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Abstract. Layout understanding, or the interpretation of element orga-
nization, is essential for document analysis, user interface (UI) creation,
and graphic design. While recent vision-language models (VLMs) ex-
cel at interpreting atomic layouts composed of independent elements,
they struggle with compositional layouts that require reasoning over vi-
sually entangled elements within hierarchical multi-layer structures. In
this paper, we introduce a new task, compositional layout understanding,
and present CoDeLayout, a VQA dataset of ~20K real-world multi-layer
layouts annotated with compositional element pairs and design intent.
Through empirical analysis on CoDeLayout, we identify two key chal-
lenges for existing VLMs: semantic drift between textual metadata and
visual content, and structural ambiguity in hierarchical inter-element
relationships. To address these challenges, we propose MASON;, a post-
training paradigm that integrates multimodal alignment (MA) and struc-
tural perception (SP). MA enhances element interpretation by ground-
ing metadata-defined elements to their visual counterparts, mitigating
semantic drift, while SP models layer-aware inter-element spatial rela-
tionships to improve hierarchical understanding and reduce structural
ambiguity. Experiments reveal substantial gaps in existing VLMs: even
the strongest baseline, GPT-03, achieves only 79.68% accuracy, whereas
Qwen2.5-VL 7B with MASON reaches 91.66%. Notably, MASON sur-
passes full-data Direct Finetune using only 30% of the training data and
scales better with additional data.
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1 Introduction

Layout understanding, the ability to perceive structural organization and rela-
tionships among elements such as text, images, and graphics, is a fundamental
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Fig. 1: Compositional layouts in graphic design. show representative com-
positional layouts, with green boxes marking key elements. (ED Clipping extracts a re-
gion from a base image as a separate layer, allowing insertion of new elements between
the base and the cutout; (]E[) Blending integrates different crops of the same image into
stylized shapes for aesthetic coherence; Overlaying combines an element with its
outline or shadow to emphasize visual hierarchy; and @ Morphing replaces text with
graphics to create expressive visual effects. (E[) Compositional layout understanding is
critical for design assistants, as handling such layouts often requires coordinated edits
across interrelated elements to faithfully implement user intent.

capability for intelligent systems in document analysis [18], user interface (UI)
creation [14], and graphic design [42].

Recent VLMs have shown strong performance in layout interpretation. In
document understanding, models such as the LayoutLM series inte-
grate semantic and layout representations through 2D position embeddings, en-
abling fine-grained reasoning over individual document elements such as head-
ers, tables, and forms. In user interface (UI) understanding, datasets such as
ScreenQA enable models like CogAgent to learn navigation in graphi-
cal user interfaces (GUIs) through interaction-related visual question answering
(VQA) at the level of individual interface elements. In graphic design, recent
approaches address tasks such as extracting quantitative information from info-
graphics and analyzing rhetorical intent in advertisements by modeling
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grouping relationships among individual layout elements. However, existing re-
search is primarily developed for atomic layouts composed of independent ele-
ments, leaving compositional structures underexplored.

In contrast to atomic layouts, which typically involve clearly separated el-
ements with explicit boundaries and rely on 2D positional encodings to model
reading order, compositional designs involve visual entanglement among multiple
elements within hierarchical structures and require layer-aware spatial reasoning
to capture inter-element relationships. Figure [1| (a-d) illustrates representative
composition types, including clipping for inter-layer insertion, blending image
crops into stylized shapes, overlaying an element with its outline, and morphing
text for visual effects. Furthermore, as shown in Figure understanding com-
positional layouts is essential for enabling design assistants to perform editing
operations correctly. This, in turn, requires the underlying VLMs to interpret
elements under visual and semantic ambiguity arising from multi-element entan-
glement and to reason over layer-aware inter-element relationships. Accordingly,
we introduce compositional layout understanding as a new task for VLMs and
present CoDeLayout, a VQA dataset designed to support it. Comprising approx-
imately 20K real multi-layer design layouts, CoDeLayout provides high-fidelity
rendered images paired with element-level metadata and QA-style annotations
that capture compositional element pairs and their associated design intents.

Empirical analysis on CoDeLayout reveals that existing VLMs struggle with
compositional layouts due to two key challenges: semantic drift and structural
ambiguity. Semantic drift emerges from the visual entanglement of elements,
where VLMs fail to align textual metadata with visual content, leading to incor-
rect interpretation of element semantics and design intent. Structural ambiguity
stems from the hierarchical organization of compositional elements, where VLMs
struggle to interpret layer-aware spatial structures and consequently fail to cap-
ture inter-element relationships.

To address these challenges, we propose MASON, a post-training paradigm
integrating Multimodal Alignment (MA) and Structural perceptiON (SP). MA
mitigates semantic drift by aligning metadata-defined elements to their visual
counterparts, enabling coherent interpretation of design attributes and visual
semantics. In parallel, SP addresses structural ambiguity by extracting layer-
aware spatial relationships among elements that encode their positional and
hierarchical dependencies.

Experiments reveal substantial gaps in existing VLLMs on compositional lay-
out understanding: even the strongest baseline, GPT-03 with image-based rea-
soning capability, achieves only 79.68% accuracy. In contrast, Qwen2.5-VL 7B
with MASON achieves 91.66% accuracy and consistently improves performance
across diverse compositional design categories, including overlaying, clipping,
blending, and morphing. Furthermore, MASON demonstrates strong data effi-
ciency, surpassing full-data Direct Finetune while using only 30% of the training
data, and shows better scalability as training data increases.

Our main contributions are summarized as follows:
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— We introduce compositional layout understanding as a new task and con-
struct CoDeLayout, the first VQA dataset for this setting, comprising ~20K
real multi-layer layouts with explicit annotations of compositional element
pairs and their design intent.

— Through empirical analysis on CoDeLayout, we identify two core challenges,
namely semantic drift and structural ambiguity, explaining why existing
VLMs struggle with compositional layouts.

— We propose MASON, a post-training paradigm that mitigates semantic drift
via multimodal alignment and addresses structural ambiguity through layer-
aware structural perception.

— Experiments reveal substantial performance gaps in existing VLMs and val-
idate the effectiveness of MASON. Notably, MASON surpasses full-data Di-
rect Finetune using only 30% of the training data and scales more effectively
with increasing data.

2 Related Work

We review related work in three areas: vision-language models as the foundation
for layout reasoning, layout generation methods for design synthesis, and layout
understanding approaches primarily focused on atomic layouts.

2.1 Vision Language Models

Recent advances in vision-language models (VLMs) [17,(34]/35//5557] have sub-
stantially improved multimodal understanding by integrating large language
models (LLMs) [2l7H911/49] with visual encoders such as CLIP |45]. Flamingo [1]
introduced interleaved vision-language modeling for open-ended reasoning, while
BLIP-2 [29] bridged frozen vision and language backbones through a Q-Former.
Instruction-tuned models such as LLaVA [31/[32] and Qwen-VL [3/50] further im-
proved visual grounding and cross-modal reasoning. Building on these advances,
spatially aware VLMs such as Qwen2.5-VL [5], Qwen3-VL [4], InternVL-3.5 |51],
and LLaVA-OneVision [25] further advance dense localization and object-level
grounding. Collectively, these advances provide a strong foundation for layout
perception and reasoning.

2.2 Layout Generation

Layout generation aims to synthesize new designs from learned structural pat-
terns and has progressed across documents, user interfaces, and graphic de-
sign. For documents, methods such as LayoutVAE [23|, LayoutGAN+-+ [24],
LayoutDM [20], and Text2Poster [22| generate layouts that follow logical and
visual hierarchies. For user interfaces, Pix2Code [6] and Design2Code [46] syn-
thesize coherent layouts from textual descriptions or sketches. In graphic design,
datasets including Magazine 52|, GenPoster-100K [13|, DesignerIntention |21],
Crello [47], and MLTD [44] support multi-layer layout modeling, enabling mod-
els such as LayoutGAN [27], LayoutTransformer |12|, COLE |21], and ART [44]
to learn geometric constraints and generate layouts under multimodal guidance.
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Fig. 2: Data format of a compositional design. Each instance includes a rendered
layout image, element-level metadata, and QA-style annotations specifying composi-
tional element pairs and their associated design intents.

2.3 Layout Understanding

Layout understanding aims to perceive and reason over the spatial and seman-
tic organization of elements and is central to document analysis, Ul creation,
and graphic design. In documents, datasets such as PubLayNet [59] and Do-
cLayNet [43] support models like LayoutLM |[18}[53/54] and DiT [28], which
encode semantic and layout features with 2D positional embeddings. For Uls,
RICO [10] and ScreenQA |15] enable navigation in graphical user interfaces
(GUIs) and interaction-related visual question answering (VQA) with models
such as CogAgent [14]. In graphic design, prior work addresses tasks includ-
ing infographic question answering [37,|38] and rhetorical analysis in advertise-
ments [36] by modeling grouping relationships among individual elements.
Although effective for atomic layouts, these datasets and methods assume
independent elements and rely on 2D positional encodings, limiting their ability
to model hierarchical and layer-aware interactions among visually entangled ele-
ments. Such interactions are fundamental to compositional layout understanding
and motivate the need for a dedicated dataset and a tailored modeling paradigm.

3 Compositional Layout Understanding: Task & Dataset

3.1 Task Formulation

Compositional layout understanding aims to identify interacting elements within
hierarchical layouts and interpret their design intent. As illustrated in Fig.[2] each
layout instance is represented as £ = (Z, M), where Z is the rendered design
image and M = {M,,, M,,,..., M, } denotes the complete metadata of the
design. Each M., contains attributes of element e;, including its type, spatial
position (placement), and stacking order (Zindex). Given a question Q(e?) refer-
ring to a query element e?, the model is required to identify the corresponding
compositional element e®°™? and generate a textual answer A(e“°™P) explaining
their design intent:

A(e™P) = VLM(L, Q(e")) (1)



6 Y. Huang et al.

Table 1: Comparison of representative layout datasets. In contrast to existing datasets
that primarily focus on atomic layouts or generative objectives, CoDeLayout provides
multi-layer layouts with explicit annotations of inter-element compositional relation-
ships and the design intent.

Dataset Annotation Structure Domain # Samples # Layers

Layout Generation

RICO [10] N/A Flat Ul ~T2K N/A
Magazine |52 N/A Layering Graphic ~3.9K N/A
GenPoster-100K |13 N/A Layering Graphic ~100K 2-20
DesignerIntention |21] N/A Layering Graphic ~100K 3-10
Crello [47] N/A Layering Graphic ~20K 2-50
MLTD [44] N/A Layering Graphic ~1M 2-50
Layout Understanding

PubLayNet |59] Atomic Flat Doc ~360K N/A
DocLayNet 43| Atomic Flat Doc ~80K N/A
ScreenQA |15] Atomic Flat Ul ~86K N/A
CoDeLayout (Ours) Compositional Layering Graphic ~20K 3-50

3.2 Compositional Design Layout Dataset

To support compositional layout understanding in graphic design, we construct
the Compositional Design Layout Dataset (CoDeLayout), a high-quality, multi-
layer design dataset centered on element-level compositional relationships. De-
tailed data collection procedures are provided in the supplementary materials.

Data Format & Statistics CoDeLayout contains approximately 20K design
instances spanning diverse resolutions and coherent multi-layer structures across
four representative compositional types: Overlaying, Clipping, Blending, and
Morphing. As illustrated in Fig. each instance includes: (1) a high-fidelity
rendered design image; (2) a structured JSON file with element-level metadata
(id, type, opacity, zIndex, position, etc.); and (3) QA-style annotations
(Q(e?), A(ec°™P)) specifying compositional element pairs (e?,e™P) and their
associated design intents.

CoDeLayout follows the natural distribution of real-world graphic designs
without resampling for category balancing. It contains 20,009 training samples
and 387 test samples. In the training set, Blending dominates (56.78%), followed
by Overlaying (22.83%), Clipping (17.76%), and Morphing (2.63%). To ensure
reliable evaluation across all composition types, the test split slightly increases
the proportion of rare categories, resulting in the following distribution: Blend-
ing (40.06%), Overlaying (29.95%), Clipping (17.75%), and Morphing (12.24%).
All test samples are manually verified to ensure annotation correctness and pre-
vent data leakage. In terms of resolution, CoDeLayout spans from small banners
(300%60) to ultra-high-resolution prints (7200x14400), covering common social
media formats (e.g., 10801080, 1080x1920) and standard print sizes (e.g., A4
at 2480x3507). The designs contain an average of 17.4 layers, with 99.8% con-
taining fewer than 45 layers.
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Fig. 3: Impact of semantic drift (a) and structural ambiguity (b) on compositional
layout understanding. Higher grounding performance and spatial relation perception
accuracy consistently correspond to better compositional element identification accu-
racy, indicating that multimodal alignment and structural perception are essential for
compositional layout understanding.

Comparison with Existing Layout Datasets Table [I] compares represen-
tative layout datasets across understanding and generation domains. Document
and UI datasets, such as PubLayNet [59], DocLayNet [43], ScreenQA [15], and
RICO [10], primarily target atomic layouts with flat or tree-structured repre-
sentations, supporting structural parsing and function-level reasoning. Graphic
design datasets, including Crello [47], GenPoster-100K [13], and MLTD [44], pro-
vide multi-layer layouts for generation but do not explicitly model inter-element
compositional relationships.

In contrast, CoDeLayout is the first dataset dedicated to compositional layout
understanding. It integrates high-fidelity rendered designs, element-level meta-
data, and explicitly formulated QA-style annotations that capture complex com-
positional element pairs and their associated design intent.

3.3 Challenges in Compositional Layout Understanding

Compositional layouts introduce structural complexity beyond atomic layouts,
requiring accurate element interpretation under visual entanglement (semantic
drift) and layer-aware modeling of hierarchical relationships among elements
(structural ambiguity). To examine these challenges, we analyze a strong VLM,
GPT-40, on CoDeLayout.

Semantic Drift Semantic drift arises from the visual entanglement of elements,
as VLMs fail to align textual metadata with visual content, resulting in misin-
terpretation of element semantics and degraded compositional understanding.
To empirically examine this issue, we evaluate GPT-40’s ability to ground
metadata-defined elements in the rendered layout image. For each layout, ele-
ment crops are fed to GPT-4o0 with a fixed descriptive prompt (“What is element
A7) to generate reference descriptions. During evaluation, the model receives
the rendered layout image together with its metadata and is asked to describe
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Fig. 4: Overview of MASON. MASON mitigates semantic drift and structural am-
biguity through multimodal alignment (MA) and structural perception (SP). MA in-
troduces an element grounding objective to align textual metadata with visual content
under visual entanglement. SP augments metadata with layer-aware spatial relation-
ships, enabling accurate modeling of hierarchical inter-element structures.

each element. Performance is measured by the average BLEU score between
generated and reference descriptions across elements within each layout.

As shown in Figure samples with higher grounding scores consistently
achieve better compositional identification accuracy. This result indicates that
grounding capability directly impacts compositional layout understanding, high-
lighting multimodal alignment as a critical factor.

Structural Ambiguity Structural ambiguity arises from the hierarchical orga-
nization of compositional elements, where VLMs struggle to interpret layer-aware
spatial structures, limiting their ability to model inter-element relationships.

To empirically examine this issue, we evaluate GPT-40’s ability to perceive
layer-aware spatial relationships through a spatial relation perception task. For
each layout, 30 element pairs are randomly sampled to construct yes/no ques-
tions about structural relationships (e.g., “Is element A above element B?”). Dur-
ing evaluation, the model receives the rendered layout image together with its
metadata and answers these questions. Performance is measured by the average
accuracy across the sampled element pairs within each layout.

As shown in Figure [3D] higher spatial relation perception accuracy consis-
tently corresponds to better compositional identification accuracy. This indicates
that structural perception directly affects compositional layout understanding.

4 MASON: A Baseline Post-training Paradigm

Our analysis in Section [3.3] shows that semantic drift and structural ambiguity
hinder accurate element interpretation and inter-element relationship modeling,
limiting VLMSs’ compositional layout understanding. To address these challenges,
we propose MASON as a baseline paradigm for compositional layout understand-
ing that integrates multimodal alignment (MA) and structural perception (SP)
into VLM post-training, as illustrated in Figure [
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Table 2: Prompt template Pgrouna for generating element grounding QA pairs in
multimodal alignment.

Element Grounding Prompt Pground

Inputs:

- Full design image: Z

- Layout metadata: M = {Mc;, Mey, ..., M, }

- Element ID: {element_id}

- Image crop and metadata of the element: (Z., M.)

Grounding Question Q7(e;):
“What is the element with ID {element_id} and where is it located in the complete design?”

Example Answer:
“The element with ID {element_id} is a [description]. It is located in the [position| of the design.
[Optional: Additional identifying details].”

Please generate the answer based on both the element’s metadata and visual content, as well as
the global layout context.

4.1 Multimodal Alignment (MA)

To address semantic drift, MA introduces an element grounding objective dur-
ing VLM post-training, encouraging alignment between textual metadata and
corresponding visual content under visual entanglement.

The grounding objective is constructed from 1K layouts sampled from the
training split of CoDeLayout. Each instance follows the layout formulation £ =
(Z, M) and is augmented with grounding QA supervision (Q9, A9).

Specifically, for each layout, 20% of elements are randomly sampled. For
each selected element e;, an off-the-shelf VLM G generates a grounding QA
pair. Given a layout £, together with the element crop Z.,, its metadata M.,,
and a grounding question Q9(e;) (“What is the element with ID {element_id}
and where is it located in the complete design?”), G produces an answer A9(e;)
describing its semantic identity and spatial placement:

Ad(e;) = g(fpground(ﬁazefwMewQg(ei)))v (2)

where Pground denotes the grounding prompt template (Table .

4.2 Structural Perception (SP)

To address structural ambiguity, SP incorporates layer-aware spatial relation-
ships into VLM post-training, enabling accurate modeling of hierarchical inter-
element relationships.

Given a layout £ with metadata M = {M,,,..., M, }, where each el-
ement e; is annotated with attributes such as bounding box, stacking order,
and type, SP derives spatial relationships between the query element e, ref-
erenced in the compositional layout understanding question Q(e?), and every
other element e;. These relationships are encoded in an additional metadata
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Table 3: Schema of layer-aware inter-element spatial relationships used for structural
perception.

Spatial Relationship Schema

spatialRelationship: {
hasOverlap: <True | False>, overlapPercentage: <float>,
containment: <contain | contained | none>, centerDistance: <float>,
relativePosition: <left | right | above | below>, layerOrder: <above_given | below_given>

}

field spatialRelationship, which includes six properties: overlap status and
ratio, containment type, center distance, directional relation, and relative stack-
ing order (Table [3]). The enriched metadata for each element is defined as:

M, = M., UspatialRelationship(e;,e?). (3)

Embedding these spatial attributes into the metadata provides explicit geo-
metric context, facilitating interpretation of layout hierarchy and inter-element
structure.

4.3 Integration into VLM Post-training

During post-training, multimodal alignment and structural perception are in-
corporated through metadata augmentation and joint supervision from compo-
sitional and grounding QA tasks.

Specifically, the original metadata M is augmented with layer-aware spatial
relationships, resulting in M’ = {M_, ,..., M }, where each M includes the
spatialRelationship relative to the query element e?. The VLM is optimized
on a mixture of compositional and grounding QA samples:

A=VLM((Z, M), Q), (4)

where @) denotes either a compositional question Q(e?) or a grounding question
QI (e;) depending on the training instance. The output is optimized using cross-
entropy loss against the corresponding ground-truth answer.

At inference time, layer-aware metadata augmentation is retained, while eval-
uation focuses solely on the compositional layout understanding task.

5 Experiments

5.1 Baselines and Metrics

Baselines. We evaluate heuristic methods, open-source models, and proprietary
large-scale models on CoDeLayout to assess compositional layout understanding
in current VLMSs under zero-shot and default inference settings. Heuristic base-
lines include Max-Overlap, which selects the element with the highest IoU with
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the query e?, and Nearest-Neighbor, which selects the element with the nearest
centroid. Open-source models (7B scale) include Qwen2.5-VL [5], Qwen3-VL [4],
InternVL-3.5 [51], and LLaVA-OneVision |26]. Proprietary models include GPT-
4o [19], GPT-5 [39], GPT-03 |40], Gemini-2.5-flash [48], and Gemini-2.5-pro [4§].
Models with explicit reasoning capabilities (GPT-5, GPT-03, and Gemini-2.5-
pro) are evaluated under their default medium reasoning configuration.

For post-training comparison, we further evaluate two Qwen2.5-VL [5] 7B
variants: Direct Finetune, finetuned solely on compositional QA data, and MA-
SON, optimized with multimodal alignment and structural perception.

Metrics. We report Accuracy, GPT-Score (0-10), BLEU, and ROUGE. Accu-
racy evaluates correct identification of the compositional element e®™P given the
query e, reflecting compositional element selection. For generated explanations,
BLEU [41] and ROUGE [30] measure lexical overlap with reference answers,
while GPT-Score [58| assesses semantic alignment with the annotated design
intent. Detailed scoring prompts are provided in the supplementary materials.

5.2 Implementation Details

All models are evaluated under consistent prompting, decoding, and input config-
urations. Open-source VLMs (7B scale) are tested using their official instruction-
following interfaces in zero-shot mode, while proprietary models are accessed via
API under default inference settings. Input images are resized to 336 x 336 and
paired with structured JSON metadata. All models use greedy decoding with
a maximum output length of 256 tokens to ensure deterministic and parsable
responses.

Our post-training variants, Direct Finetune and MASON, are implemented
on Qwen2.5-VL (7B) [5] and trained on CoDeLayout. Training uses the AdamW
optimizer |33] with a learning rate of 3 x 107°. LoRA adapters [16] (r = 4,
« = 8) are applied to the attention projection layers (q/v). The context length
is set to 4096 tokens, and post-training is conducted for 3 epochs with a global
batch size of 64 on 8 A100 GPUs. For multimodal alignment, GPT-40 is used
to generate grounding QA supervision. In experiments with type-balanced sub-
sampling, abundant types (e.g., Overlaying, Blending, and Clipping) are sampled
less frequently than scarce types (e.g., Morphing).

5.3 Comparison on CoDeLayout

As shown in Table [d] heuristic baselines perform poorly across categories, in-
dicating that simple geometric priors (e.g., overlap or centroid proximity) are
insufficient for compositional element identification. Open- and closed-source
VLMs also exhibit clear performance gaps under zero-shot settings. Even the
strongest baseline, GPT-03, achieves 79.68% weighted accuracy and 76.28% av-
erage accuracy, underscoring the difficulty of modeling visually entangled and
layer-aware structures.
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Table 4: Performance on CoDeLayout across four compositional categories. Each
cell reports Accuracy (GPT-Score/BLEU/ROUGE). Accuracy (1) evaluates composi-
tional element identification, while GPT-Score/BLEU/ROUGE (1) measure explana-
tion quality. Bold and underline indicate the best and second-best results. Weighted
Accuracy is computed using test sample proportions, and Average Accuracy is the
unweighted mean across categories. The results highlight challenges in compositional
layout understanding for existing VLMs and MASON’s effectiveness and data efficiency.

Model ‘ Overlaying Clipping Blending Morphing ‘Weighted Acc. Average Acc.

Heuristic Baselines

61.74 69.70 23.08 36.17

Max-Overlap oA PN RO A 44.27 47.67
Nearest-Neighbor ?\82\6 6\21\2 2\3'7\2 3\83\0‘ 42.44 45.60
Open-Source VLMs

Qwen2.5-VL L se09 52.60 48.49
Qwen3-VL [ Beo9 77.08 73.02
InternVL-3.5 0o 84%735)\ o (o0s 68.48 62.99
LLaVA-OneVision 516(‘5‘)21 - 48.95 42.10
Closed-Source VLMs

GPT-40 18‘3”478 - 65.10 62.31
GPT-5 8‘9i5’77 76.56 71.62
GPT-03 %’9111 79.68 76.28
Gemini-2.5-flash s 69.79 65.63
Gemini-2.5-pro f)JO.fS 72.65 67.61
Ours

Direct Finetune (Full data)| N 88.80 84.30
MASON (30% data) 89.32 86.12
MASON (Full data) ) 5o, 91.66 88.07

MASON consistently outperforms all baselines. Compared with GPT-03,
MASON (Full data) improves weighted accuracy from 79.68% to 91.66% and
average accuracy from 76.28% to 88.07%, with especially large gains on struc-
turally complex categories such as Clipping (90.91% vs. 63.64%), where layer-
aware spatial modeling under visual entanglement is essential. Notably, even
MASON achieves only 70.21% accuracy on the challenging Morphing category,
which is characterized by strong visual-semantic disruption and limited training
data (~3%), suggesting that CoDeLayout remains challenging.

MASON also shows strong data efficiency by achieving 89.32% weighted and
86.12% average accuracy, surpassing Direct Finetune trained on the full dataset
(88.80% and 84.30%) while using fewer total QA pairs (~8K vs. 20K) under the
same post-training protocol. Specifically, MASON uses only ~6K compositional
pairs (30% of the training set, obtained via type-balanced subsampling) and
~2K grounding pairs derived from 1K layouts in the CoDeLayout training set,
without relying on any external data. Additionally, the 30% subset alleviates
type imbalance, yielding higher Morphing accuracy than MASON (Full data).
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Table 5: Module ablation on CoDeLayout under a type-balanced setting. DF de-
notes Direct Finetune, MA denotes Multimodal Alignment, and SP denotes Structural
Perception. Results report accuracy (1) for each compositional category, along with
Weighted and Average accuracy. Weighted accuracy accounts for category proportions,
while Average accuracy is the unweighted mean. Bold indicates the best result in each
column. Results show that MA and SP provide complementary improvements, with
their combination achieving the strongest overall performance.

Model Overlaying Clipping Blending Morphing Weighted Acc. Average Acc.
DF 86.09 74.24 80.77 72.34 80.21 78.36
DF + MA 87.83 81.82 81.41 70.21 82.03 80.32
DF + SP 89.57 83.33 82.69 74.47 83.85 82.51
MASON 86.96 81.82 83.97 80.85 84.11 83.40

O — s Fig.5: Data Scale Ablation. Performance of
o Dot (MASON - Direct Finetuning) 7 Direct Finetune and MASON trained on 10%,
o 15%, 30%, and 100% of the CoDeLayout train-
s ing set. The x-axis denotes training data scale,
the left y-axis shows test set weighted accuracy,
o .. and the right y-axis shows accuracy gain of MA-
-8 ., SON over Direct Finetune. MASON consistently
. outperforms across all scales, with a clear advan-
,  tage under low-resource settings.

Weighted Accuracy (%)
&
Delta (1)

10% 15% 3

0% 100%
Training Data Scale (%)

5.4 Ablation Study

Module Ablation To assess the contribution of each module, type-balanced
subsampling is applied to ensure equal sample counts across types. As shown in
Table [5] both multimodal alignment (MA) and structural perception (SP) con-
sistently improve weighted and average accuracy. Direct Finetune (DF) achieves
80.21% weighted and 78.36% average accuracy. Adding MA increases perfor-
mance to 82.03% and 80.32%, indicating improved element-level alignment. In-
corporating SP yields 83.85% and 82.51%, reflecting the benefit of modeling
inter-element spatial structure. Combining both modules results in the full MA-
SON model, achieving 84.11% weighted and 83.40% average accuracy, demon-
strating complementary improvements in addressing semantic drift and struc-
tural ambiguity. Furthermore, the effects of MA and SP vary across composition
types. For heavily occluded compositions (Overlaying/Clipping), noisy ground-
ing may conflict with SP’s structural cues, limiting the benefits of MA. In con-
trast, MA complements SP for Blending. For Morphing, MA alone may increase
ambiguity by grounding distorted text as graphics without sufficient structural
context, whereas SP helps recover the text-replacement relation.

Data Scale Ablation To further demonstrate MASON’s data efficiency, we
study the effect of training data scale. Direct Finetune and MASON are sep-
arately trained on 10%, 15%, 30%, and 100% of the CoDeLayout training set,
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Table 6: Grounding Model Ablation. Table 7: Visual Dependency Abla-
Comparable performance across grounding tion. Removing visual features leads to a
models suggests that the gains arise from substantial performance drop, highlight-
the alignment paradigm rather than model ing the importance of visual perception

strength. for compositional layout understanding.
Grounding VLM Weighted Acc. Average Acc. Weighted Acc. Average Acc.
GPT-40 91.6% 88.1% Model  Visual No Visual Visual No Visual
Qwen3-VL (direct) 90.7% 87.4%

Qwen3-VL (script)  91.1% 88.1% DF 88.8%  60.9%  84.3%  58.1%

MASON 91.6% 65.1% 88.0%  62.8%

with the smaller subsets constructed via type-balanced subsampling. As shown
in Fig. 5| performance improves for both methods with increasing training data,
while MASON consistently outperforms Direct Finetune across all scales. Under
the 10% setting, Direct Finetune suffers a notable drop in accuracy, whereas M A-
SON maintains a clear advantage, indicating stronger data efficiency. Moreover,
while Direct Finetune shows diminishing returns beyond 30% of the training
data, MASON continues to benefit from additional supervision, demonstrating
better scalability.

Grounding Model Ablation To determine whether the gains from MA stem
from the alignment paradigm rather than the strength of a particular grounding
model, we conduct an ablation using different grounding VLMs. In addition to
GPT-40, we evaluate Qwen3-VL (8B) under two settings: (1) Direct grounding,
where the model generates both element descriptions and positional informa-
tion; and (2) Script-based grounding, where positional information is extracted
from metadata and the VLM generates only the semantic description. As shown
in Table [f] script-based grounding achieves performance comparable to GPT-
40. This suggests that the improvements from MA are primarily attributable
to explicit metadata—vision alignment rather than dependence on a stronger
grounding model.

Visual Dependency Ablation To examine whether the model tends to over-
rely on metadata, we evaluate Direct Finetune and MASON with and without
visual input. As shown in Table[7] removing visual features leads to a substantial
performance drop for both methods. This result suggests that compositional
layout understanding relies critically on visual perception and cannot be resolved
through metadata or layer-aware spatial relationships alone.

6 Case Study

To illustrate MASON’s advantages over Direct Finetune (DF) in compositional
layout understanding, we compare their predictions on representative examples.
As shown in Fig. [ DF often struggles to localize and associate the correct
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Fig. 6: Case studies across four compositional categories. Each example shows the full
design, the query element, and the predictions of Direct Finetune and MASON.

compositional elements when spatial or semantic cues are subtle, whereas MA-
SON successfully identifies the underlying compositional pairs. For example, in
the structurally complex Clipping case, DF fails to recognize the implicit rela-
tionship between the cutout and the base image, instead selecting a decorative
element whose width matches the base image. MASON, by contrast, correctly
identifies the cutout element. In the challenging Morphing case, MASON rec-
ognizes that the flower image placed over the letter “O” creates the morphing
effect, whereas DF selects a decorative element aligned with the text and sharing
a similar color, but unrelated to the underlying compositional relation.

7 Conclusion

This paper introduces compositional design layout understanding, a new task
that challenges VLMs to interpret visually entangled elements and model layer-
aware inter-element relationships within hierarchical layouts, and presents CoDe-
Layout, the first dataset dedicated to this setting. Through empirical analy-
sis, we identify two core challenges: semantic drift, where VLMs fail to align
textual metadata with visual content, and structural ambiguity, where VLMs
struggle to capture hierarchical and spatial relationships among elements. To
address these challenges, we propose MASON, a paradigm that integrates mul-
timodal alignment and structural perception into VLM post-training. By in-
troducing grounding-based alignment supervision and incorporating layer-aware
spatial relationships, MASON enhances both element-level interpretation and
inter-element structural modeling, thereby improving compositional layout un-
derstanding. Extensive experiments show that MASON consistently outperforms
both open- and closed-source VLMs, including reasoning-capable models, while
demonstrating strong data efficiency under limited supervision.

Future work includes developing layer-aware visual encoders tailored to mul-
tilayer compositional layouts and exploring stronger cross-modal alignment ob-
jectives to further enhance element-level grounding and relational reasoning.
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