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Abstract

User interface (UI) design is an iterative process in which de-
signers progressively refine their work with design software
such as Figma or Sketch. Recent advances in vision language
models (VLMs) with tool invocation suggest these models
can operate design software to edit a UI design through itera-
tion. Understanding and enhancing this capacity is important,
as it highlights VLMs’ potential to collaborate with designers
within conventional software. However, as no existing bench-
mark evaluates tool-based design performance, the capacity
remains unknown. To address this, we introduce CANVAS,
a benchmark for VLMs on tool-based user interface design.
Our benchmark contains 598 tool-based design tasks paired
with ground-truth references sampled from 3.3K mobile Ul
designs across 30 function-based categories (e.g., onboard-
ing, messaging). In each task, a VLM updates the design step-
by-step through context-based tool invocations (e.g., create a
rectangle as a button background), linked to design software.
Specifically, CANVAS incorporates two task types: (i) de-
sign replication evaluates the ability to reproduce a whole UI
screen; (ii) design modification evaluates the ability to mod-
ify a specific part of an existing screen. Results suggest that
leading models exhibit more strategic tool invocations, im-
proving design quality. Furthermore, we identify common er-
ror patterns models exhibit, guiding future work in enhancing
tool-based design capabilities.

Introduction

User interface (UI) design is a nonlinear process in which
designers experiment with ideas through back-and-forth ac-
tions and observations (Goldschmidt 1991; Ferreira, Noble,
and Biddle 2007). In this process, designers continuously
adjust, group, and arrange each design component, such as
buttons and text, using design software (e.g., Figma and
Sketch). Working with design software is essential for de-
signers, as they provide familiar controls over design com-
ponents for efficient iterations (Resnick et al. 2005; Stolter-
man and Pierce 2012; Son et al. 2024).

Recent vision-language models (VLMs) have demon-
strated agentic tool invocation capabilities; a model can
complete tasks by invoking tools over multiple turns (Niu
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Figure 1: Overview. CANVAS evaluates a VLM’s capabil-
ity to (A) generate a Ul design with tool invocations in two
tasks: (B) design replication and (C) design modification.

et al. 2024). This capability suggests that VLMs could cre-
ate and edit UI designs by interacting with design software
using tool invocations (Fig. 1A). Yet, existing benchmarks
solely focus on code-based capabilities for the implemen-
tation stage, such as generating HTML and CSS (Li et al.
2022; Si et al. 2025; Li, Zhang, and Yang 2025). The earlier
tool-based design stage, where designers iteratively refine
interfaces using design software, remains underexplored.
Understanding VLMs’ tool-based capabilities is crucial for
enabling collaboration during this design phase (Lu et al.
2024; Choi et al. 2024).

To address this gap, we introduce CANVAS, a bench-
mark for evaluating VLMs’ performance in tool-based UI
design. The benchmark comprises 598 UI design tasks se-
lected to evaluate the model’s performance in two task sce-
narios: (i) design replication (Fig. 1B), where the model
generates a design that replicates a given Ul image, and (ii)
design modification (Fig. 1C), where the model modifies an
existing human-made design by applying a sequence of ed-
its such as resizing a component. In each task, a VLM in-
vokes context-based tool commands (e.g., “create a rectan-



gle as a button background”) to interact with the design soft-
ware (Figma 2024), and iteratively construct a complete Ul
design. Each task is paired with ground-truth designs sam-
pled from 3,327 human-crafted mobile UI designs across 30
functions (e.g., onboarding, messaging) collected from an
online design community (Figma 2025a).

To evaluate model performance, CANVAS measures
the similarity between generated and ground-truth designs
across three hierarchical levels of visual perception, mod-
eling how humans progressively interpret visual informa-
tion: features, patterns, and objects. The evaluation includes
structural similarity at the feature level (SSIM) (Wang et al.
2004), compositional similarity at the pattern level via
saliency maps (Jiang et al. 2023), and semantic interpreta-
tion at the object level using BLIP captions (Li et al. 2023).
To capture fine-grained editing performance, we addition-
ally evaluate component-level attributes (Si et al. 2025).

In our experiments, we evaluate state-of-the-art VLMs ca-
pable of tool invocation using the CANVAS. Our analysis
reveals two key findings: (i) in replication tasks, model per-
formance is closely linked to diverse and strategic tool us-
age; and (ii) in modification tasks, precise tool selection is
critical, as a single incorrect action can cause large metric
score shifts due to the granularity of the task. Through the
two task configurations, CANVAS captures the model’s ca-
pability to operate the design strategically, while precisely
determining accurate tools. Furthermore, we identify the
limitations of current VLMs in tool-based design through er-
ror analysis and discuss directions for future improvement.
In summary, our contributions are:

¢ We introduce CANVAS, the first benchmark to evaluate
VLMs’ ability to perform tool-based UI generation in an
interactive, multi-turn design environment.

We construct a dataset of 598 tool-driven design tasks,
comprising replication and modification tasks, sampled
from 3,327 Uls across 30 categories.

We conduct a comprehensive evaluation of five state-of-
the-art VLMs and discuss key insights into their tool use
behaviors through quantitative and qualitative analysis.

Related Work
UI Design Generation

Research on UI design with generative models follows
two approaches: code-based generation, which generates the
code that renders a design, and image-based generation,
which synthesizes the design image directly. Beltramelli’s
pix2code provides an early proof-of-concept for code-based
UI design generation, translating Ul screenshots into code
using neural network models (Beltramelli 2018). Subse-
quent research advances the models to condition on more
abstract representations, such as sketches, wireframes, and
text prompts (Moran et al. 2020; Kim et al. 2022; Li, Zhang,
and Yang 2025). Recent work has increased instruction com-
pliance by incorporating human and self-generated feed-
back into a generation process (Zhou et al. 2025; Gui et al.
2025b), training on the layout structure (Tang et al. 2024),
and setting incremental steps (Wan et al. 2025). Another
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line of research explored directly generating UI designs as
images, including generative adversarial networks (Li et al.
2019; Zhao et al. 2021) and diffusion models (Cheng et al.
2023; Garg, Jiang, and Oulasvirta 2025). These approaches
are unconstrained by code-specific syntax and render de-
sign and layout images through a denoising process. Nev-
ertheless, the generated result remains less editable than
designs created with design software, restricting its practi-
cal applicability; the problem persists in code-based gener-
ation (Yuan et al. 2025). Contrary to previous approaches,
CANVAS evaluates tool-based design generation: models
produce designs with tool invocations in design software,
creating directly editable outputs.

UI Design Datasets and Benchmark

Existing datasets and benchmarks on Ul generation pri-
marily focus on code-based generation. A common dataset
structure pairs Ul screenshots with corresponding source
code (e.g., HTML, XML) to support code-based design
generation (Si et al. 2025; Yun et al. 2024). The datasets
have increased the scale, starting from RICO on mobile
UI design (Deka et al. 2017) to large-scale real-world
datasets, such as WebCode2M (Gui et al. 2025a) and
WebSight (Laurencon, Tronchon, and Sanh 2024). These
datasets enable training Ul generation models and bench-
marking by comparing generated images and source code
with ground-truth designs. Evaluation metrics include pixel-
level similarity, SSIM for structural comparison, CLIP for
semantic alignment, and FID (Zhao et al. 2021; Xiao et al.
2025; Li, Zhang, and Yang 2025; Gui et al. 2025b). Studies
also utilize the source code to measure component-level at-
tributes (e.g., text, position, color) (Si et al. 2025; Gui et al.
2025b) and structural relationships (Gui et al. 2025a). Still,
existing metrics have limited applicability to tool-based UI
design, as design software structures data representation
around designer-centric concepts such as masks and layers.
CANVAS addresses these limitations by proposing metrics
adapted to the tool-based design context.

Benchmark Design
Task Design

To reflect real-world user scenarios, CANVAS consists of
two types of user interface (UI) design tasks: (i) design repli-
cation and (ii) design modification. In design replication, the
model completes a design based on a reference image and a
build instruction, which provides the task context and the
overall design goal. In design modification, the model re-
fines an existing design based on a reference image and an
edit instruction, which describes the target component and
the expected changes in plain language without numeric val-
ues. These task settings reflect the designers’ practical ex-
pectations towards Al assistance, ranging from automating
repetitive tasks to assisting with micro-level design edits (Lu
et al. 2022; Li et al. 2024).

CANVAS represents a Ul design as a state composed of
components (e.g., buttons, text) and their attributes (e.g., po-
sition, width, color), mirroring how design software orga-
nizes design components. In each task, a Ul design is for-



malized as a state s made up of n component—attribute pairs.
s = {(¢,a;5,v) |i=1,...,n, j=1,...,m; }.

where each component c; is associated with a set of
attribute-value pairs (a;;, v). The benchmark evaluates the
model-generated design § by comparing it with a ground-
truth design sgT, using these attribute values and visual
characteristics.

Design Replication The replication task measures a
VLM'’s ability to map out a sequence of tool invocations to
reconstruct a target UI design sg. Starting from an empty
canvas sg = o, the model iteratively adds or edits compo-
nents, producing a design trajectory

So — S1 — ... — Sg.

The process stops when the model determines s; ~ sgt and
ends tool invocations.

Design Modification The design modification task
(Fig. 2) measures the VLM’s ability to apply a fine-grained
tool invocation over turns to complete specified changes.
Starting from a pre-existing design state S,;q, the model
is instructed to modify the design into a specified target
state sgr based on (i) a task instruction and (ii) a ground
truth image. The model needs to conduct a list of changes
A = [...] to reach the target design state

A
Sold — SGT
The design modification task consists of three sub-tasks:

* Attribute Update (Fig. 2B-(A)): Modify attributes a in
different components c to target values v’ in a design.
The attributes include fill color, size, text content, corner
radius, and position.

Agr = { (ck, ag, vi) | k=1,..., K }.

e Component Insertion (Fig. 2B-(B)): Create and insert a
list of new component-attribute pairs into a design.

ANpga = { (ck, ar, vg) | k=1,..., K }.

* Mode Change (Fig. 2B-(C)): Change a list of colors to a
target value to convert the design between light and dark
themes.

Acot = { (rgb?, 1gb}™) [k =1,...,K }.

These operations cover the primitive modification pat-
terns in UI design workflows: property adjustments, com-
ponent additions, and systematic style changes.

Dataset Creation

We collected UI designs from an online community and re-
fined them through a designer review.

Data Source Our dataset comprises Ul designs from pub-
lic projects on the Figma Community platform (Figma
2025a), a widely used online repository. We selected Figma
as a data source for its popularity and standardized format. !

'All designs are licensed under Creative Commons (CC BY
4.0), and the dataset includes a link to the original project.
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Figure 2: Design Modification Tasks. This task measures
a model’s capacity to perform targeted edits: (A) adjusting
component attributes, (B) inserting new components, or (C)
switching the overall color scheme.

Data Collection We created the dataset through selection,
categorization, sampling, and annotation to ensure Ul type
diversity (see Appendix for details).

* (i) Data Selection. We manually selected projects with
editable UI designs, excluding non-UI resources, e.g.,
prototyping kits. Selection stopped when additional de-
signs showed minimal variation. Each design was ex-
ported as SVG, PNG, and JSON via Figma’s REST APL

(ii) Data Sampling. The designs were categorized into 30
UI types by GPT-4.1-Mini (OpenAl 2025a) with zero-
shot prompting; one of the authors defined the types,
adapting Mobbin’s categorization with GPT-4.5 (Mob-
bin Ltd. 2025; OpenAl 2025b). The replication set (n =
298) was sampled using stratified sampling from the
original pool (n = 3,327), covering all UI categories
(10 per category, except one with 8). The modification
set (n = 300) was manually sampled from the same pool
based on task-relevant attributes (e.g., round borders).
(i) Data Annotation. For attribute update and com-
ponent insertion tasks, we generated instructions using
GPT-4.1-Mini based on visual differences between man-
ually created “base” and “target” states. These states
were manually created by editing the original design in
Figma (e.g., deleting a component).

Data Refinement To improve dataset quality, we reviewed
and refined the dataset through designer review of designs
and annotations. (see Appendix for details).

* (i) Data Analysis. We cleaned the designs through au-
tomated pre-processing (e.g., placeholder replacement,
font standardization) and defined common issues, includ-
ing occlusions, illustrations, and visual clutter (mislead-
ing layout composition).

(i) Manual Revision. Four experienced designers revised
598 designs by fixing issues, correcting flawed instruc-
tions from GPT-4.1-Mini, and annotating required tools.
This process resolved occlusions in 33.4% of the designs,
illustration errors in 15.5%, and clutter in 29.0%.
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Figure 3: CANVAS Data Statistics: (A) Frequency of the five most frequent Ul design types, with other categories grouped
(see Appendix for full distribution). (B) The distribution of node tree depth is similar across the replication and modification
sets with a Gaussian-like pattern. (C) The node count distribution is also similar across both sets. (D) The skewed frequency of
node types per design indicates common patterns in component usage.

Data Statistics

Overview CANVAS contains 598 design tasks collected
from 3,327 mobile UI designs across 30 categories collected
through stratified sampling (Fig.3A). Each design includes
an image and a JSON file representing Figma’s node struc-
ture, where components (e.g., vector, text, rectangle) are or-
ganized in hierarchical trees with attributes such as posi-
tion, size, and color (see Appendix for an example). Vector,
text, and rectangle nodes are most common, while group and
frame nodes also appear frequently (Fig.3D). Through the
data refinement process, we remove outliers with an exces-
sive number of nodes, reducing variance within the dataset.

Structural Characteristics We analyzed the structural
properties of our benchmark tasks to ensure they offer an
appropriate level of complexity for evaluating tool-based de-
sign capabilities. First, the node tree depth is slightly shal-
lower in both replication (M = 6.48, SD = 2.04) and
modification (M = 6.62, SD = 2.40) tasks than in the
source dataset (M = 7.06, SD = 2.32) (Fig. 3B); the node
count is also lower (replication: M = 76.30, modification:
M = 69.11, source: M = 126.25; Fig. 3C), achieving a
more efficient representation of the design while preserving
core structure. Despite this reduction, the normalized Shan-
non entropy of the node types remains comparable, with J =
0.763 (K = 10) for replication, J = 0.760 (K = 10) for
modification, and J = 0.726 (K = 13) for source dataset,
retaining component type diversity in the design. The distri-
bution of component types remains consistent across tasks,
with nodes such as frame, text, and vector most fre-
quent (Fig. 3D). These patterns suggest that our bench-
mark tasks simplify structural complexity while maintain-
ing component-level information, enabling consistent evalu-
ation of model performance.
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Evaluation Metrics

Our evaluation framework measures perceptual and se-
mantic alignment between generated and reference designs
based on human visual processing. The framework decom-
poses visual similarity into three hierarchical levels that ap-
proximate the bottom-up stages of human visual percep-
tion: features (low-level properties such as edges and col-
ors), patterns (mid-level compositions such as shapes and
groupings), and semantic objects (high-level interpretations
such as buttons or input fields) (Ware 2010). This hierar-
chy reflects how humans sequentially extract meaning from
a design, progressively assembling basic visual features into
recognizable patterns and eventually inferring functional de-
sign elements. Additionally, to capture model performance
on component-level attribute editing (position, color, text),
we include component-wise similarity, which evaluates how
accurately individual UI elements are reproduced (see Ap-
pendix for implementation).

Structural Similarity Index Measure (Feature-level):
SSIM compares local image statistics (mean, variance, and
covariance) to assess how well low-level features such as
size and shape are preserved (Wang et al. 2004).

Saliency Similarity (Pattern-level): Saliency similarity
measures predicted human attention patterns within a de-
sign. We compute histogram intersection between normal-
ized saliency maps of the ground truth and generated design
using UEyes (Jiang et al. 2023), trained on eye-tracking data
from UI screens.

BLIP Caption Similarity (Object-level): We generate
captions for both ground-truth and generated designs using
BLIP-2 and compute cosine similarity between their embed-
dings using SentenceTransformer (Reimers and Gurevych
2019), approximating semantic-level similarity.



Model | Replication | Modification

| SSIM Saliency BLIP Comp. Wise | SSIM Saliency BLIP Comp. Wise
GPT-40 0.739 (£0.172)  0.478 (£0.136)  0.495 (2£0.250) 0.671 (x£0.087) ‘ 0.843 (A0.136) 0.845 (—A0.009) 0.740 (—A0.021)  0.943 (A0.015)
GPT-4.1 0.767 (+0.129)  0.612 (£0.137)  0.655 (£0.251) 0.716 (£0.075) 0.890 (A0.183)  0.861 (A0.007)  0.806 (A0.044)  0.951 (A0.024)
Claude-3.5-Sonnet | 0.725 (£0.180) 0.483 (x0.151) 0.518 (£0.272) 0.666 (£0.089) | 0.816 (A0.109)  0.858 (A0.004) 0.775 (A0.013)  0.946 (A0.018)
Gemini-2.5-Flash | 0.736 (£0.184) 0.619 (0.149) 0.571 (0.270) 0.702 (x0.100) | 0.874 (A0.167)  0.857 (A0.003)  0.784 (A0.023)  0.948 (A0.020)
Gemini-2.5-Pro 0.774 (£0.117)  0.630 (£0.162) 0.620 (+0.273)  0.694 (£0.094) | 0.867 (A0.159) 0.851 (—A0.003)  0.804 (A0.043)  0.935 (A0.007)

+ indicates the standard deviation; A indicates the average score increase from the base design;

marks the best score in each column.

Table 1: CANVAS scores on replication and modification tasks. Each score indicates the average similarity scores between
completed designs and the ground truth. In replication, GPT-4.1 and Gemini-2.5-Pro exhibit leading performance in the repli-
cation task, while GPT-4.1 consistently exhibits robust performance in the modification task.

Component-wise Similarity Following Design2Code (Si
etal. 2025) and related work (Li, Zhang, and Yang 2025), we
perform one-to-one component matching using the Hungar-
ian algorithm (IoU for visual elements, text-position similar-
ity for text), then compute similarity across four attributes:
component match rate, position (Euclidean distance), text
content (F1 score), and fill color (RGB distance).

Metric Aggregation For both tasks, we evaluate the simi-
larity between the generated design s; and the reference de-
sign sgr, reporting the final score as the average similarity
values across all benchmark cases. In the modification task,
we measure how much the model’s edits improve similar-
ity to the ground truth s by comparing scores before and
after editing.

Experiments
Configuration

Pipeline CANVAS implements a tool-based UI design
generation pipeline based on the Model Context Protocol
(MCP)?. Models have access to 50 predefined tools for de-
sign operations, including creation, deletion, layout adjust-
ment, styling, and content modification, which are relayed to
Figma via MCP (See Appendix for details). Models initiate
each task by receiving the target screen Ul image and task
instructions, employing predefined tools; for modification
tasks specifically, the pipeline initializes existing designs on
the Figma canvas from a structured JSON representation. In
each task, models operate within an agentic loop based on
the ReAct framework (Yao et al. 2023), which involves cy-
cles of thought, action (tool invocation), and observation.

Model Setup We evaluate five state-of-the-art vision-
language models (VLMs) with visual understanding and
tool-use capabilities, including GPT-40 (OpenAl 2024),
GPT-4.1 (OpenAl 2025), Claude-3.5-Sonnet (Anthropic
2024), Gemini-2.5-Flash and Pro (Comanici et al. 2025). All
models are instructed using standardized instructions with
the temperature level at O for reproducibility (See Appendix
for the instructions). We excluded open-source models due
to their high failure rates in multi-turn tool invocation. These
models commonly terminated after one or two turns, result-
ing in blank or incomplete outputs.

2 Architecture building upon https:/github.com/grab/cursor-
talk-to-figma-mcp, MIT License
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Main Results

Table 1 shows average similarity scores between completed
designs and ground truth across the replication and modifi-
cation tasks. The score with (%) represents the standard de-
viation in the replication task, while the score with (A) in-
dicates score changes due to model actions from the initial
state s,;q to the target state sgr in the modification task.

Replication As shown in Table 1, Gemini-2.5-Pro scored
highest in SSIM and saliency, indicating strength in feature-
to-pattern-level similarity (contours and shape composi-
tions). GPT-4.1 achieved the best scores for BLIP and
component-wise similarity, indicating strength in replicat-
ing design semantics and preserving component attributes
(position, color, text)

Modification GPT-4.1 achieved the highest scores across
all four metrics. Importantly, several models demonstrate
small or negative A values, indicating score stagnation or
degradation due to model actions. We explore these results
in the analysis section.

Analysis

To understand performance differences across models, we
analyzed tool invocation histories at each turn. The histories
directly capture model actions and their influence on over-
all scores. Our analysis reveals two primary observations:
(1) models achieving higher scores in the replication task
demonstrate diverse tool invocations over increased turns;
and (ii) models performing well in the modification task ex-
hibit precise, targeted tool invocations within fewer turns.

Replication task demands diverse invocation of tools.
We identify that in the replication task, high-scoring models
exhibit more diverse tool patterns. Figure 4 shows average
tool invocation frequency and tool type diversity by model
on each task. The higher-performing models, namely GPT-
4.1 and Gemini-2.5-Pro, display increased tool diversity, in-
dicating more strategic behaviors. For example, we observe
a modular approach, where a model creates a component
(e.g., a buy button) once and propagates it across the de-
sign using the copy_node action, saving turns. In contrast,
lower-performing models, such as GPT-40 and Claude-3.5-
Sonnet, complete the design by simply creating components
in order. These observations suggest that intrinsic rewards
encouraging exploration could help models learn strategic,
diverse tool patterns.
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Figure 4: Tool Invocation Frequency. Average tool invoca-
tions per task x axis (n). Colored blocks show tool types
(e.g., creation includes create_rectangle). Higher-
performing models exhibit greater tool diversity.

Modification task requires precise selection of tools. We
posit that the modification task poses a unique challenge for
models due to its high granularity. It requires precise tool
invocations, where slight inaccuracies lead to non-uniform
impacts across similarity metrics. For instance, adding a line
break may minimally affect textual content but can cause a
large shift in a saliency map. This phenomenon is reflected
in the small or negative A values in Table 1 (Modification);
due to non-uniform shifts, the score changes converge to-
wards zero on average.

For a more in-depth understanding, we introduce Pos @K,
a metric counting the number of cases where the number
(K) of similarity scores increases after an edit. For instance,
A Pos@3 indicates the number of cases where the model
edit introduced a positive increase in three metrics and a
decrease in the remaining metrics. Table 2 shows the dis-
tribution of Pos@K values for each model in the modifi-
cation Task 1, attribute update, in ratio. Notably, in the ta-
ble, models that underperformed elsewhere — Claude-3.5-
Sonnet and Gemini-2.5-Flash — yielded a higher proportion
of Pos@4 than other models.

Model Pos@4 Pos@3 Pos@2 Pos@1 Pos@0 F
GPT-40 24.0% 41.0% 18.0% 13.0% 2.0% 2.0%
GPT-4.1 25.0% 31.0% 23.0% 14.0% 6.0% 1.0%

Claude-3.5-Sonnet  30.0%  38.0% 17.0% 10.0% 4.0% 1.0%
Gemini-2.5-Flash ~ 31.0% 37.0% 20.0%  9.0% 3.0% 0.0%
Gemini-2.5-Pro 27.0% 36.0% 12.0% 160% 80% 1.0%

: the highest value in each column. F: the ratio of failed cases.

Table 2: Distribution of Pos@K cases in ratio for each model
in Task 1: Attribute Update.

To investigate this performance inversion, we compared
tools invoked by models against human-annotated tools for
each task. Three designers annotated the required tools for
each of the 300 modification cases, serving as reference
annotations (see Appendix for details). As shown in Ta-
ble 3, Gemini-2.5-Pro and GPT-4.1 exhibited lower tool pre-
cision but higher diversity compared to Claude-3.5-Sonnet
and Gemini-2.5-Flash. This suggests that excessive tool di-
versity impaired performance in this task. The finding gen-
eralizes across all modification tasks: treating Pos@K as an
ordinal score, we found a positive correlation between tool
precision and the Pos@K score (p = 0.149,p < 0.01) and

Model Tool Precision Tool Recall Tool Diversity

GPT-40 0.4195 0.9967 4.3100
GPT-4.1 0.5434 1.0000 5.4433
Claude-3.5-Sonnet 0.5677 0.9900 3.6300
Gemini-2.5-Flash 0.5943 0.9767 3.4067
Gemini-2.5-Pro 0.5659 0.9633 4.1400

Tool Precision and Recall: normalized intersection with human-
annotated tools. Tool Diversity: average unique tools per case.

Table 3: Comparison of tool invocation statistics per model
against human-annotated required tool data.

a negative correlation between tool diversity and Pos@K
(p = —0.365,p < 0.01). These results indicate that pre-
cise tool selection is critical for the modification task. To
improve precision, methods that teach accurate skills, such
as imitation learning, are necessary.

Our metrics align with design experts. A study with hu-
man annotators reveals that our metrics closely align with
human preference. Table 4 demonstrates that three metrics,
saliency, BLIP, and component-wise similarity, are statisti-
cally significant predictors of pairwise human judgments on
design similarity.

Following the methodology of Design2Code (Si et al.
2025), we collected pairwise human preference data from
design experts on Prolific. We used 100 design cases, chosen
from our replication results via stratified sampling (weighted
by UI type and complexity). Each pair received “win,’
“lose,” or “tie” labels from three annotators, with final out-
comes determined by majority vote, excluding cases with-
out a majority. Subsequently, we trained a logistic regression
model to predict the binary preference (win=1, lose=0) using
the difference in our metric scores between two designs in
a pair as the independent variable. On a 50/50 training/test
split of the 363 non-tie samples, the model achieved 75%
prediction accuracy.

coef std err zZ P
SSIM -0.0500 0.2241 -0.223  0.82336
Saliency 0.9808 0.2758  3.557 0.00038
BLIP 0.7323 02357  3.106 0.00189

Comp. Wise  0.5836  0.2806  2.080  0.03506

Table 4: Logistic regression on human pairwise preferences
using similarity metrics as features.

Ablation Study

We conducted an ablation study to isolate the effects of
multi-turn iteration and tool-based interaction. (i) The base-
line setting is tool-based multi-turn, which is identical to the
setting in the CANVAS benchmark. To control the effect of
the turns, we include the (ii) tool-based single-turn condi-
tion, where all tool invocations are generated at once with-
out intermediate feedback. This enables a direct compari-
son against our third condition, (iii) a code-based single-turn
adapted from prior work (Si et al. 2025), thereby isolating
the impact of using tools.



Method Model ‘ Replication

| SSIM Saliency BLIP
Code GPT-4.1 0.773 (20.110) 0.649 (+0.129) 0.689 (+0.231)
(Single-Turn) Gemini-2.5-Pro|0.771 (x0.108) 0.696 (+0.120) 0.685 (+0.233)
Tool GPT-4.1 |0.704 (£0.219) 0.510 (20.156) 0.534 (+0.281)

(Single-Turn) Gemini-2.5-Pro 0.775 (+0.118) 0.699 (+0.121) 0.660 (+0.259)

Tool GPT-4.1 0.767 (+0.129) 0.612 (+0.137) 0.655 (+0.251)
(Agent) Gemini-2.5-Pro |0.774 (£0.117) 0.630 (£0.162) 0.620 (+0.273)

: the best overall in each column.

Table 5: Ablation study results for each generation method.

Table 5 shows that Gemini-2.5-Pro achieves its highest
scores in the single-turn tool-based setting, while GPT-4.1
performs better under the multi-turn condition. The single-
turn and multi-turn settings induce distinct model behaviors:
the multi-turn setting encourages strategic, non-linear oper-
ations (e.g., layer reordering), while the single-turn setting
favors more uniform, linear action sequences. This diver-
gence explains the performance results in Table 5: the riskier
strategic operations (e.g., copying incorrectly designed but-
tons) can degrade output quality, leading to lower scores
in some design cases. Nevertheless, we propose that this
multi-turn, agentic configuration holds important potential
for complex, collaborative design tasks.

Error Cases

We conducted an error analysis to identify common failure
cases of current models and their underlying causes.

Geometric Operation Errors Models frequently fail to
control the geometric properties of Ul elements, leading to
errors in count, directionality, and spatial arrangement. For
instance, in the map user interface shown in Fig. 5, the model
produces (A) an incorrect number of location markers and
(B) paths with incoherent directions.

Order Tracking Order Tracking [} Order Tracking &1

4
®

®

@

@
Gemini-2.5-Flash

Ground Truth GPT-4.1

Figure 5: Error case 1. The models (A) miscount the markers
and (B) draw irregular lines (see Appendix for full image).

Layout Operation Errors Models reveal erroneous rea-
soning about screen auto-layout. In Figma, this feature au-
tomatically realigns and resizes child elements when their
parent resizes; similar mechanisms appear in other edi-
tors (Figma 2025b; Sketch 2025). Because any modification
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to the layout parameters can propagate through an entire hi-
erarchy, the task demands prediction of changes without dic-
tating their values through commands. As shown in Fig. 6,
the models’ adjustment to auto-layout disintegrates the se-
lector button and its placeholder (A) and forces the place-
holder below the viewport (B).

Photos

Photos

Ground Truth

Claude-3.5-Sonnet GPT-4.1

Figure 6: Error case 2. Updates to auto-layout settings trig-
ger (A) disintegration between selector and placeholder or
(B) push the placeholder downwards beyond the screen (see
Appendix for full image).

Text Operation Errors Models commonly fail to infer
appropriate dimensions from text attributes (e.g., font, size,
and spacing), leading to narrowly sized text components
and subsequent text overflow. Figure 7 illustrates two typ-
ical failures: (A) the price label extends beyond its bound-
ing box, breaking visual alignment, and (B) the button label
overruns its frame, blending into the background.

for only ::nont

ne. for only S1 2 / month

/
for only
$8 mont

time.
ytime h

Ground Truth Claude-3.5-Sonnet GPT-4.1

Figure 7: Error case 3. Models (A, B) fail to assign sufficient
span to the text component and trigger text overflow (see
Appendix for full image).

Conclusion

We introduce CANVAS, the first benchmark designed to
evaluate vision-language models (VLMs) on tool-based UI
design tasks. Our findings suggest that current state-of-the-
art models exhibit promising capabilities in replicating and
modifying interface designs through tool invocation with de-
sign software. Particularly, high-performing models exhibit
more diverse tool use and strategic behaviors. Nonetheless,
adverse tool selection and design errors highlight the limi-
tations in the implementation framework and the model ca-
pacity. By presenting an initial evaluation of VLMs perform-
ing design tasks within conventional software, CANVAS
offers valuable insights toward achieving human-aligned de-
sign automation with VLMs.
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