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Figure 1: The SPRITE System.Transforming a raw GameUI screenshot (left) into editable engine assets (right). Unlike standard
app interfaces, Game UIs are characterized by highly stylized aesthetics, irregular geometries, and complex visual hierarchies,
making manual reconstruction a labor-intensive task that requires specialized expertise. By automating this reconstruction,
SPRITE effectively bridges the gap between artistic vision and engine implementation to enable rapid gameplay iteration.

Abstract
GameUser Interface (UI) implementation involves translating highly
stylized mockups into interactive engine entities. However, current
"Screenshot-to-Code" tools typically assume standard rectangular
layouts, failing to address the irregular geometries and deep visual
hierarchies characteristic of game interfaces. To bridge the semantic
gap between pixels and code, we introduce SPRITE, a novel pipeline
that rapidly transforms static screenshots into editable engine assets.
By integrating Vision-Language Models (VLMs) with a structured
YAML intermediate representation, SPRITE explicitly captures the
complex container relationships essential for game layouts. We
evaluated SPRITE against a newly curated Game UI benchmark and
conducted expert reviews with professional developers, assessing
its reconstruction fidelity and prototyping efficiency. Our findings
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indicate that SPRITE streamlines implementation by eliminating
tedious coding and resolving complex nesting via its intermedi-
ate representation, thereby empowering rapid in-engine iteration.
This effectively blurs the boundaries between artistic design and
technical implementation in game development.
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1 Introduction
Developing a Game User Interface (UI) is fundamentally an act of
translation: developers must mentally map highly stylized, artistic
visions into the rigid, logical structures of a game engine. Unlike
utilitarian web or mobile apps, game interfaces serve as immersive
narrative devices, often employing irregular geometries, diegetic
elements, and deep visual hierarchies to sustain the player’s sus-
pension of disbelief. However, the cognitive load of this translation
is immense. As with other forms of craftsmanship, the gap between
visualizing a design and implementing it in an engine remains a
persistent bottleneck. Developers are currently forced to manu-
ally slice, measure, and reconstruct assets—a laborious "design-to-
engine" grind that stifles creative iteration and often leads to visual
discrepancies [30].

While “Screenshot-to-Code” technologies have shown promise in
automating this process for standard web and mobile domains [3, 9],
they operate on a fundamental mismatch when applied to games.
Mainstream approaches, ranging from seminal Deep Learning mod-
els to recent methods based on Large Language Models (LLMs)
such as GPT-4V and Gemini [26, 37], are primarily trained on stan-
dardized datasets like RICO and PubLayNet [8, 38]. These mod-
els assume a world of rectangular DOM elements and flow-based
layouts. Attempting to adapt these web-centric models with mod-
est extensions falls short because game engines rely on absolute
spatial coordinates, deep custom scene graphs, and overlapping
alpha-channeled sprites that lack direct HTML/CSS equivalents.
Game UIs further defy this structural logic, characterized by highly
stylized, non-standard widgets [5] and intricate, custom hierar-
chies that fundamentally diverge from the responsive logic of web
interfaces [30]. Consequently, simply generating HTML code is in-
sufficient for game engines, which require proprietary formats (e.g.,
Unity UXML) and precise spatial coordinates. Bridging this gap
to bring the efficiency of automated reconstruction to the highly
stylized, structurally complex domain of Game UI development
thus presents a significant technical challenge.

Towards addressing this semantic and structural gap, we cre-
ated SPRITE1, a novel pipeline that operationalizes the translation
from static mockups to engine-native assets. We postulated that
by combining the semantic reasoning of Vision-Language Models
(VLMs) with the precise localization of 2D foundation models, we
could automate this reconstruction without sacrificing artistic fi-
delity. SPRITE employs a coarse-to-fine perception pipeline to parse
non-standard elements and utilizes a YAML-based intermediate
representation as a structural scaffold. This scaffold enforces hier-
archical consistency, acting as a bridge that ensures visual hierar-
chies are precisely translated into the proprietary formats required
by game engines. To evaluate SPRITE, we curated a professional-
grade benchmark and conducted expert reviews with experienced
developers. Our findings indicate that SPRITE’s structure-aware
workflow not only accelerates the iteration loop for professional
game developers by eliminating manual implementation bottle-
necks, but also lowers the technical barrier for non-specialists. By

1SPRITE stands for Screenshot Parsing and Reconstruction of Interfaces via Training-
free Engineering. Additionally, the name alludes to the "Sprite" asset type, a funda-
mental 2D graphic primitive used in the Unity engine.

automating the translation of irregular assets and complex hierar-
chies, SPRITE empowers a broader spectrum of creators to engage
in rapid, in-engine prototyping.

In summary, our contributions are as follows:
• Instant UI Refactoring System: SPRITE, a training-free
pipeline leveraging a coarse-to-fine perception pipeline to
instantly transform static screenshots into editable, engine-
native assets.

• Intermediate Bridge (Image-to-Engine): We introduce
a structure-preserving YAML schema as a semantic bridge,
enforcing hierarchical consistency during code synthesis.

• Professional-Grade Benchmark: A high-fidelity dataset
derived from industrial production environments, enabling
rigorous evaluation of layout accuracy and usability against
expert standards.

2 Related Work
2.1 AI-Driven UI-to-Code Generation
While code generation fromnatural language has advanced rapidly [18,
19], generating executable code directly from visual inputs remains
a challenging frontier. Early approaches relied on heuristic com-
puter vision techniques [22] or deep learning encoders [3, 28, 35],
but the field has recently shifted towards Multimodal Large Lan-
guage Model (MLLM)-driven pipelines. To mitigate commonMLLM
hallucinations—such as element misclassification and layout mis-
alignment—recent strategies employ divide-and-conquer prompt-
ing [6, 31, 33, 39] and domain-specific fine-tuning [13, 17, 36]. How-
ever, despite satisfactory performance in standardized web and
mobile environments, these methods often yield simplistic out-
puts when applied to complex game scenarios [26]. Our approach
addresses this limitation by specifically targeting the unique chal-
lenges of game interface reconstruction: irregular widget geome-
tries and deep, custom scene graphs that remain intractable for
standard layout analysis tools.

2.2 Fragmentation in Game UI/UX Engineering
Existing approaches typically bifurcate into visual layout gener-
ation versus logical structure correspondence. Visual-centric re-
search [10, 12], including diffusion models [32], synthesizes high-
fidelity aesthetics but often treats layouts as flattened images, over-
looking the deep view hierarchies essential for engines. Conversely,
logic-centric methods [24, 34] excel at structural matching but
often sacrifice the pixel-perfect fidelity needed for production. Re-
cent efforts attempt to bridge these streams. Web-based MLLM
tools [21, 26] lack the structural rigidity required for games, while
AutoGameUI [30] relies on often-unavailable paired design files. In
contrast, SPRITE achieves direct reconstruction from a screenshot,
generating engine-native assets without pre-aligned data.

2.3 Data Constraints and the Shift to
Training-Free Alignment

The efficacy of UI modeling has traditionally relied on the super-
vised learning paradigm, training Transformer-based models to map
latent representations to layouts [10, 12]. However, this approach
is fundamentally bounded by data availability. Public datasets like
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Figure 2: SPRITE Our system transforms mockups into engine assets via three stages: (1) Semantic Scaffolding, VLM infers a
schema-guided hierarchical YAML; (2) Precision Grounding, utilizing 2D models for pixel-perfect extraction and geometric
calibration; and (3) Engine-Native Synthesis, where an MLLM generates executable UXML/USS code and interaction logic.

RICO [8] and PubLayNet [38] provide only flattened RGB screen-
shots, lacking the raw RGBA layers and complex occlusion relation-
ships inherent in game rendering pipelines. To bypass this scarcity,
earlier studies employed heuristic optimization [4, 14, 15] (e.g., inte-
ger programming [7, 34]) to align visual elements with structures.
While these training-free methods avoid data dependencies, their
generalization is limited by rigid, handcrafted constraints. Address-
ing these limitations, our work adopts a training-free VLM-driven
approach. Instead of relying on brittle heuristics or supervised met-
ric learning [23, 24], we leverage the inherent semantic reasoning
of state-of-the-art MLLMs [1, 2]—a zero-shot paradigm recently
proven effective in other game domains like procedural 3D map
generation [11] to achieve precise alignment between visual pixels
and engine-native structures, effectively bypassing the bottleneck
of large-scale data annotation.

3 SPRITE System
3.1 Design Goals
SPRITE aims to bridge the fundamental semantic gap between static
visual intent and functional game implementation. Informed by
the “design-to-engine” bottlenecks identified in prior formative
studies [30], we formulate three design goals to guide our system:

DG1: Fidelity Beyond Pixels: Semantic & Structural Recovery.
Game UIs are characterized by irregular geometries and diegetic
elements that defy standard web-based DOM logic. Therefore, the
systemmust go beyondmere visual replication. It must accurately
interpret the semantics of non-standard assets and reconstruct
their deep, nested hierarchies, ensuring the output is a logically
sound scene graph ready for engine interaction.

DG2: Zero-Shot Generalizability via Training-Free Architec-
ture.
To serve the diverse game development community, the sys-
tem must be agnostic to visual styles without requiring costly
domain-specific retraining. By leveraging a coarse-to-fine percep-
tion pipeline and a modular YAML intermediate representation,
SPRITE aims to provide a robust, generalized bridge that adapts
to various genres out-of-the-box.

DG3: Dual-Audience Empowerment: Accessibility &Augmen-
tation.
Recognizing the varying technical expertise within the commu-
nity, SPRITE is designed to support a spectrum of user needs:
• Accessible Creation for Novices: Lowering the technical barrier
to entry, enabling non-programmers to instantly transform
sketches into functional prototypes.

• Augmenting Workflows for Professionals: Eliminating the te-
dious “grunt work” of pixel-level manual slicing and layout
scaffolding, thereby freeing experts to focus on complex inter-
action logic and creative iteration.

3.2 The SPRITE Pipeline
SPRITE leverages a training-free, “coarse-to-fine” pipeline to bridge
the gap between static screenshots and functional game engines.
As illustrated in Figure 2, the pipeline decomposes complex UI
reconstruction into three structured stages, minimizing manual
labor while ensuring high-fidelity output (DG1, DG2).

3.2.1 Stage 1: Semantic Scaffolding via VLM. To handle the non-
standard and highly stylized nature of game UIs, SPRITE employs
a schema-guided reasoning strategy. We utilize a pre-defined
YAML template that mirrors the hierarchical logic of engine formats
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(e.g., UXML), serving as the structural contract between visual
pixels and code. Driven by an Expert-Persona prompt (“UI Master”),
the VLM scans the screenshot to populate this template. It identifies
functional components (e.g., HUDs, progress bars) and maps them
onto a nested structure, constructing an initial semantic scene
graph (DG2).

This intermediate representation ensures that high-level logical
consistency is established before the system attempts pixel-level
processing. To optimize this scaffolding, we explicitly adopt YAML
instead of JSON for two strategic reasons: (1) Token Efficiency:
YAML eliminates redundant syntactic overhead (e.g., extensive
braces), reducing token consumption by approximately 20–30% and
allowing the VLM to process denser layouts; (2) UXML Semantic
Alignment: YAML’s indentation-based nesting naturally mirrors
the structure of Unity’s UXML, ensuring structural isomorphism
for downstream engine synthesis. See the template in Figure 3.

Figure 3: YAML template structure for UI scaffolding.

3.2.2 Stage 2: Precision Grounding and Asset Extraction. While
VLMs excel at semantics, they often struggle with spatial precision.
To mitigate this, SPRITE integrates 2D foundation models for geo-
metric refinement (DG1). Guided by the Regions of Interest (ROI)
defined in the YAML, the system performsfine-grained segmenta-
tion to extract standalone assets with alpha channels. Crucially, to
ensure “engine-ready” completeness, an inpainting model performs
occlusion recovery, filling background gaps left by extracted lay-
ers. The system then backfills the YAML template with precise
bounding box coordinates and asset paths, effectively transitioning
the scaffold from “fuzzy semantics” to “exact geometry.”

3.2.3 Stage 3: Engine-Native Synthesis andOutput. In the final stage,
an LLM translates the calibrated YAML into executable technical

Figure 4: System Prompt: UI Master Persona

assets. Treating the YAML as a structured specification, the model
synthesizes Unity-native code (UXML/USS) that strictly adheres
to the intended hierarchy. Furthermore, by interpreting semantic
labels, the system infers interactive affordances (e.g., button hover
states), enabling immediate prototyping. This process culminates
in a dual-value output (DG3): providing a “no-code” gateway
for novices to instantly realize their visions, while delivering an
editable, layered “expert scaffold” that accelerates professional de-
velopment workflows.

3.3 Implementation Details
SPRITE is architected as a modular, training-free pipeline that or-
chestrates a suite of state-of-the-art foundation models.

3.3.1 Prompt Engineering and Visual Perception. For high-level se-
mantic parsing and coarse component identification, we employ
Qwen3-VL [2]. This initial parsing is driven by a carefully crafted
system prompt (the “UI Master Persona”). Our prompt design fol-
lows three core rationales: (1) Functional Decoupling to force
the VLM to filter aesthetic noise and isolate core UI logic; (2) Struc-
tural Formalization to mandate a parent field, transforming flat
detection into a hierarchical scene graph; and (3) Downstream
Synergy to generate descriptive visual cues that guide subsequent
2D foundation models. The core instruction is illustrated in Figure 4.

3.3.2 Geometric Extraction and Engine Synthesis. The semantic
layer is augmented by a geometric stack: GroundingDINO [20]
performs open-vocabulary detection based on the VLM’s visual
cues, while the Segment Anything Model (SAM2) [25] exe-
cutes precise, pixel-level mask generation. To ensure assets are
production-ready, LaMa [29] handles background inpainting, re-
solving occlusion artifacts to produce clean sprites. Finally, the
core synthesis engine uses GPT-5 [27] and Claude 4.5 Sonnet [1]
to translate the structured YAML into Unity UXML and USS files.
We apply few-shot prompting and chain-of-thought reasoning to
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Figure 5: Qualitative Comparison. While VLMs (a-b) are limited to bounding boxes and the baseline (c) suffers from fragmenta-
tion, SPRITE (d) leverages semantic scaffolding to extract pixel-perfect assets for irregular shapes.

maintain strict hierarchical consistency. Additionally, we integrate
FLUX [16] to empower users with generative editing capabilities
for stylized asset refinement.

4 Evaluation
4.1 GAMEUI Benchmark
To evaluate SPRITE in realistic scenarios, we curated the GAMEUI
Benchmark, a specialized dataset explicitly targeting the structural
complexity of gaming (Figure 6). Specifically, the benchmark com-
prises hundreds of meticulously selected interfaces sampled from
multiple distinct game genres (e.g., RPG, FPS, Strategy, Casual).
These interfaces were chosen to ensure high diversity in layout
complexity (ranging from simple main menus to dense inventory
grids) and artistic styles. This rigorous selection process ensures
that unlike general-purpose datasets, this collection features high-
fidelity, production-level interfaces spanning diverse functional
modules (e.g., HUDs, Settings, Inventories).

Each entry serves as a comprehensive ground truth ecosystem
rather than a simple screenshot, comprising:

• Figma-exported JSONs: Detailing expert-defined struc-
tural hierarchies and interaction metadata.

• Segmented Sprites: High-quality extracted image compo-
nents alongside corresponding text metadata.

• Hand-authoredUnityUXML/USS: Professional-grade tem-
plates serving as the synthesis gold standard.

As an ongoing project, the benchmark is continuously expand-
ing to encompass more diverse UI functionalities. By processing
these complex, non-standard layouts, we verified SPRITE’s ability
to maintain structural integrity (DG2) and generate engine-ready
scaffolds across a wide range of functional game UI scenarios.

4.2 System Validation and Expert Evaluation
4.2.1 Qualitative Analysis of Asset Extraction. We performed a qual-
itative comparison against state-of-the-art VLM detectors and zero-
shot segmentation baselines. As demonstrated in Figure 5, existing
methods struggle with the unique visual language of games in two
distinct ways. First, standard VLM approaches (Figure 5a-b) are
inherently limited to coarse bounding boxes, making them inca-
pable of isolating assets with complex, non-rectangular boundaries.
Second, while pixel-level baselines (Figure 5c) attempt to extract
exact shapes, they frequently suffer from severe fragmentation.
Without strong semantic constraints to resolve referencing ambigu-
ities, these models over-rely on the latent biases of their pixel-level

training distributions, fracturing cohesive UI elements into illog-
ical, unusable debris. In contrast, SPRITE (Figure 5d) overcomes
both limitations by grounding the extraction process in semantic
scaffolding. This top-down structural guidance allows our system
to reliably extract pixel-perfect assets even for highly irregular and
stylized shapes, ensuring the outputs are visually clean, logically
grouped, and immediately engine-ready (DG1).

4.2.2 Expert Review and User Study. To assess SPRITE’s practical
utility, we conducted an expert evaluation with three senior UI/UX
designers using the GAMEUI Benchmark. During these sessions,
the experts interactively tested the functional prototypes and con-
ducted a rigorous audit of the auto-segmented UI assets, structural
hierarchies, and underlying UXML source files. Evaluated on a 10-
point Likert scale (1 = entirely unusable, 10 = production-ready),
the system achieved strong ratings in Visual Fidelity (8.5/10)
andHierarchical Logic (8.0/10), with the designers confirming
that the reconstructed assets closely mirrored industry standards.
However, Interaction Accuracy (7.0/10) received a comparatively
lower score, prompting a deeper analysis of the system’s interactive
scope and boundary conditions.

4.2.3 Interaction Scope and Failure Cases. Currently, SPRITE suc-
cessfully infers basic interactive affordances such as button hover
states, toggles, and simple click events derived from semantic la-
bels. However, the system encounters typical failure modes when
processing heavily overlapping translucent elements or highly ab-
stract, diegetic UIs where visual boundaries are ambiguous. Addi-
tionally, complex temporal logic (e.g., drag-and-drop mechanics or
the non-linear motion synthesis required for production polish)
remains beyond the current generation scope, directly explaining
the lower interaction score observed in our expert review. Despite
these boundaries, experts acknowledged the efficiency of the auto-
mated workflow, validating SPRITE as a robust prototyping tool
and explicitly motivating our future focus on dynamic simulation.

5 Discussion and Future Work
While SPRITE successfully operationalizes static reconstruction,
we envision three critical trajectories to further bridge the design-
to-engine gap:

From Static Visuals to Dynamic Interactivity. Addressing
the limitation of static screenshots, future iterations of SPRITE
will transition towards multi-frame temporal reasoning by leverag-
ing advanced Video-LLMs. By analyzing short gameplay clips or
UI interaction recordings, the system could autonomously extract
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Figure 6: Visual representation of the GAMEUI Benchmark gallery. These representative samples demonstrate the system’s
ability to faithfully reconstruct a wide array of challenging layouts across different game genres. Ranging from high-density
RPG inventory grids to complex, multi-level navigation systems, this gallery highlights the functional diversity and zero-shot
generalizability explicitly targeted by SPRITE.

complex temporal logic, such as non-linear animation curves, state-
machine transitions, and conditional visual feedback loops (e.g.,
hover-to-click effects). This advancement will fundamentally shift
the automated reconstruction paradigm from merely capturing the
structural “look” of the interface to computationally replicating its
dynamic “feel,” ultimately generating ready-to-use engine anima-
tion controllers and event scripts directly from video references.

Disentanglement for Generative Design.We aim to evolve
SPRITE into a parameterized generative design system by compu-
tationally disentangling the core structural hierarchy (UXML) from
its visual presentation (USS). Mapping these decoupled components
into a latent semantic space will empower developers to perform
prompt-driven, global restyling—such as instantly swapping color
palettes and asset motifs—without altering the underlying func-
tional logic. This capability will facilitate rapid A/B testing, enable
procedural generation of UI variants for live-ops events, and drasti-
cally reduce the friction of continuous aesthetic iteration.

Human-AI Collaboration and Workflow Cognition. To ad-
dress the socio-technical impact of automated UI reconstruction,
our future work will investigate how tools like SPRITE reshape
the division of labor between artists and programmers. We plan to
conduct longitudinal studies to explore how users calibrate trust

in automated outputs, what new breakdowns emerge during struc-
tural refactoring, and how mixed-initiative co-creation ultimately
transforms the cognitive load of game development workflows.

6 Conclusion
In this work, we presented SPRITE, a training-free pipeline that
helps bridge the Gulf of Execution between static artistic vision
and engine-native implementation. By harmonizing VLM-based
semantic scaffolding with the geometric precision of 2D foundation
models and LLM code generation, SPRITE effectively automates the
translation of flat mockups into functional Unity assets. Our evalu-
ation via the GAMEUI Benchmark confirms that SPRITE not only
maintains high structural integrity but also significantly streamlines
the development workflow. By substantially reducing the tedious
overhead of manual asset slicing and assembly, SPRITE delivers a
dual impact: it lowers the technical barrier for novices to engage
in rapid game creation, while enabling professional developers to
better focus on complex interaction logic. Ultimately, SPRITE helps
redefine the human-AI relationship in game engineering, shifting
the prevailing paradigm from manual pixel reconstruction toward
a collaborative framework of high-level, semantic co-creation.
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