.0023 gg; 8'3833 1.69
Inpainting Image 0.1312 0.0137 0.0022 . . 2.37
Real Data 0.112 00102 0.0038 099 00009 158 0125 00170 00024 098 0.0002 0.79 . al
CGL-GAN [68] X 0.138 0.0164 0.0031 041 0.0740 3451 0.157 0.0237 00032 029 0.1610 66.75 on the PKU and Coil_ test Sp|ItS. Original Poster 01315 00134 00023 098 0.0006 2.34
DS-GAN [20] X 0.142 00169 0.0035 0.63 00270 11.80 0.141 00229 00026 045 00570 41.57 160 o pku| OMEE e PKU . : :
ICVT [5] X 0.146  0.0185 0.0023 049 0.3180 39.13 0.124 0.0205 0.0032 0.42 0.3100 65.34 2_15 \.\ T CG'—‘ 0.015 m == CGL‘ MUItI mOdaI analySIS for VASCAR on the PKU teSt Sp“t.
LayoutDM [22] X 0.150 0.0192 0.0030 041 0.900 27.09 0.27 00192 00024 082 0.0200 2.36 o "~ oe . Content PE—
Autoreg [19] X 0.134 0.0164 0.0019 0.43 0.0190 13.59 0.125 0.0190 0.0023 0.92 0.0110 2.89 s \-\ & '\ P
RALF [19] X 0.119 0.0128 0.0027 0.92 0.0080 3.45 0.125 0.0180 0.0024 098 0.0040 1.32 013 — 00 N Setting Occ)] Real Align] UndtT Ovel] FID|
PosterLlama® [49] X o - - - —~ - 0.154 0.0135 0.0008 097 0.0030 2.21 0.12 0.012 w 4
LayoutPrompter' [33] V 0220 0.0169 0.0006 091 0.0003 342 0251 0.0179 0.0004 089 0.0002 4.59 13 5 7 1012 15 135 7 1012 15 Number of ICL Examples (M) .
VASCAR (GPT-40) v 0.129  0.0091 0.0002 099 0.0002 3.14 0.141 0.0102 0.0005 0.99 0.0002 5.69 Number of 7 Number of Z % 8%?1‘7‘ 83123 88838 ggg 888:3 %gg
o ‘ J— 16 . . . . O .
VASCAR (Gemini) v 0.113 0.0117 0.0013 0.98 0.0003 3.34 0.125 0.0122 0.0010 0.98 0.0007 6.27 g_gg;z - ZEL:‘ g_g;s ././I 5 0.1466 0.0150 0.0018 0.95 0.0006 555
. . . L, 0.0023 I / 10 (Ours) 0.1304 0.0134  0.0017 0.97 0.0012 2.13
Unconstrained generation results on the PKU and CGL test split. e Zoso F
05 < 0.0018 S 0.955 Number of Output Candidates (|Yy|)
PKU unannotated CGL unannotated < 0.0015 " 0.950 pKu‘ 1 0.1659  0.0180  0.0023  0.89  0.0011 229
Method Occ| Real Undf Ovel Occl Real Undt Ovel g o04 0.382 D001 "~ . oo 8 (= ceL) 3 0.1393  0.0150 g.gg}'/ 8.36 0.0010  2.24
— £ T s s 7 w012 15 01 357 1012 15 5 (Ours) 0.1304  0.0134  0.0017 97 00012 213
ICVT [5] 0.189 00317 048 02920 0446 00425 067 03010 2 . 0480 0.00200 \ 1 gg‘:‘ °lo P /./'/ Ablation Study on \
LayoutDM [22]  0.165 00285 038 02010 0421 00506 049 00690 3 0.144 : ooty M - L e VASCAR (Ours)  0.1304 00134  0.0017 097 00012 213
Autoreg [19] 0.154 00274 035 00220 0384 00427 076 00580 2 . £ 000125 \.\ ot Initial 0.2080  0.0218  0.0040 097  0.0013  1.05
RALF [19)] 0.133 00231 087 00180 0336 00397 093 00270 3 0.00100 = 3 w/o Occ 0.1709 0.0114  0.0022 097  0.0002 1.95
VASCAR (Ours) 0.132  0.0151  0.98  0.0002 0.289 0.0300 0.98  0.0007 > 0.0 - ppoath T 2 w/o Rea 0.1284 0.0162  0.0024 0.97 0.0008  2.03
RAE  rontar e Y 0.00025 w/o Ove 0.1301  0.0137  0.0018 097  0.0030 2.3
Unconstrained generation resu|ts on the U P Stud 13 fwr;ber;g;z 15 13 5Nu:‘bero1f"l 12 15 w/o Und 0.1237 0.0130 0.0023 0.68 0.0007 2.14
_ ser Study. . . : : :
unannotated test split. The trends of each metric on self-correction I. Comparison of results across various settings on PKU.
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