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Abstract. Enabling machines to understand structured visuals like slides
and user interfaces is essential for making them accessible to people with
disabilities. However, achieving such understanding computationally has
required manual data collection and annotation, which is time-consuming
and labor-intensive. To overcome this challenge, we present a method to
generate synthetic, structured visuals with target labels using code gen-
eration. Our method allows people to create datasets with built-in labels
and train models with a small number of human-annotated examples. We
demonstrate performance improvements in three tasks for understand-
ing slides and Uls: recognizing visual elements, describing visual content,
and classifying visual content types.
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1 Introduction

Computationally understanding the underlying structures of visual designs, such
as presentation slides and user interfaces (Uls), enables machines to interpret and
describe the visuals for people who are blind [44,51, 71, 83|, retarget layouts to
new devices [37,38] and personalize content based on user ability [20, 55, 76].
However, building the underlying machine learning models that enable these
capabilities requires labor-intensive data collection and annotation, which must
be performed for each type of input.

We present a method to generate synthetic, structured visuals by generat-
ing and rendering code (Figure 1). Our approach involves three phases: first,
we create design ideas with a large language model (LLM) based on the design
principles and targeted tasks; second, we generate labeled HTML code based on
these design ideas to represent structured visuals; third, we filter, post-process,
and render the code to produce finalized annotated datasets. While our method
is applicable to various types of structured visuals, we apply our method to two
application domains that lack high-quality, public datasets for computational
modeling: presentation slides and UI screenshots. For each application domain,
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we address three visual understanding tasks: i) element recognition, ii) image
captioning, and iii) image classification. Compared to traditional data collection
and annotation methods, our approach creates synthetically-annotated training
data on demand, which is more scalable and can be generalized or fine-tuned for
real-world use cases. Compared to automated approaches such as crawling and
metadata extraction [77,80], our approach is applicable to more visual domains
(e.g., presentation slides) and can produce more types of annotations (e.g., se-
mantic descriptions, visual classification).

Using our method, we generate two synthetic datasets: one with 10; 053 la-
beled slides (DreamSlides) and another with 9; 774 labeled user interfaces (Drea-
mUI ). We evaluated our method by training machine learning models on our syn-
thetic datasets and comparing the performance with two types of baseline mod-
els: models fine-tuned with existing human-annotated data, and non-finetuned
models with notable zero-shot performance (e.g., LLaVA [47], Qwen-VL [7]). Our
results showed that for element recognition, models trained with synthetic data
demonstrated better performance compared to those trained only on human-
annotated data (achieved 10.95% improvement by training on synthetic slides,
and 5.20% improvement by pretraining on synthetic Uls). For image captioning,
our synthetic-data-finetuned models achieved better average win rates against
baseline models of 68.9% for slides and 67.1% for Uls. For image classifica-
tion, our synthetic data-trained models surpassed their counterparts trained on
human-annotated datasets by 18.4% for slide images and 11.3% for UI images.
Our results demonstrate the potential of learning structured visual representa-
tion using synthesized code.

2 Related Work

We review literature in three related areas: i) understanding slides, ii) under-
standing Uls, and iii) synthetic data generation for representation learning.

2.1 Understanding Slides

Previous research developed human-annotated datasets and models for inter-
preting visual and textual content in presentation slides, enabling flexible pre-
sentation consumption and authoring experiences [37,52-54,56]. The SpaSe [25]
and WiSe [26] datasets were the two early works that provide manually cu-
rated object segmentation masks for 2K slides from a large-scale online pre-
sentation platform [5]. Further advancements in slide modeling have involved
annotating bounding boxes for elements on more than 50K slides, facilitating
applications such as visual question answering [66] and sketch-based slide re-
trieval [35]. In addition to static slide documents, the Lecture Presentation Mul-
timodal Dataset [40] includes annotations for approximately 8.6K graphic ele-
ments across 9K slide frames derived from lecture videos. The FitVid dataset [37]
extends the data annotations by labeling both individual-level and semantic-
group-level elements (e.g., headers, footers, bullet text boxes), totaling 26K ele-
ment annotations across 5.5K slides. Unlike earlier methods that relied on human
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annotators, our approach generates synthetic slides with relevant metadata on
demand, minimizing the need for manual annotations.

2.2 Understanding Uls

The introduction of large-scale UI datasets by prior works [9,16,39,85] enabled
the development of data-driven approaches for computational Ul modeling — in-
cluding UT element recognition and semantic grouping [12-14,50, 81, 85], assess-
ments of interactivity of UT elements [59,63,77], and evaluating agentic work-
flows for Uls [17, 34, 86]. However, collecting such large-scale datasets is often
time-consuming and labor-intensive. Unlike these methods that rely on manual
collection and human annotation for real Ul data, our method uses synthesized
Uls as training data, allowing people to construct datasets flexibly while reducing
time and manual effort. We assess our method by assessing the models trained
with our synthetic data on a couple of existing Ul datasets, including the dataset
for semantic element and grouping recognition [10], screen captioning [73], and
screen design pattern classification [43].

2.3 Synthetic Data Generation for Representation Learning

The concept of using synthetic data to learn real-world distributions has been
applied across various domains including robotics (sim-to-real) [6,15, 58] and
healthcare [36,67]. With the advent of generative models, recent research has
increasingly used generative models to create synthetic data for visual and lan-
guage representation learning (8,19, 32, 33,68, 72, 74|. One particularly relevant
work is WebSight [29], which presents a synthetic dataset of approximately 820K
HTML code examples generated from screen descriptions. Similar methods have
been employed to generate synthetic data for other modalities, such as vector
graphics [57,60], charts [24,69], animation [70], and 3D models [18,82]. While
these papers generate code to synthesize visuals, their objectives are fundamen-
tally different from ours. They focus on translating between pixels and code
abstractions (pix2code and code2pix) without explicitly generating task-specific
underlying structures, which limits their applicability in understanding struc-
tured visuals (slides and Uls). In contrast, our method generates task-specific
metadata alongside code, providing a fine-grained training source for structured
visual representation learning.

3 Methods

Instead of relying on traditional methods for building visual understanding
datasets, which require human annotation of inputs (e.g., screenshots), Dream-
Struct begins with an abstract specification of the desired annotations and con-
straints, then generates the corresponding visual inputs as renderable code. In
this section, we describe our methodology for creating synthetically labeled slides
and Uls. We first explain our generation principles, followed by the generation
pipeline and the analysis of our synthetic datasets.



4 Peng et al.

Fig.1: Overview of the DreamStruct pipeline. From left to right: In the Ideation
Phase screen descriptions for slides and mobile Uls are generated. In theGeneration
Phase corresponding code is produced based on these descriptions, guided by the design
principles and targeted labels. Finally, in the Production Phase, visual placeholders are
replaced with actual data to render the nal slides and Uls.

3.1 Generation Principles

To ensure the generated structured visuals can help model the data in-the-wild,
we de ned design principles and goals for our generation process. Establishing
a set of rules helps us formulate better prompt instruction [65] that embodies
the desired outcomes. We speci cally propose the following principlesR):

P1. Consistency with existing visual design guidelines: The generated
design and layout should abide by the established design guidelines followed
by practitioners. For example, Ul buttons should be of dimension 44 44
pt [4], and the font size of the main text content on the slides should be
bigger than 24 pt [48].

P2. Consistency with existing visual design patterns: The generated vi-
sual design should re ect common design patterns ( extite.g., visual design
themes or layouts). For example, the login and setting screens are common
classes for mobile Ul design [43,61], and the title slides and section slides
are common patterns for presentation design [23,27,62].

P3. Consistency with target data labels: The generated metadata should
align and remain consistent with all speci ed data labels for slides and Ul
benchmarks. The principle applies to both element-wise [9, 37] and screen-
wise semantics [25, 37, 43]. For instance, an interactive swipe feature in Uls
should be categorized as “pageindicator'.

3.2 Generation Pipeline

Our generation pipeline consists of three steps (Figure 1): (1)deation: Create
design concepts for slides and Ul. (2)Generation: Generate code with target
labels using design concept descriptions. (3Production: Filter, post-process,
and render the code to produce the complete slides and Uls.
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Fig. 2: An example of a generated slide description with the corresponding generated
code and generated slide (top) with example CSS, HTML, and JavaScript excerpts
from the generated code (bottom).

Phase 1: Ideation. We generate a corpus of design conceptsC{) for slides
and Uls by prompting an LLM with our generation principles (P) and a set of
seed design concept example<C(). To obtain our seed design concept examples
(Cs), we examine real-world instances of slides and Uls [37, 40, 43]. From the
examination, we select 20 diverse samples for both slides and Uls. We then
manually write descriptions for all the samples based on prior visual description
guidelines [22, 56]. Each human description provides a summary of the visual
content, style, and layout (i.e. a design concept). For example,The slide titled
"By the Numbers" presents three key statistics on disability representation, each
in a separate column with a corresponding icon. The statistics cover general
disability prevalence, volunteer participation, and board representation. A source
reference is provided at the bottom. The slide uses a dark grey color schenvde
then prompt an LLM with P (our design guidelines, design patterns, and target
labels) as our instructions andCs as our few-shot examples to ensure that the
generated corpus of design conceptSy are consistent with P [49] and the style
of human-written descriptions. In other words, 8cy 2 Cqy; ¢g G t=0:5(Cs; P),
where G denotes the LLM (gpt-4-1106-preview in this case) andt denotes the
temperature parameter used inG during decoding. In this manner, we achieve a
high-quality and diverse corpusCy4 with negligible duplicates where only 0.94%
descriptions have pairwise BERTscore [84] > 0.7, a threshold that was used to
determine the diversity of generated descriptions [72].

Phase 2: Generation. We approach visual layout creation for slides and
Uls as a code generation task. We usédTMLfor layout creation because of
its semantic structure, which allows label embedding during generation. Un-
like text-to-image models that generate visual data directly from descriptions,
our code-based method o ers exible visual generation and detailed annota-
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Fig.3: An example of a generated Ul description with the corresponding generated
code and generated Ul. In the Production phase, our pipeline extracts alternative text
and placeholder image link and uses Bing Search API or DALLE to get a link or image
to replace the placeholder.

tions. To ensure the generated code foBcy 2 Cy4 has the desired annota-
tion formats and adheres to design guidelines, we incorporate the principles,
P = fP1;P2;P3gin the input instructions (see supplementary materials for the
complete prompts). Speci cally, we instruct the LLM to add additional semantic
HTML attributes as the targeted annotations. For instance, in the element recog-
nition task, individual element types are labeled with data-type attributes ( e.qg.,
<span data-type="text">this is a text element</span> ). For image clas-
si cation, we label the screen type as attributes of globalmeta>tags (e.g., <meta
content="login" name="screentype"> ). For graphical elements that can be
produced via image retrieval or generation (e.g., images, icons, and diagrams for
our selected domains), we ask the model to generate an image element with a
text description of the intended image content as alternative text (<alt="Fresh
salad bowl"> ), a placeholder image sourceimg src="placehold.co"> ), and
width and height values. For more complex graphical elements that are chal-
lenging to create with image retrieval or text-to-image models, we instruct the
LLM to use external code libraries to create the visuals (e.g., charts in our se-
lected domains and tasks, we selectively usehart.js  [3], chartist.js [2], and
chart.css [1] as our generation libraries). At this step, we have an updated cor-
pus of pairwise descriptions and annotated code that both follow our principles,
Cdn = fGt=0:3(C4; P); 8cy 2 CqQ.

Phase 3: Production.  The nal step involves post-processing, Itering, and
rendering the generated code for slides and Uls. We use thealt> value of each
graphical element placeholder as the basis for visual updates. For simple graph-
ical elements €.g., images and icons in our selected domain), we query the Bing
Search API to retrieve image sources with transparent background. For complex
graphical elements (e.g., diagrams in our selected domain), we prompt text-to-
image model DALL-E to generate image sources. We then download each image
and replace the placeholder source with a link to the new image source. Besides
graphical elements rendering, we take additional heuristic-based post-processing
steps to improve the quality of generation: 1) removing background Il colors
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