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Abstract

A key challenge for multimodal large language models (MLLMs) is moving beyond visual
recognition to constraint-aware cross-modal reasoning. This involves combining visual cues with
information from other modalities to understand elements’ relationships under domain-specific
rules. This challenge is acutely evident in industrial design-to-code (D2C), which converts user
interface (UI) designs into code and requires MLLMs to connect design images with disorganized
layer metadata, infer component and layout implementation requirements, and realize them in
code under target-library constraints. However, these capabilities remain insufficiently evaluated
in realistic industrial settings. To fill this gap, we present TaoD2C-Bench, a benchmark for evalu-
ating MLLMs’ ability to generate UI code that satisfies implementation requirements in industrial
applications. The TaoD2C dataset consists of 2,861 production designs from 17 commercial
platforms with 97,652 expert annotations across four categories: Component, Group, Alignment,
and Position. These annotations distinguish required constraints from permitted implementation
choices. TaoD2C-Bench defines three tasks: end-to-end UI code generation, requirement infer-
ence, and requirement realization. Evaluating eight MLLMs reveals substantial gaps in generating
UI code that satisfies implementation requirements, alongside distinct performance profiles in
inference and realization. We further show that MLLMs’ visual reconstruction ability does not
necessarily imply an ability to generate code that meets these requirements. We release TaoD2C
to support research on industrial UI code generation (https://taod2c-bench.github.io/).

Figure 1: Two capabilities in UI code generation: (1) inferring positioning requirements and (2) realizing them in
code.

1 Introduction

Industrial design-to-code (D2C) aims to automate frontend development by translating UI designs into executable
code (Xu et al., 2025; Xiao et al., 2025a). Although multimodal large language models (MLLMs) have improved the
visual fidelity of generated interfaces (Si et al., 2025), visually similar outputs can still fail to meet the implementation
requirements of the specific design, such as which components and properties to use and how elements should be
grouped, aligned, and positioned, or to follow frontend coding standards (React, n.d.; Google, n.d.; Airbnb, n.d.).
Such generated code can degrade user experience and require manual rework before deployment (Moran et al.,
2018; Walsh et al., 2017; Mahajan & Halfond, 2015).

As illustrated in Figure 1, generating code that meets these implementation requirements depends on two MLLM
capabilities: inferring them from designs and realizing them in code. Inference requires cross-modal reasoning to
†Work done during internship at Alibaba.
∗Corresponding authors.
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Figure 2: Overview of TaoD2C-Bench. We collect 2,861 production UI designs in TaoD2C and annotate their
implementation requirements across Component, Group, Alignment, and Position. These annotations provide a
shared evaluation reference for UI code generation (T1), requirement inference (T2), and realization with expert
requirements supplied (T3).

associate disorganized layer metadata with UI images despite visual complexity and limited semantic cues (Chen
et al., 2024). Realization requires generating code under complex constraints imposed by these requirements and
frontend coding standards. Generated code alone cannot reveal which of these two capabilities limits MLLM
performance in UI code generation. Evaluating them requires datasets that pair UI designs with their implementation
requirements.

However, datasets pairing industrial UI designs with implementation requirements remain scarce. Existing evalua-
tions also have three limitations. (a) Visual evaluation compares rendered appearance but does not verify whether
the code uses the intended components and layout structure (Xu et al., 2026). (b) Heuristic evaluation favors
coding practices that may conflict with a design’s implementation requirements. For example, Figma2Code favors
a lower absolute-positioning ratio, even when absolute positioning is appropriate for overlapping elements (Gui
et al., 2026). (c) Single-reference structural comparison may penalize valid code that differs from the reference,
overlooking multiple implementations that satisfy the same requirements (Guo et al., 2025).

To fill this gap, we introduce TaoD2C-Bench (Figure 2), a benchmark for evaluating MLLMs’ ability to generate UI
code that satisfies implementation requirements in industrial applications. We collect 2,861 production UI designs
from 17 commercial platforms, spanning diverse consumer-facing and business-facing scenarios. Each design
includes an image, layer metadata, and its target component library. To associate designs with implementation
requirements, we collaborated with frontend engineering experts to produce 97,652 layer-level annotations across
four key categories: Component, Group, Alignment, and Position. Required annotations specify requirements for the
generated code, while optional annotations describe implementation choices that are allowed but not required. These
annotations provide a shared evaluation reference for three tasks. End-to-End UI Code Generation (T1) evaluates
MLLMs’ overall ability to generate code that satisfies implementation requirements. Requirement Inference (T2)
and Requirement Realization (T3) separately assess MLLMs’ abilities to infer implementation requirements and
realize them in code, helping distinguish limitations in these two capabilities.
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Our experiments with eight MLLMs reveal notable limitations in their ability to generate UI code that satisfies
implementation requirements, alongside distinct performance profiles in requirement inference and realization.
We further show that MLLMs’ visual reconstruction ability does not necessarily imply an ability to generate code
that meets these requirements. Our analysis highlights the need for design-specific evaluation: implementation
requirements vary across designs, and a single design can admit multiple valid implementations. These insights
provide a foundation for future research on improving MLLMs’ ability to generate UI code.

Our main contributions are as follows:

• Expert-Annotated Industrial Dataset. We introduce TaoD2C, a large-scale, high-quality industrial
UI dataset comprising 2,861 designs. It pairs production designs from 17 commercial platforms across
consumer-facing and business-facing applications with expert annotations of layer-level implementation
requirements, ensuring industrial realism, application diversity, and access to expert knowledge.

• Implementation-Requirement Evaluation Framework. We develop TaoD2C-Bench, an evaluation
framework based on expert-annotated implementation requirements across four key categories. Its three
tasks evaluate MLLMs’ abilities to generate UI code that satisfies these requirements, infer them from
designs, and realize them in code when supplied.

• Empirical Findings. Through extensive experiments on eight MLLMs, we reveal critical failures in
generating UI code that satisfies implementation requirements, while characterizing MLLM performance
profiles in requirement inference and realization. We further show that MLLMs’ visual reconstruction
ability does not necessarily imply an ability to generate code that meets these requirements.

2 Related Work

UI-to-Code Generation. Early UI-to-code systems reconstructed interfaces from screenshots (Nguyen & Csallner,
2015; Beltramelli, 2018; Chen et al., 2018; Moran et al., 2020). Recent MLLM-based methods employ synthetic
data and feedback-based finetuning (Laurençon et al., 2024; Ge et al., 2025; Wu et al., 2024; Zheng et al., 2026).
Decomposition and layout reasoning organize complex interfaces into manageable regions (Wan et al., 2025; Wu
et al., 2025; Gui et al., 2025b; Jiang et al., 2026; Zhou et al., 2025). Hierarchical generation (Gui et al., 2025c; Chen
et al., 2026) and iterative visual refinement (Yue et al., 2025; Sansford et al., 2026; Yang et al., 2025; Deng et al.,
2026; Xiong et al., 2026) further improve reconstruction. Beyond image-only generation, recent work leverages
multimodal design inputs, including images, metadata, and assets, to support higher-quality UI code generation
(Xiao et al., 2024). Overall, despite these advances, generating production-ready UI code for industrial applications
remains challenging (Xiao et al., 2026b).

UI Code Generation Evaluation. UI code generation evaluation considers appearance, coding practices, and
structure. Visual evaluation compares rendered outputs with target images through image and layout similarity (Xiao
et al., 2025b; Lai et al., 2025; Li et al., 2025; Zhang et al., 2026), using metrics such as SSIM, CLIP, and LPIPS
(Wang et al., 2004; Radford et al., 2021; Zhang et al., 2018). WebUIBench extends evaluation to element attributes
and spatial layouts (Lin et al., 2025). Heuristic evaluation, exemplified by Figma2Code, summarizes practices
such as relative-unit and absolute-positioning usage as proxies for code quality (Gui et al., 2026). Single-reference
structural comparison assesses agreement with a reference implementation (Sun et al., 2025; Xiao et al., 2026a).
However, visual similarity does not establish requirement satisfaction. Aggregate coding statistics cannot determine
whether a practice suits a specific design, while differences from one reference can reflect valid implementations.
Overall, evaluation has expanded beyond appearance to code quality, but assessing implementation requirement
satisfaction while accommodating multiple valid implementations remains an open challenge.

3 TaoD2C-Bench

3.1 Dataset Construction

We constructed TaoD2C through four stages: design collection, filtering and normalization, expert annotation,
and evaluation subset selection. Figure 3 summarizes the dataset composition, Figure 4 reports the per-design
complexity and annotation counts, and Appendix A provides the full construction procedure.

Design collection. To capture the complexity of real-world industrial UIs, we collected MasterGo design files
from multiple product teams within a large-scale e-commerce ecosystem. With authorization from the owning
teams, we assembled an initial pool of approximately 30,000 design pages from 17 commercial platforms. These
designs span consumer-facing (C-end) interfaces for shopping, marketing, membership, content, and transaction
flows, as well as business-facing (B-end) interfaces for merchant operations, data analytics, logistics management,
and complex business workflows. For each design, we extracted its rendered image and layer metadata and retained
a reference to its target component library. We then filtered, normalized, and quality-checked the extracted data
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Figure 3: TaoD2C dataset composition by endpoint type
and application scenario.
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to ensure data quality and remove duplicates. This collection captures diverse interface structures and business
workflows encountered in industrial production.

Implementation Requirement Annotation. To annotate the collected designs, we developed a platform that
integrates their rendered images and parsed layer trees, allowing experts to select individual layers and annotate
their requirements. Two senior frontend engineers with seven and five years of experience, respectively, annotated
the designs. They inspected the source design, rendered image, layer metadata, and target component library
documentation to specify component types and properties, container hierarchies, alignment relations, and positioning
schemes. The annotations were based on W3C CSS layout and positioning specifications (W3C, 2025a;b), target-
library definitions and APIs, and the annotators’ understanding of each design and frontend implementation
experience. Each annotation is marked as required or optional. Required annotations specify constraints that an
implementation must satisfy, while optional annotations record permitted implementation choices. A third expert
iteratively reviewed all annotations, with identified errors corrected by the frontend experts and rechecked. The
annotation and verification process spanned 18 months. We denote the four requirement categories as Component,
Group, Alignment, and Position throughout the tables and analysis:

1. Component: component implementation, defined by the target-library component type and property
configuration. For a set of layers that realizes a reusable component, annotators identify its type in the
target library and configure the properties defined by its API, such as a switch state, button size, input
placeholder, or a select’s options and selected value.

2. Group: container nesting relations. Annotators mark the container regions, and member nodes are
deterministically compiled from those regions and the layer tree.

3. Alignment: layout relations. For containers with specific alignment requirements, annotators identify the
rule arranging their children along the main axis, such as space-between, center, flex-start,
flex-end, and other justify-content values.

4. Position: positioning schemes. Annotators specify positioning schemes for individual elements, such as
absolute positioning relative to a containing block.

3.2 Dataset Characteristics

1 Industrial realism and complexity. TaoD2C captures the complexity of industrial UI development through
2,861 production designs from 17 commercial platforms spanning eight application scenarios (Figure 3). These
designs encompass complex business forms and tables alongside image-rich consumer interfaces, averaging 64.2
visible layers per design. This structural and application diversity provides a challenging testbed for evaluating
MLLMs under the heterogeneous component and layout requirements encountered in production.

2 Dense expert annotations. TaoD2C combines design images, layer metadata, and target component libraries
with expert annotations of implementation requirements for layers and their relations, a combination unique among
the compared benchmarks (Table 1). Its 97,652 annotations span Component, Group, Alignment, and Position,
distinguishing required choices from optional alternatives. Building this resource involved 18 months of expert
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Table 1: Comparison with existing design-to-code benchmarks. Implementation requirements are annotated by
experts.

Benchmark Data source Scale Metadata
Implementation

requirements Granularity

Design2Code (Si et al., 2025) Web pages 484 ✗ ✗ Page
Web2Code (Yun et al., 2024) Synthetic+web 884.7K ✗ ✗ Page/QA
WebUIBench (Lin et al., 2025) Websites 21.8K QA ✗ ✗ QA/element
IW-Bench (Guo et al., 2025) Generated+web 1,200 ✗ ✗ DOM/layout
WebCode2M (Gui et al., 2025a) Common Crawl 2.56M ✗ ✗ Element/layout
Figma2Code (Gui et al., 2026) Figma Comm. 3,055 (213 eval) ✓ ✗ Page
1D-Bench (Xu et al., 2026) Industrial 984 (204 eval) ✓ ✗ Instance

TaoD2C-Bench (ours) Industrial 2,861 ✓ ✓ Layer/relation

Figure 5: Three tasks and their evaluation. Expert annotations provide a shared reference for requirement prediction
(T2) and code implementation (T1/T3); visual fidelity compares rendered pages with design images.

annotation and iterative verification. Drawing on human frontend expertise, these annotations specify design-specific
component and layout requirements for code implementation. They provide a shared reference for evaluating
MLLMs’ abilities to infer these requirements and generate UI code that satisfies them.

4 Tasks and Metrics

4.1 Tasks

We define three tasks to evaluate end-to-end UI code generation, requirement inference, and requirement realization
(Figure 5). All three tasks use the same designs and expert annotations as a shared evaluation reference.

T1: End-to-End UI Code Generation.

Capability: Generating UI code that satisfies implementation requirements while reproducing the design’s
appearance.

Given a design image, layer metadata, and target-library documentation, the MLLM generates executable UI code.
We assess requirement satisfaction through source-code and runtime analysis, and evaluate visual fidelity separately.
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T2: Requirement Inference.

Capability: Inferring implementation requirements from a design image, layer metadata, and target-library
documentation.

Given the same inputs as T1, the MLLM predicts structured requirements across Component, Group, Alignment,
and Position without generating code. We compare these predictions with expert annotations to evaluate requirement
inference separately from code implementation.

T3: Requirement Realization.

Capability: Realizing supplied implementation requirements in UI code under complex constraints imposed
by these requirements and frontend coding standards.

To evaluate MLLMs’ requirement realization ability, we supply the T1 inputs together with the expert annotations
for the input design. The MLLM generates executable UI code from these inputs. We assess whether the generated
code realizes the supplied requirements and evaluate visual fidelity using the same metrics as T1.

4.2 Metrics

We evaluate the predicted requirements from T2 and the generated code from T1/T3 against shared expert annotations.
We assess visual fidelity by comparing pages rendered from T1/T3 code with the design images (Figure 5). We
account for required and optional annotations when computing the scores, with details provided in Appendix C.

Requirement Prediction. For T2, we compare predicted requirements R̂ with expert annotations R∗ through
layer-level correspondences, checking both the associated design elements and category-specific attributes. This
evaluates requirement inference separately from code implementation. We report micro-F1 for Component, Group,
Alignment, and Position.

Scorepred = Epred(R̂, R∗). (1)

Code Implementation. For T1 and T3, we bridge design-side annotations R∗ and runtime implementations by
establishing requirement-specific correspondences using source-code, structural, and geometric evidence. This
enables requirement-level evaluation of generated code C without reference code. We report micro-F1 for Type,
Props, Group, Alignment, and Position; Props is evaluated only on type-matched components.

Scoreimpl = Eimpl(Φ(C), R∗) . (2)

Here, Φ(C) extracts source-code, structural, and geometric evidence, which Eimpl matches against R∗ to compute
per-dimension scores.

Visual Fidelity. For T1 and T3, we compare Render(C) with the design image I (Si et al., 2025; Xu et al., 2026).
We report 1D-Bench’s composite visual score (CV), visual element similarity (VES) using DINOv2 features (Oquab
et al., 2023), and normalized RGB mean absolute error (MAE). Higher CV/VES and lower MAE indicate better
visual fidelity. Appendix C.3 provides computation details.

Scorevis = Evis(Render(C), I). (3)

5 Experiments

5.1 Setup

We evaluate eight MLLMs on a curated test set of 421 TaoD2C designs, comprising 152 B-end and 269 C-end
designs, with all selected designs undergoing annotation review and deduplication. All MLLMs receive the
same design context and task prompts. The evaluated MLLMs are GPT-5.6 Terra, GPT-5.4, Claude Sonnet 5,
Qwen3.8-Max, Qwen3-VL-235B-A22B-Thinking, Gemini 3.5 Flash, Kimi K3, and Gemini 3.1 Pro Preview. Further
experimental details are provided in the appendix.

5.2 Results

Table 2 reports Code Implementation and Visual Fidelity scores for T1 and Requirement Prediction scores for T2 on
TaoD2C-Bench, including per-MLLM results and averages across MLLMs. Table 3 reports Code Implementation
and Visual Fidelity scores for Requirement Realization (T3). Values below each score show the change from T1.
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Table 2: Main results for T1 and T2 on 421 designs. Code Implementation and Requirement Prediction scores are
micro F1 (%). Higher CV/VES and lower MAE indicate better visual fidelity. Bold denotes the best result; shading
indicates within-column rank.

Model
End-to-End UI Code Generation (T1) Requirement

Inference (T2)Code Implementation Visual Fidelity

Type Props Group Align. Pos. CV ↑ VES ↑ MAE ↓ Comp. Group Align. Pos.

GPT-5.6 Terra 62.47 44.25 56.84 30.53 36.43 85.78 0.9174 0.1163 59.15 60.92 37.11 47.68
GPT-5.4 60.19 40.29 56.48 27.48 33.44 85.09 0.9183 0.1078 57.32 60.93 31.88 48.85
Claude Sonnet 5 59.89 40.37 54.82 23.54 27.93 78.82 0.8946 0.1350 58.36 50.48 34.84 47.62
Qwen3.8-Max 61.77 38.83 59.46 26.42 45.35 85.53 0.9192 0.1134 58.86 71.40 29.45 49.15
Qwen3-VL-235B 31.60 17.34 30.53 6.72 7.61 58.37 0.7919 0.1808 53.25 21.31 17.68 26.75
Gemini 3.5 Flash 62.07 38.03 51.28 20.10 29.49 80.50 0.9112 0.1195 58.80 51.42 34.61 47.55
Kimi K3 63.25 41.56 59.41 27.04 43.68 84.40 0.9151 0.1178 59.67 70.84 33.31 51.93
Gemini 3.1 Pro 57.74 36.87 55.52 24.59 33.81 83.00 0.9155 0.1166 58.67 67.96 20.64 48.28

Mean 57.37 37.19 53.04 23.30 32.22 80.19 0.8979 0.1259 58.01 56.91 29.94 45.98

Table 3: Results for Requirement Realization (T3) on 421 designs. Values below each score show ∆ = T3 − T1.
Purple and yellow denote gains and losses, respectively; bold marks the largest gain per column.

Model
Code Implementation Visual Fidelity

Type Props Group Align. Pos. CV ↑ VES ↑ MAE ↓

GPT-5.6 Terra
81.72
+19.25

66.19
+21.94

61.11
+4.27

47.22
+16.69

51.03
+14.60

86.52
+0.74

0.9263
+0.0089

0.1016
−0.0147

GPT-5.4
75.75
+15.56

61.44
+21.15

64.54
+8.06

49.44
+21.96

58.43
+24.99

84.95
−0.14

0.9118
−0.0065

0.1088
+0.0010

Claude Sonnet 5
78.08
+18.19

63.99
+23.62

61.05
+6.23

35.16
+11.62

49.35
+21.42

79.40
+0.58

0.9003
+0.0057

0.1344
−0.0006

Qwen3.8-Max
79.99
+18.22

63.08
+24.25

64.79
+5.33

45.79
+19.37

64.82
+19.47

84.73
−0.80

0.9126
−0.0066

0.1139
+0.0005

Qwen3-VL-235B
42.83
+11.23

29.48
+12.14

30.73
+0.20

9.81
+3.09

13.45
+5.84

58.69
+0.32

0.7784
−0.0135

0.1782
−0.0026

Gemini 3.5 Flash
82.08
+20.01

67.49
+29.46

59.03
+7.75

37.00
+16.90

54.32
+24.83

80.58
+0.08

0.8944
−0.0168

0.1145
−0.0050

Kimi K3
79.42
+16.17

64.64
+23.08

66.29
+6.88

46.81
+19.77

62.13
+18.45

83.54
−0.86

0.9131
−0.0020

0.1149
−0.0029

Gemini 3.1 Pro
85.80
+28.06

75.11
+38.24

71.34
+15.82

57.82
+33.23

77.11
+43.30

84.53
+1.53

0.9154
−0.0001

0.1147
−0.0019

Mean
75.71
+18.34

61.43
+24.24

59.86
+6.82

41.13
+17.83

53.83
+21.61

80.37
+0.18

0.8940
−0.0039

0.1226
−0.0033

Finding 1. Current MLLMs exhibit limited capabilities in generating UI code that satisfies implementation
requirements. Even the best end-to-end results in Table 2 reach only 63.25 F1 on component type (Kimi K3), 44.25
on properties (GPT-5.6 Terra), and 59.46 on grouping (Qwen3.8-Max). In the overall T1 results, Alignment scores
lowest for all eight MLLMs, averaging 23.30 F1 and a best score of 30.53 (GPT-5.6 Terra). Positioning also remains
challenging, with a mean F1 of 32.22 and a best score of 45.35 (Qwen3.8-Max). Taken together, these results
indicate persistent gaps in component selection, property configuration, and layout relationships in generated code,
highlighting barriers to generating production-ready UI code.

Finding 2. MLLM performance varies across requirement categories, with alignment and positioning remaining
key weaknesses. In T2, Alignment and Position average 29.94 and 45.98 F1, below Component (58.01) and Group
(56.91) (Table 2). Alignment also has the lowest overall mean in T3 with supplied requirements (41.13 F1; Table 3).
These results suggest that MLLMs struggle to reason about how elements relate to their containers and positioning
references, and to translate spatial constraints into layout code.

Finding 3. MLLMs exhibit distinct performance profiles in requirement inference and realization. GPT-5.6
Terra leads alignment inference at 37.11 F1, while Gemini 3.1 Pro ranks seventh at 20.64 (Table 2). When expert
requirements are supplied in T3, Gemini 3.1 Pro leads alignment realization at 57.82, exceeding GPT-5.6 Terra’s
47.22 (Table 3). Grouping shows a similar contrast: Qwen3.8-Max leads inference at 71.40 F1, whereas Gemini
3.1 Pro leads realization at 71.34. These contrasting profiles suggest that MLLM improvement should target
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Figure 6: Visually similar interfaces can violate implementation requirements. From left to right: incorrect
component type, incorrect positioning, missing grouping container, and fixed spacing instead of space-between
alignment. Code excerpts reveal these errors; bottom panels explain their potential impact on component integration,
interaction handling, and layout adaptation.

MLLM-specific weaknesses: strengthening cross-modal reasoning over design images and layer metadata for
requirement inference, and the ability to translate component and layout constraints into code for requirement
realization.

Finding 4. MLLMs’ visual reconstruction ability does not necessarily imply an ability to generate UI code that
satisfies implementation requirements. In T1, Kimi K3 ranks among the top three on all five code dimensions, but
fourth on CV and fifth on VES/MAE (Table 2). From T1 to T3, all MLLMs improve on every code dimension
(mean gains: 6.82–24.24 F1 points), while mean visual scores change little (CV: +0.18; VES: −0.0039; MAE:
−0.0033; Table 3). Figure 6 further shows that generated code can contain errors even when the rendered interfaces
closely resemble the designs. These results suggest limitations in relational abstraction and compositional reasoning
when translating visual designs into code.

Finding 5. Requirements depend on the specific design context, and a single design can allow multiple valid
implementations. Absolute positioning is required for the filter in Figure 6 but violates normal-flow requirements
for cards in another design, illustrating why heuristics favoring less absolute positioning cannot determine its
appropriateness. The evaluation subset also contains 350 optional positioning, 170 optional alignment, and 49
optional grouping annotations, recording permitted implementation choices. For example, the same design may
allow either justify-content: space-between or margin-left: auto to achieve the required
spacing. A single-reference comparison may penalize this difference even when both implementations satisfy the
implementation requirements.

6 Conclusion

TaoD2C-Bench pairs industrial UI designs with layer-level expert requirements to evaluate generated code. Its three
tasks reveal limited capabilities in both inferring implementation requirements and implementing them in code,
alongside distinct strengths across MLLMs and tasks. These findings provide insights for future research on UI
code generation.
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A Dataset and Annotation

A.1 Industrial Realism and Application Diversity

TaoD2C brings together production designs from 17 commercial platforms, pairing the diversity of real industrial
interfaces with expert knowledge of their implementation requirements. The following statistics cover all 2,861
final designs, rather than only the evaluation subset. Table 4 summarizes the scale of this resource.

Table 4: Overall scale of TaoD2C.
Statistic Count

Commercial platforms 17
Designs 2,861
Visible layers 183,697
Expert annotation records 97,652

Figure 7 summarizes eight application scenarios, including marketing, transactions, logistics, merchant operations,
and analytics. These scenarios provide varied contexts for evaluating implementation requirement inference and
realization.

Marketing & membership 921

E-commerce & transactions 462

Logistics & supply chain 418

General forms & other 256

Merchant back-office 254

Data & ad analytics 231

Industry services 184

Content & social 135

0 200 400 600 800 1000
Number of designs

Figure 7: Application scenarios across all 2,861 designs. Each design is counted once in its primary scenario.

A.2 Structural Complexity and Annotation Coverage

Table 5 summarizes visible layers and annotation records per design. The median design contains 43 visible layers
and 23 annotations; the corresponding 90th percentiles are 146 and 81. These statistics describe the full dataset,
rather than the compiled scoring references for the evaluation subset.

Table 5: Per-design statistics across all 2,861 designs. P90 denotes the 90th percentile.
Quantity Mean Median P90 Minimum Maximum

Visible layers 64.21 43 146 1 776
Expert annotation records 34.13 23 81 0 270
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A.3 Annotation Platform

Experts annotate the original design alongside its rendered image and parsed layer tree (Figure 8). The platform
links annotations to design layers and supports Component, Group, Alignment, and Position requirements. Each
entry is marked as required or optional; acceptable alternative component types can also be recorded.

Figure 8: The annotation platform. Experts inspect the design and its layers, overlay the four requirement categories,
and review individual annotations in the adjacent panel.

A.4 Layer Parsing and Normalization

Each design is parsed into a layer tree containing node identifiers, geometry, names, component references, text,
typography, visual styles, and image assets. Non-public links and redundant artboard images are removed. Nodes
with non-positive area remain in the metadata but are excluded from member derivation and scoring. Each design
is associated with the target-library documentation used for annotation and evaluation. The annotated pool is
deduplicated by design URL, retaining the latest version of each design. This reduces 2,882 annotated design
records to 2,861 final designs.

A.5 Quality Control

Annotations were produced by two senior frontend engineers with seven and five years of experience, respectively.
A third expert reviewed every annotated sample over multiple rounds against the original design file, rendered image,
and layer structure. The review covered component types and properties, grouping, arrangement, and positioning,
and also checked for missing elements, position drift, and abnormal asset parsing. Samples with errors were returned
to the frontend experts for revision and rechecked before inclusion in the final curated set. The annotation and
verification process spanned 18 months.

A.6 The Evaluation Subset

The evaluation subset comprises 421 designs from five annotation collections designated for evaluation, including
152 B-end and 269 C-end designs. After removing six duplicate designs and seven designs withdrawn during data
preparation, the subset was frozen before MLLM inference. Selection was performed at the collection level, without
filtering individual designs by content, complexity, or MLLM performance.

A.7 Scoring Reference Construction

We convert expert annotations into a structured scoring reference R∗, linking each annotation to its design region
and corresponding layers. Each annotation has a field indicating whether it is required or optional. Some optional
annotations additionally specify alternative implementations in an associated field. The resulting reference covers
Component, Group, Alignment, and Position and is shared across the three tasks: T1 and T3 evaluate generated
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code against it, while T2 evaluates predicted requirements. T3 additionally receives the expert annotations for each
input design. Table 6 summarizes the required and optional reference entries in the evaluation subset.

Table 6: Required and optional reference entries in the 421-design evaluation subset.
Category Required Optional Total

Component 7,976 21 7,997
Group 12,658 49 12,707
Alignment 747 170 917
Position 711 350 1,061
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B Task Prompts

Figures 9–11 present prompt summaries for the three tasks. Figure 12 presents their output formats.

B.1 Shared Inputs and Prompt Design

All three tasks receive design images, layer metadata, and target-library documentation, which provide visual
appearance, layer structure and attributes, and available components and properties, respectively. T3 additionally
receives the expert annotations for each input design. Within each task, all MLLMs use the same prompt template.

B.2 T1: End-to-End UI Code Generation

T1 generates a React page using TypeScript and CSS Modules from the shared design inputs. Figure 9 summarizes
the generation instructions, and Figure 12 specifies the three-file output format.

T1 End-to-End UI Code Generation
Generate UI code from the design image, layer metadata, and target-library documentation.

Role and task

You are a senior frontend engineer. Implement 
the given design as a single React component 
using TypeScript and CSS Modules.

Inputs

Design image: the target visual appearance.

Layer metadata: node identifiers, hierarchy, 
geometry, text, typography, and image URLs.

Target-library documentation: component 
types, property definitions, and behavior.

Use these sources for their specified roles. Do 
not invent missing information or mix inputs 
from different designs.

Generation instructions

1. Reproduce the design’s layout, spacing, 
typography, backgrounds, borders, and images.

2. Implement recognized components using the 
corresponding target-library types and properties.

3. Base the implementation on the supplied 
design inputs and component documentation.

4. Keep page styles in CSS Modules and store 
mock data in valid JSON.

5. Implement all components and layout 
structures needed by the design, avoiding 
unnecessary components, containers, and layout 
rules.

Output format

Return exactly three files in this order:
===FILE: src/index.tsx===
===FILE: src/index.module.css===
===FILE: src/mock.json===

Figure 9: End-to-End UI Code Generation (T1) prompt summary, including the shared inputs, code output format,
and generation constraints.
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B.3 T2: Requirement Inference

T2 infers structured implementation requirements from the shared design inputs without generating code. Figure 10
summarizes the task instructions, and Figure 12 specifies the output schema.

T2 Requirement Inference
Infer structured implementation requirements from the design image, layer metadata, and target-library documentation.

Role and task

You are a senior frontend engineer. Infer the 
design’s component and layout requirements 
and return them in the specified structured 
format without generating UI code.

Inputs

Design image: the target visual appearance.

Layer metadata: node identifiers, hierarchy, 
geometry, text, typography, and image URLs.

Target-library documentation: component 
types, property definitions, and behavior.

Use the supplied layer identifiers to refer to 
design elements. Treat component names in 
the metadata as hints rather than expert-
annotated labels.

Four requirement categories

Component 
Identify library component types, member 
layers, and configured properties.

Group
Identify layers that should share a container.

Alignment
Infer how elements should be aligned and 
spaced within a container.

Position
Infer which elements should be positioned 
independently of the normal document flow.

Output format
Return one JSON object with four arrays:
{
  "components": [],
  "groups": [],
  "arrangements": [],
  "stacks": []
}
See the Task output formats figure for entry fields.

Figure 10: Requirement Inference (T2) prompt summary. The four requirement categories correspond to the
components, groups, arrangements, and stacks arrays.
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B.4 T3: Requirement Realization

T3 extends T1 with the expert annotations for each input design (Figure 11). The MLLM implements the supplied
requirements while using the original design inputs for text, images, geometry, and visual styles. Code output,
rendering, and evaluation remain the same as in T1.

T3 Requirement Realization
Generate UI code from the design inputs and supplied expert requirements.

Role and task

You are a senior frontend engineer. Implement 
the given design as a single React component 
using TypeScript and CSS Modules, satisfying 
the supplied requirements.

Expert implementation requirements

Generation instructions

Implement the supplied component and layout 
requirements in the generated code.

Reproduce the design’s layout, spacing, 
typography, backgrounds, borders, and images 
using the original design inputs.

Implement all components and layout structures 
needed by the design, avoiding unnecessary 
components, containers, and layout rules.

Follow the same generation constraints as T1. 
Keep page styles in CSS Modules and mock 
data in valid JSON.

Output format

Use the same three-file format as T1:
===FILE: src/index.tsx===
===FILE: src/index.module.css===
===FILE: src/mock.json===

Inputs

Design image: the target visual appearance.

Layer metadata: node identifiers, hierarchy, 
geometry, text, typography, and image URLs.

Target-library documentation: component 
types, property definitions, and behavior.

Expert requirements: required annotations 
represented in the T2 schema, covering 
Component, Group, Alignment, and Position.

The supplied requirements refer to the original 
layer identifiers.

Figure 11: Requirement Realization (T3) prompt summary. T3 supplements the T1 inputs with the expert annotations
for the input design while retaining the same code generation instructions and output format.
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B.5 Output Formats

Figure 12 summarizes the output contracts. T1 and T3 return three source files delimited by fixed file markers,
whereas T2 returns one JSON object containing four arrays. The figure uses placeholders for generated file contents
and schematic notation for JSON entry fields. Actual T2 responses contain valid JSON values and follow the output
schema in Figure 12. The expert requirements supplied to T3 follow the same public schema as the T2 output.

IO Task output formats
T1 and T3 return UI source files. T2 returns structured implementation requirements.

T1 / T3: three source files

Return the file markers in this order,
followed by the corresponding file contents.

===FILE: src/index.tsx===

<React component source>

One React component for the entire page.

===FILE: src/index.module.css===

<CSS Modules styles>

Styles used by the generated component.

===FILE: src/mock.json===

<valid JSON data>

Mock data for text, images, and lists.

Angle brackets denote file contents to generate.

T2: one JSON object

Entry fields (schematic notation)

{
  components: [
    { type, member_ids, rect, props }
  ],
  groups: [
    { member_ids, rect }
  ],
  arrangements: [
    { member_ids, rect,
      axis: "row",
      property: "justify-content",
      rule }
  ],
  stacks: [
    { member_ids, rect, mode }
  ]
}

This field template is not a literal JSON response.

Figure 12: Output formats for the three TaoD2C-Bench tasks. Left: ordered file blocks for T1 and T3. Right: the
four arrays and their entry fields for T2. File contents and field notation are schematic, not an executable response
or a complete JSON example.
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C Evaluation Details

Requirement Prediction and Code Implementation use the same four requirement categories but evaluate different
outputs. The former evaluates T2’s structured requirements; the latter evaluates their implementation in T1/T3 code
and its runtime DOM and CSS. Code Implementation reports component Type and Props separately, giving five F1
scores rather than four. Both use micro-averaged precision, recall, and F1, with F1 reported in the tables.

For a dimension, let Ps be the candidate predictions of sample s, Rreq
s its required reference entries, Ms the number

of matched candidates, and Mreq
s the number of matched required entries. Counts are pooled across all samples

before division:

P =
∑s Ms

∑s |Ps|
, R =

∑s Mreq
s

∑s |R
req
s |

, F1 =
2 P R
P + R

. (4)

C.1 Requirement Prediction Scorer

The scorer deterministically matches T2 predictions to expert annotations in each category. A match requires
identical, non-empty derived member sets and agreement on the relevant attributes: component type for Component;
axis, property, and rule for Alignment; and positioning mode for Position. Group requires member-set agreement
only.

Matching and optional entries. One-to-one maximum matching is performed first against required entries and
then against optional entries using the remaining predictions. Thus, M = Mreq + Mopt in Eq. 4. Unmatched
predictions count as false positives; unmatched required entries count as false negatives. Optional matches contribute
to precision but not recall, and omitting an optional entry incurs no penalty.

Member sets and evaluation scope. Predicted component member sets are expanded to include descendants in
the layer tree. For Group, Alignment, and Position, members are derived from predicted rectangles using the same
procedure as the reference (Appendix A.7). The component evaluation excludes image, icon, and avatar from
both predictions and references.

C.2 Code Implementation Scorer

The scorer matches expert annotations to evidence from generated code and the rendered DOM. Generated pages
are bundled with esbuild and rendered in Playwright. Runtime evidence includes bounding boxes, parent–child
relations, computed styles, and component types and properties associated with visual component roots. For two
axis-aligned boxes a and b with areas |a| and |b|, the geometric tests use intersection-over-union and area ratio,

IoU(a, b) =
|a ∩ b|
|a ∪ b| , AR(a, b) =

min(|a|, |b|)
max(|a|, |b|) . (5)

Type and Props. Component types and properties are associated with their visual roots to define the runtime
boundaries used for matching. A runtime component implementation u and a reference component c form a
legal edge when their component types agree under the target-library alias relation ≡ and both their IoU and area
similarity are at least 0.7,

(u, c) ∈ Ecomp ⇐⇒ type(u) ≡ type(c) ∧ IoU(u, c) ≥ 0.7 ∧ AR(u, c) ≥ 0.7. (6)

Matching is one-to-one and maximizes the number of legal pairs. Component names are normalized using target-
library-specific aliases. Plain containers and image types are excluded from component evaluation. Props are
checked only on the component implementations whose type is already correct, and the two are reported as separate
Type and Props columns.

Group, Alignment, and Position. Group candidates are containers with at least two visible children, or single-
child containers with a data-grounding-group marker or geometric agreement with a single-member ref-
erence. In the latter case, the matched member node must be a descendant of the container when available. All
candidates enter the precision denominator and must satisfy the same geometric matching criteria. Matching
between a reference group g and a candidate container c requires both intersection-over-union and area similarity to
be at least 0.7. Area similarity is measured by AR(g, c) as defined above. A group with an empty member set has no
structural identity and is excluded from the shared required denominator, with excluded counts recorded. Alignment
requires both container IoU ≥ 0.7 and the same alignment type as the annotation. Position pairs at IoU ≥ 0.7 and
checks the positioning mode. These dimensions use one-to-one matching that maximizes the number of matches,
with geometric scores used to resolve ties. Runtime bounding boxes are calibrated by the median anchor offset
before the geometric tests, removing a global page shift without changing relative geometry.
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C.3 Visual Fidelity

Let I be the design image and IC = Render(C) the rendered image. We report CV, VES, and MAE separately
from Code Implementation and do not combine the three into an overall score.

Composite visual score (CV). We adopt the visual similarity metric in Section 3.3 and Appendix B of 1D-Bench
(Xu et al., 2026). It combines perceptual image similarity Simg, element completeness Scomp, and layout similarity
Slayout, each on [0, 1]. We report CV on a 0–100 scale:

CV(I, IC) = 100
(
0.5 Simg + 0.3 Scomp + 0.2 Slayout

)
. (7)

The CV preprocessing handles transparency and aligns both images to width w = min(wI , wIC ) and height
h = min(hI , hIC ) before detection and comparison.

We follow its text and non-text matching procedures. Unavailable signals are omitted and the remaining weights are
renormalized; when neither text nor non-text blocks are detected, CV reduces to 100 Simg. The pixel-difference
term within CV is distinct from the separately reported MAE below.

Visual element similarity (VES). VES compares the CLS-token embeddings produced by a DINOv2-base
encoder ϕ (Oquab et al., 2023):

VES(I, IC) =
ϕ(I)Tϕ(IC)

∥ϕ(I)∥2 ∥ϕ(IC)∥2
. (8)

Higher CV and VES indicate better visual fidelity.

Mean absolute error (MAE). For MAE, we crop the near-white borders of both images at threshold 250, resize
the render proportionally to the reference, and center-pad it with white. Let Ĩ, ĨC ∈ [0, 255]H×W×3 denote the
resulting RGB images. The normalized error is

MAE(I, IC) =
1

255 · 3HW

H

∑
i=1

W

∑
j=1

3

∑
k=1

∣∣∣ Ĩijk − ( ĨC)ijk

∣∣∣ . (9)

Lower MAE indicates better visual fidelity. All three metrics are reported as case means using one final output per
design; failure handling and aggregation follow Appendix C.4.

C.4 Aggregation and Failure Handling

All eight models are evaluated on the same 421 designs for all three tasks, yielding 10,104 task outcomes. Results
use the final output after the retries and repairs described in Appendix D.2, rather than first-attempt performance. A
successful repair replaces the failed attempt.

There are 10,101 successful outcomes and three failures: all three tasks for Qwen3-VL-235B on B-end design
629 exceed the provider’s 126,976-token input limit. Failures receive F1, CV, and VES of zero and MAE of one,
where applicable. Required reference entries remain in the micro-recall denominator with zero matches; dimensions
without reference entries receive no artificial reference count.

Requirement scores pool counts across designs as defined in Eq. 4. CV, VES, and MAE are averaged across designs.
Table Mean rows average model scores; they do not pool counts across models. Model means and T3–T1 differences
use the reported precision: two decimals for F1 and CV, and four for VES and MAE.

D Experimental Settings

D.1 Models and Generation Settings

Table 7 lists model-specific inference settings. GPT-5.6 Terra and GPT-5.4 use Codex CLI; the other models use an
OpenAI-compatible gateway. The same 421 designs and task templates are used across all models.

The task runner initially requests 32,000 output tokens. A response truncated at the length limit is retried once
with a 48,000-token budget when the model’s ceiling permits. These budgets are subject to the transport limits
in Table 7; the Codex CLI transport does not pass an output-token cap. Qwen3.8-Max uses two gateway entries,
Qwen3.8-Max and Qwen0902, for the same model; results are reported under its canonical name.

D.2 Execution and Output Validation

Requests contain the shared design inputs followed by the task instructions. T3 inserts its expert requirements after
the layer tree. Supported models use prompt caching; cache controls do not change the task content. Experiment
manifests record the input samples, component documentation, prompts, and references used for each run.
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Table 7: Model-specific inference settings. A dash indicates that no setting is specified. HTTP caps are transport
limits, not task-level budgets.

Model Reasoning setting HTTP output cap

GPT-5.6 Terra Medium —
GPT-5.4 Medium —
Claude Sonnet 5 Adaptive, medium effort 60,000
Qwen3.8-Max — 60,000
Qwen3-VL-235B-A22B-Thinking — 32,768
Gemini 3.5 Flash Medium 60,000
Kimi K3 Low 60,000
Gemini 3.1 Pro Preview — 60,000

Retries and repair. Transient request failures allow at most five retries after the initial attempt. Deterministic
request errors fail immediately. A timeout can trigger an identical request using streaming. Separately, invalid
output triggers one repair request containing the original prompt and validation error. For T2, validation checks
JSON parsing and schema compliance; a surrounding code fence is accepted. For T1/T3, repair is triggered by
absent file blocks or a missing required file. Predictions are not manually edited, and retry outputs are not selected
by their evaluation scores.

Rendering and evaluation. Generated pages are built and rendered at the design’s root width. Failed renders
retain an error record. T2 predictions are evaluated against the compiled reference; T3 uses the same rendering and
evaluation as T1. The annotations supplied to T3 are recorded for each input design. Failure scoring and aggregation
are specified in Appendix C.4.
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E Domain-wise Results

Tables 8–13 give all three tasks separately for the 152 B-end and 269 C-end designs. Each domain uses the same
cases across all eight models, with terminal failures retained. F1 is micro-aggregated within each domain; the B+C
F1 is pooled from counts and is not an average of the B-end and C-end F1 values. CV, VES, and MAE are case
means. Model abbreviations follow Table 2.

Table 8: B-end results for End-to-End UI Code Generation (T1) on the same 152 designs for all eight models. F1 is
in percent. Bold marks the best value per column; Mean averages models. CV and VES are higher-better; MAE is
lower-better.
Model Type Props Group Align. Pos. CV ↑ VES ↑ MAE ↓

GPT-5.6 Terra 67.74 47.21 41.87 39.95 23.63 82.23 0.9225 0.1221
GPT-5.4 66.75 43.45 39.78 37.90 12.56 83.12 0.9408 0.0991
Claude Sonnet 5 65.04 41.73 39.19 29.63 16.70 76.03 0.9022 0.1462
Qwen3.8-Max 69.11 40.57 39.03 31.47 16.97 79.68 0.9240 0.1352
Qwen3-VL-235B 30.67 13.95 26.53 9.65 11.38 61.40 0.8706 0.1824
Gemini 3.5 Flash 66.47 38.51 33.08 25.98 24.70 77.82 0.9278 0.1130
Kimi K3 68.51 43.70 40.10 36.58 28.00 81.06 0.9258 0.1231
Gemini 3.1 Pro 68.04 41.56 37.77 32.21 25.39 80.14 0.9285 0.1177

Mean 62.79 38.84 37.17 30.42 19.92 77.69 0.9178 0.1299

Table 9: B-end results for Requirement Inference (T2) on the same 152 designs for all eight models. F1 is in percent.
Bold marks the best value per column; Mean averages models.

Model Comp. Group Align. Pos.

GPT-5.6 Terra 59.70 56.94 38.17 25.19
GPT-5.4 59.60 57.59 29.88 26.48
Claude Sonnet 5 58.68 56.51 35.56 23.87
Qwen3.8-Max 59.97 61.16 24.15 21.57
Qwen3-VL-235B 53.54 37.00 21.91 16.05
Gemini 3.5 Flash 59.68 52.51 32.22 25.59
Kimi K3 60.02 62.82 32.24 17.31
Gemini 3.1 Pro 59.47 60.37 17.73 16.39

Mean 58.83 55.61 28.98 21.56

Table 10: B-end results for Requirement Realization (T3) on the same 152 designs for all eight models. F1 is in
percent. Bold marks the best value per column; Mean averages models. CV and VES are higher-better; MAE is
lower-better.
Model Type Props Group Align. Pos. CV ↑ VES ↑ MAE ↓

GPT-5.6 Terra 85.05 67.94 48.32 75.44 60.36 85.36 0.9447 0.0897
GPT-5.4 80.78 66.72 43.69 66.27 62.90 84.26 0.9383 0.1013
Claude Sonnet 5 83.04 66.09 42.30 55.25 70.23 78.47 0.9189 0.1400
Qwen3.8-Max 81.32 60.91 39.18 34.47 36.69 78.87 0.9226 0.1294
Qwen3-VL-235B 39.43 23.97 29.23 8.24 12.33 61.83 0.8545 0.1787
Gemini 3.5 Flash 85.81 70.53 39.54 56.72 65.62 78.34 0.9333 0.0981
Kimi K3 83.08 67.95 46.13 67.36 68.91 81.28 0.9315 0.1182
Gemini 3.1 Pro 89.30 78.53 47.66 77.01 90.16 81.87 0.9315 0.1071

Mean 78.48 62.83 42.01 55.10 58.40 78.79 0.9219 0.1203
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Table 11: C-end results for End-to-End UI Code Generation (T1) on the same 269 designs for all eight models. F1
is in percent. Bold marks the best value per column; Mean averages models. CV and VES are higher-better; MAE
is lower-better.
Model Type Props Group Align. Pos. CV ↑ VES ↑ MAE ↓

GPT-5.6 Terra 53.45 39.19 62.44 28.08 38.34 87.78 0.9145 0.1129
GPT-5.4 48.93 34.88 63.52 25.24 38.41 86.20 0.9056 0.1127
Claude Sonnet 5 51.67 38.20 60.99 22.10 29.55 80.40 0.8903 0.1287
Qwen3.8-Max 49.85 36.01 67.89 25.19 48.66 88.83 0.9165 0.1010
Qwen3-VL-235B 33.10 22.81 32.11 6.24 6.73 56.66 0.7475 0.1799
Gemini 3.5 Flash 54.51 37.21 58.91 18.71 30.03 82.02 0.9019 0.1232
Kimi K3 54.25 37.90 67.28 24.63 45.04 86.29 0.9090 0.1148
Gemini 3.1 Pro 43.45 30.36 62.80 22.64 34.60 84.61 0.9081 0.1161

Mean 48.65 34.57 59.49 21.60 33.92 81.60 0.8867 0.1237

Table 12: C-end results for Requirement Inference (T2) on the same 269 designs for all eight models. F1 is in
percent. Bold marks the best value per column; Mean averages models.

Model Comp. Group Align. Pos.

GPT-5.6 Terra 58.23 61.98 36.85 50.87
GPT-5.4 53.47 61.87 32.61 52.32
Claude Sonnet 5 57.81 48.90 34.81 50.59
Qwen3.8-Max 57.02 73.90 32.18 53.28
Qwen3-VL-235B 52.86 17.23 15.94 28.14
Gemini 3.5 Flash 57.27 51.18 35.39 50.11
Kimi K3 59.09 72.83 33.82 56.01
Gemini 3.1 Pro 57.27 69.90 21.90 53.12

Mean 56.63 57.22 30.44 49.31

Table 13: C-end results for Requirement Realization (T3) on the same 269 designs for all eight models. F1 is in
percent. Bold marks the best value per column; Mean averages models. CV and VES are higher-better; MAE is
lower-better.
Model Type Props Group Align. Pos. CV ↑ VES ↑ MAE ↓

GPT-5.6 Terra 75.56 62.95 65.81 41.47 50.17 87.17 0.9158 0.1083
GPT-5.4 66.89 52.14 72.85 46.68 58.05 85.34 0.8968 0.1130
Claude Sonnet 5 69.56 60.39 68.06 31.94 47.48 79.93 0.8898 0.1312
Qwen3.8-Max 77.56 67.01 74.90 50.00 68.02 88.04 0.9070 0.1050
Qwen3-VL-235B 49.53 40.37 31.32 10.08 13.57 56.92 0.7354 0.1779
Gemini 3.5 Flash 75.18 61.89 66.70 33.90 53.38 81.84 0.8724 0.1238
Kimi K3 72.64 58.53 74.13 43.53 61.61 84.81 0.9027 0.1130
Gemini 3.1 Pro 79.66 69.08 80.37 54.88 75.95 86.03 0.9063 0.1189

Mean 70.82 59.05 66.77 39.06 53.53 81.26 0.8783 0.1239
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F License

All designs in TaoD2C originate from the production archives of 17 commercial platforms, which retain copyright
over the original design assets. The publicly available evaluation subset is released for non-commercial research use
under the two sets of terms below.

Benchmark-created materials. The expert annotations and compiled implementation requirements included
in the public evaluation subset are distributed under the Creative Commons Attribution-NonCommercial 4.0
International (CC BY-NC 4.0) license. This license permits sharing and adaptation for non-commercial purposes,
provided that appropriate credit is given and changes are indicated.

Platform-owned design assets. The original design files, rendered design images, extracted assets, and layer
metadata remain the property of the originating platforms. Materials included in the public evaluation subset
are provided under the accompanying non-commercial research data-use terms and may not be redistributed
or sublicensed separately. Commercial use of these platform-owned assets requires prior permission from the
originating platforms.
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