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Large language models (LLMs) have transformed code generation, but their ability to generate code for
applications with graphical user interfaces (GUIs), particularly games, remains underexplored. Prior code-
generation benchmarks assess correctness using test cases, but this is insufficient for GUI applications. These
applications are interactive and event-driven, and their correctness depends on stateful behavior over se-
quences of user actions. Consequently, evaluation should account for interaction flows and Ul state transitions
rather than relying solely on pass or fail test outcomes. To explore the performance of LLMs on GUI applica-
tions, we construct PlayEval, a repository-aware evaluation dataset from 43 multilingual (Python, TypeScript,
and JavaScript) GUI applications. Different from existing GUI benchmarks which are difficult to transplant to
Desktop platform, PlayEval consists of 6 major categories of GUI applications and directly facilitates evalua-
tion on code generation tasks. To enable more reliable assessment beyond simple execution and unit tests, we
propose Play@k, which measures whether at least one of k generated candidates yields an application that
can be played end-to-end without logical errors. We further develop an LLM-based agent, PlayTester, that
automates interactive evaluation by driving the GUI through task-oriented playthroughs and checking for
logic violations. Through systematic evaluation, we demonstrate that 10 state-of-the-art code LLMs struggle
to generate logically correct GUI applications, achieving near-zero Play@3 scores despite high compilation
rates. To address these, we introduce PlayCoder, a multi-agent, repository-aware framework that writes, eval-
uates and refines GUI application code via closed-loop control. PlayCoder substantially improves functional
correctness and semantic alignment for both open-source and closed-source models, achieving up to 38.1%
Exec@3 and 20.3% Play@3. Case studies show that it detects silent logic flaws missed by traditional metrics
and repairs them through targeted edits. These results indicate that coupling an end-to-end GUI testing agent
with repository-aware automated program repair is an effective path towards reliable GUI code generation.
Our implementation is publicly available at https://github.com/Tencent/PlayCoder.
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1 Introduction

Large language models (LLMs) have revolutionized software engineering tasks (e.g., code genera-
tion and bug fixing), achieving impressive results on established benchmarks like HumanEval [10],
CoderEval [76], and SWE-Bench [26]. These established benchmarks primarily target well-specified,
self-contained programming tasks amenable to unit test verification. Consequently, they inade-
quately represent the complexities of open-ended environments that require capabilities beyond
single-shot function synthesis (e.g., multi-step interaction with live systems, sustained stateful
execution, and external tool integration). Such capabilities are fundamental to interactive graphi-
cal user interface (GUI) applications. GUI code generation presents distinct evaluation challenges:
models must handle event-driven control flow, persistent and evolving application state, and com-
plex user interaction patterns. While algorithmic tasks permit assessment through input-output
validation, GUI systems necessitate interactive verification procedures that existing evaluation
paradigms cannot accommodate. This evaluation limitation becomes particularly acute because
GUI applications frequently manifest silent behavioral failures, where syntactically correct and
executable code violates fundamental application logic.

Current evaluation frameworks inadequately assess the behavioral requirements of GUI appli-
cations. While SWE-Bench [26] advances repository-aware evaluation, it relies primarily on unit
tests and static analysis. These approaches prove insufficient for GUI applications, where behav-
ioral correctness cannot be captured through traditional test cases [7]. While web-based GUI test-
ing frameworks (e.g., Selenium, Playwright) automate interaction through DOM manipulation,
they fundamentally rely on accessible structural representations that many GUI applications lack.
Canvas-based applications, desktop games, and native GUI programs render content directly to
pixels without exposing DOM trees or accessibility APIs, making structure-based testing infeasi-
ble. GUI applications may pass unit tests yet exhibit interactive failures that manifest only during
runtime execution. As shown in Fig. 1, consider a Flappy Bird game that compiles without errors
but allows the bird to pass through obstacles, violating core game mechanics while producing no
exceptions. Such failures remain undetectable through unit tests because obstacles are randomly
generated with non-deterministic coordinates, making comprehensive test case coverage imprac-
tical. Consequently, developers typically rely on human testers to identify and report behavioral
bugs, a process that is both time-consuming and costly. This gap demonstrates that current ap-
proaches fundamentally struggle with interactive GUI applications.

To address these, we establish evaluation benchmark, metrics, and method for GUI-based code
generation. We develop a GUI-testing methodology that capture behavioral correctness through
automated user interaction simulation. These methodologies are complemented by PlayEval, a cu-
rated benchmark of 43 diverse multilingual (Python, TypeScript, and JavaScript) GUI applications
spanning six major categories (e.g., classic games, MMORPG games, productivity tools) with ver-
ifiable GUI behaviors. We focus on interactive GUI applications. Games are selected as examples
to represent the challenge of interactivity: requiring frequent state updates, event handling, and
operating solely based on visual feedback (unlike web-GUIs with accessible DOM structures). The
benchmark includes general-purpose desktop-applications because it can reflect common use cases
and evaluate the generality of such less complex, yet challenging applications. We propose Play@k,
a behavioral correctness metric that measures whether generated code can be interactively exe-
cuted end-to-end without logical errors. Since Play@k requires code first to pass unit tests before
GUI validation, it provides a more stringent assessment than traditional Pass@k metrics.
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Building upon these evaluation foundations, we propose PlayCoder, a multi-agent framework
that leverages our evaluation methods for robust GUI-based code generation. The framework em-
ploys two specialized agents: a repository-aware coding agent (PlayDeveloper) for initial code gen-
eration and an automated program repair agent (PlayRefiner) that iteratively refines code based
on evaluation feedback from PlayTester. PlayTester serves as the behavioral testing framework
that verifies correctness across programming languages and platforms (Windows, macOS, and
X11-based Linux distributions). As shown in Figure 4, PlayDeveloper generates initial code, then
PlayTester detects behavioral deviations, enabling PlayRefiner to autonomously debug and mod-
ify code through successive test-repair cycles. This iterative loop helps produce code that is syn-
tactically valid and better aligned with the requirements. Iterative refinement [28, 45, 59, 70] is
prevalent. However, PlayCoder differs in what-drives-the-loop: 1) visual vs. textual feedback: Prior
works rely on textual signals. PlayCoder closes the loop using visual feedback (i.e., screen-
shots) and dynamic interaction (e.g., mouse or keyboard operation), enabling it to fix “silent
failures” (e.g., invisible text, unresponsive buttons) that text-based oracles miss. 2) active explo-
ration vs. passive testing: Standard loops use pre-defined test suite. Employing PlayTester dynam-
ically explores the UI to discover bugs. Our evaluation demonstrates PlayCoder’s effectiveness
across multilingual GUI applications. Using GPT-5-mini, our framework achieves 26.8% Exec@3
and 9.8% Play@3, compared to the best baseline (DeepCode) with 17.9% Exec@3 and 6.4% Play@3.
With Claude-Sonnet-4, PlayCoder reaches 36.8% Exec@3 and 20.3% Play@3, demonstrating model-
agnostic benefits and establishing a new paradigm for interactive GUI application code generation.
Our main contributions are summarized as follows:

» We present a comprehensive benchmark for GUI application code generation, consisting of the
PlayEval dataset and the Play@k metric. Covering 43 multilingual applications across 6 domains
(e.g., MMORPGsS), our experiments uncover a severe performance gap in behavioral correctness.
With the top-performing model achieving only 9.9% Play@3 (18.6% Exec@3) and the weakest
baseline scoring <1%, our findings highlight critical challenges that current methods fail to solve.
We propose PlayTester, a GUI Testing Agent that serves dual purposes: As an evaluator, PlayTester
detects subtle behavioral failures (e.g., collision detection errors, event handling inconsistencies)
that traditional unit tests overlook. As a feedback provider, PlayTester provides precise behav-
ioral diagnostics to guide iterative code improvement, addressing repository hallucination where
models generate syntactically correct but behaviorally incorrect code.

We propose PlayCoder, a novel multi-agent framework that integrates repository-aware code
generation, automated GUI behavioral testing, and iterative program repair. The framework em-
ploys two specialized agents (PlayDeveloper and PlayRefiner) that collaborate through struc-
tured test&repair cycles, using visual feedback from the behavioral evaluation framework. Play-
Coder achieves up to 20.2% higher Exec@3 and 11.0% higher Play@3 compared to baselines, with
consistent effectiveness across diverse LLM architectures and superior cost-effectiveness.

2 Motivation
2.1 A Motivating Example

Fig. 1 illustrates an example in Flappy Bird generated by GPT-40-mini and a human programmer.
The program compiles and runs, but it allows the bird to pass through obstacles, so the game never
ends (as shown in the bottom-right of Fig. 1). In the correct behavior, a collision should kill the bird
and terminate the game (as shown in the top-right of Fig. 1). Such failures do not raise exceptions
or cause crashes, allowing them to slip past evaluations that only verify compilation or test cases.
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Challenge 1: Testing Dilemma for GUI Ap-
plication Code Generation. Traditional eval- Q
uation of code emphasizes compilation success YOU DEAD
and unit test, which are inadequate for GUI
applications. Unlike function-level code vali-
dated by input-output pairs, GUI programs de- & I m
mand interactive, stateful, and temporal vali-
dation that current paradigms miss [7]. In the
Flappy Bird example, the code runs without
runtime errors, yet critical behavioral flaws Fig. 1. Flappy Bird generated by GPT-40-mini and
(e.g., the bird penetrating pipes) remain un- human programmer. Top-right: code written by a hu-
detected. Metrics (e.g., Pass@k) cannot distin- man programmer, where collision correctly kills the
guish a GUI application from one with broken bird and ends.tl'.le game. Bott(?m—right: code generated
logic, calling for behavioral testing via interac- bY GPT_A,‘O_n_qm" \A./here the. bird can pass through the
. . pipe, which is a critical logic flaw.
tive execution.
Challenge 2: Insufficient Benchmarks for
GUI Application Code Generation. Existing code generation benchmarks systematically un-
derrepresent GUI application generation (including GUI-based games), despite its prevalence in
practice. HumanEval [10] and CoderEval [76] focus on algorithmic or function-level tasks; while
SWE-Bench [26] advances repository-aware evaluation, it fundamentally relies on unit test pas-
sage and static analysis, making it insufficient for GUI applications where behavioral correctness
requires interactive validation that traditional test cases cannot capture. Preliminary experiment
from PlayEval (i.e., Table 2) shows a sharp degradation from executability to behavioral validity:
the best model (Claude-Sonnet-4) achieves 18.6% execution correctness but only 9.9% behavior
correctness on Python; GPT-5 drops from 17.5% to 6.9% (refer to Section 3.6 for more details)
on Python. This gap yields a false sense of competence: models that score highly on traditional
benchmarks perform poorly on high-complexity GUI tasks involving event handling, state up-
dates, and physics-based animation. Challenge 3: Difficulty in Repository-Aware GUI Code
Generation. While recent repository-aware code generation methods (e.g., MetaGPT [22], Deep-
Code [29]) have made progress in incorporating repository context, they still face significant chal-
lenges when applied to GUI application code generation. These methods excel at retrieving relevant
code snippets and API documentation, yet they struggle with GUI-specific behavioral correctness
because traditional repository analysis focuses on syntactic patterns rather than interactive seman-
tics. Observable behavioral failures, such as the bird in Flappy Bird passing through pipes without
collision detection, often occur despite syntactically correct API usage and proper imports. GUI
applications require understanding of event loops, state transitions, and temporal properties that
cannot be captured through static repository analysis alone. Even with comprehensive repository
grounding, existing agents fail to distinguish between code that compiles correctly and code that
behaves correctly during interactive execution, leading to systematic behavioral hallucinations
in GUI contexts. In addition to this, existing tools (e.g., Selenium) and recent LLM-based testers
(e.g., GPTDroid [41], LLMDroid [61], VETL [62]) focus on Web or Mobile platforms. They rely
on structured DOMs or accessibility trees that are missing or non-standard in desktop Python
GUISs (especially PyGame, which renders to a canvas). Transplanting them to support desktop GUI
applications is impractical.

2.2 Key ldeas

Based on the above challenges, we present three complementary ideas to enable and evaluate
repository-aware GUI application code generation with behavioral guarantees.
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Key Idea 1: Overlooked GUI Generation Challenges. Our preliminary experiments on PlayEval
reveal that GUI application code generation poses significantly greater challenges than previously
recognized, with systematic failures overlooked by existing evaluation paradigms. Pass@k, which
relies solely on unit tests, fails to capture GUI-specific errors such as incorrect collision detection,
broken event handling, or randomly generated map inconsistencies that appear functionally cor-
rect but render applications unusable. Current benchmarks inadequately represent GUI application

complexity, while existing methods lack proper assessment frameworks for interactive behavioral

correctness. Preliminary studies in Section 3.6 demonstrate substantial performance degradation

across state-of-the-art models: Claude-Sonnet-4 drops from 18.6% Exec@3 to 9.9% Play@3, while

GPT-5 plummets from 17.5% Exec@3 to merely 6.9% Play@3, revealing a critical gap between

syntactic correctness and behavioral validity that traditional metrics systematically miss.

Key Idea 2: Novel GUI Benchmark with Hierarchical Behavioral Testing. We contribute

PlayEval, a comprehensive repository-aware benchmark that advances GUI application code gen-
eration evaluation through three key innovations: (1) a curated dataset of diverse GUI applications

(e.g., GUI-based games, productivity tools) with repository scaffolds and behavioral specifications;
(2) anovel evaluation methodology that introduces hierarchical testing with our PlayTester; and (3)
a rigorous metric framework that detects subtle behavioral failures overlooked by traditional ap-
proaches. Our Play@k metric represents a significant methodological advancement: it exclusively
evaluates code that first passes unit tests (Pass@k), then subjects it to automated GUI behavioral

testing via our specialized PlayTester, making it substantially more stringent than existing met-
rics. This approach ensures Play@k captures hidden defects (e.g., collision detection failures, event

handling inconsistencies, temporal property violations) that appear correct under unit testing but

manifest as critical behavioral flaws during interactive execution. PlayEval emphasizes event han-
dling, state management, and physics/animation with standardized interaction scripts, enabling

fair and reproducible model comparison under identical behavioral testing conditions.

Key Idea 3: Multi-Agent Framework with PlayTester for Hallucination Mitigation. We de-
sign a multi-agent framework in which PlayTester serves both as a rigorous behavioral evaluator

and as a hallucination-reduction feedback source for GUI code generation. Beyond its evaluation

role, the PlayTester provides behavioral feedback that enables collaborative agents to systemati-
cally address repository hallucination, a pervasive issue where models generate syntactically cor-
rect but behaviorally incorrect code. The framework integrates retrieval-augmented generation,
GUI testing, and automated program repair (APR) in a closed-loop control via a multi-agent sys-
tem where PlayTester acts as a behavioral oracle. PlayDeveloper generates repository-aware code

while invoking tools to retrieve context from the codebase. PlayTester executes applications and

provides precise behavioral diagnostics (e.g., collision detection failures, event handling inconsis-
tencies, state transition violations) that guide subsequent generation attempts. PlayRefiner per-
forms targeted repairs using these behavioral insights: (1) compilation errors trigger Validator

invocations; (2) API misuse and undefined symbols prompt context-guided adaptations via Con-
textSearchTool; (3) behavioral failures (e.g., incorrect physics) trigger logic adjustments based on

PlayTester feedback. This approach transforms the PlayTester from a passive evaluator into an ac-
tive participant that reduces hallucination by providing actionable behavioral signals throughout

the generation process.

3 Benchmark and Evaluation

In this section, we introduce the benchmark construction, baselines, evaluation method, and pre-
liminary studies. For all experiments, we generate n = 3 samples per problem and compute the
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unbiased estimator with k < 3. All baselines are evaluated with their official configuration. We mit-
igate the influence of environmental factors (e.g., hardware differences) by providing standardized
configurations and conducting all experiments with 5 repetitions.

3.1 Benchmark Construction

Following established best practices for code generation benchmarks [27, 33, 52, 69, 76], we present
PlayEval, a repository-aware benchmark for GUI application code generation in Python, Type-
Script, and JavaScript.

3.1.1 Selection Criteria. We curated repositories using the following criteria: (1) Historically Ac-
tive Development: repositories with commits within the past 12 months at the time of initial se-
lection, or demonstrated sustained development history (>6 months of active maintenance) and
achieved feature completeness before archival; (2) Community validation: most projects with >100
GitHub stars (We also include projects with < 100 stars but have excellent deployability and
representative of a certain category); (3) Functional completeness: applications that demonstrate
complete GUI workflows rather than isolated snippets; (4) Framework diversity: coverage of ma-
jor Python GUI frameworks, including PyQt, PySide, Tkinter, and Pygame; (5) Exemplary value:
projects with clear structure and documentation suitable for code generation evaluation. We se-
lected non-trivial functions central to the app’s logic (e.g., game-loop, event-handlers) rather than
utility helpers. We apply a filter to focus extraction on behavior-rich code: after excluding doc-
strings and decorator lines, we use a default threshold min_lines = 28 because we empirically find
that functions with fewer than 28 lines are more likely to be utility helpers, simple accessors and
rarely implement core interactive behaviors (e.g., game-loops or event-handlers).

Table 1. Comprehensive code complexity statistics of PlayEval across categories. CC = Cyclomatic Com-
plexity (avg per file), ND = Nesting Depth (avg levels), CF/kLOC = Control Flow structures per 1000 LOC.
LOC reports total lines of code across all projects.

Category Projects Files LOC Functions Classes CCT ND?T CF/KLOC? LOC/Func? Test Cases?
Game Emulation 1 89 26,699 1,350 289 8.2 11.4 24.1 19.7 86
Classic Games 6 34 2,605 72 19 6.7 8.8 19.4 36.2 24
Game Engine 1 43 12,484 661 87 9.5 13.2 28.3 18.8 27
Standalone Applications 24 387 123,442 2,069 172 10.8  10.8 32.1 55.7 1,539
Desktop Widgets 9 67 21,420 314 24 11.8 128 31.4 68.2 396
MMORPG Games 2 17 1,782 31 4 8.8 34 21.9 57.5 32
Total 43 637 188,432 4,497 595 10.2 11.0 30.4 40.0 2,104

3.1.2  Dataset Composition. As shown in Table 1, PlayEval comprises 43 diverse GUI applications
including GUI-based games, productivity tools, multimedia applications, etc. The benchmark cov-
ers three programming languages: Python, TypeScript, and JavaScript. We selected Python as it is
popular in AI/ML research and has rich GUI-bindings. Furthermore, most baselines (except Open-
Manus) are optimized only for Python, making it a “common supported language”. We included
TypeScript and JavaScript because, according to GitHub’s 2025 Octoverse report!, TypeScript be-
came the most widely used programming language on GitHub and now serves as the default
scaffold language for most mainstream frontend frameworks. PlayEval encompasses six major
categories: (1) Game Emulation comprising a complete Game Boy emulator (i.e., PyBoy) with so-
phisticated hardware simulation capabilities; (2) Classic Games including traditional arcade-style
games (i.e., 2048, Snake, Flappy Bird, Sudoku, Chrome Dragon) and strategy-based games like

Uhttps://github.blog/news-insights/octoverse/octoverse-a-new-developer-joins- github-every-second-as-ai-leads-
typescript-to-1
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Solitaire and Chess variants; (3) MMORPG Games featuring two high-star TypeScript games (both
with >1000 stars), CyberCodeOnline and biomes-game, to evaluate cross-language capability; (4)
Game Engine featuring the Jupylet framework for educational game development; (5) Standalone
Applications encompassing general-purpose applications implemented in Python, JavaScript, and
TypeScript that can be further categorized into productivity tools (e.g., text editors, file managers),
multimedia applications (e.g., media players), and web-based applications (e.g., Spotify client, Win-
dows 11 simulator). This category also includes small-scale applications like calculators. (6) Desktop
Widgets comprising interactive components (e.g., color pickers, range sliders). The classification
distinction relies on window resizability: Standalone Applications typically support dynamic win-
dow resizing, whereas Desktop Widgets are often fixed-size components of a larger user interface;

3.1.3 Benchmark Structure. As shown in Fig. 2, PlayEval uses three evaluation metrics. The bench-
mark aims at repository-aware code generation, where each evaluation instance comprises: (1)
Function Signature extracted from the original codebase, providing the exact method declaration
with parameter types and return specifications; (2) Requirement automatically generated from
the original function body using LLM-based docstring generation, which analyzes implementation
logic to produce concise natural language descriptions of the function’s purpose, behavior, param-
eters, and expected outcomes; (3) Repository Context containing relevant import statements,
class definitions, and related function bodies from the same codebase to enable repository-aware
code generation. The context for PlayCoder is the same as for human developers. To achieve it,
we revert the repository to a certain state by *git checkout'. Requirements were generated by
GPT-40-mini and manually verified on a subset (= 10%) by 3 developer experts. Through a voting
strategy, over 95.6% of the requirements were deemed high-quality. The original repository’s unit
tests serve as ground truth (line coverage: 47.2%, branch coverage: 32.1%), reflecting the inadequate
test coverage of real-world projects. Therefore, Play@k is critical for interactive validation.

3.1.4  Evaluation Workflow. The evaluation pipeline proceeds through three stages:

Compilation and Execution Stage: Generated functions undergo Python compilation testing to
measure Exec@k, the percentage of problems for which at least one solution among k samples ex-
ecutes successfully without runtime errors, syntax errors, or import failures. This metric evaluates
basic code correctness and syntactic validity.

Unit Testing Stage: Functions that pass compilation are evaluated against comprehensive test
suites to measure Pass@k, the percentage of problems for which at least one solution among k
samples passes all provided unit tests. Due to the lack of sufficient test cases in the original projects,
we automatically generate a more robust suite. These test cases are created using an LLM-based
analysis of the original function implementations, covering unit tests, integration tests, functional
tests, and edge cases with proper mocking and isolation strategies.

Behavioral GUI Testing Stage: For GUI applications, our specialized GUI Behavioral Testing per-
forms interactive validation to measure Play@k, the percentage of problems for which at least
one solution among k samples demonstrates correct behavioral semantics in live application en-
vironments. This testing is conducted using PlayTester (detailed in Section 3.3), which performs
automated GUI interaction and validation. For games with explicit objectives (e.g., winning con-
ditions), the testing strategy focuses on achieving game completion through strategic gameplay.
For general GUI applications, the testing approach emphasizes comprehensive feature coverage
through carefully curated interaction sequences. Note that Exec@k and Pass@k are deterministic
metrics, which are not affected by the reliability of LLM backbones.

3.1.5 Advanced Complexity Analysis. The benchmark exhibits a fine-grained complexity profile
that stresses modern code generation models along multiple dimensions:
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@ Requirement Description Q |(® Reference Code )

Task: |
andler. Updates global movement flags (up, left, right), toggles ship.image Repo-Aware Code 1| app = App()
ase, and logs the event. , action, modifiers from 5 i
5 ACTION_PRESS or ACTION_RELEASE and key 45 Up/LEFT/RIGHT. Generation | def key_event(key, action, modifiers):
i global up, left, right
keys = app.window. keys
Stats: ! if action == keys.ACTION_PRESS:
- i if key == keys.UP:
4,159 1n5tan§es | ship.image = 'images/ship2.png"
- 35 repositories | up = True

- 578 classes ;
- 2,072 test cases |

Path: ./spaceship.py

if action == keys.ACTION_RELEASE:
if key == keys.UP:

Metrics: ; BT, e = O
| up = False
- Pass@k | if key == keys.LEFT:
i i = - i left = False
@ Function Signature Ed Exec@k ; if key == keys.RIGHT:
def key_event(key, action, modifiers) - Play@k 1§ right = False
INPUT: D +Q@ + B + @ ; OUTPUT: ®

Fig. 2. The structure of PlayEval Data.

Cyclomatic Complexity: The dataset shows an average cyclomatic complexity of 10.2 per file,
with GUI applications exhibiting the highest complexity (12.6) due to extensive event handling
and user interaction logic. Game-related projects maintain moderate complexity (i.e., 6.5 to 9.5),
reflecting focused algorithmic implementations, while the overall distribution ranges from simple
utilities to sophisticated emulation systems.

Nesting and Control Flow: The benchmark exhibits an average nesting depth of 11.0 levels, with
107 files whose per-file maximum nesting depth exceeds 20 levels, creating substantial structural
complexity. Control-flow analysis reveals 4,480 conditional statements (e.g., if statements), 814
loops (e.g., for statements), and 220 exception-handling blocks, yielding a control-flow density of
30.4 structures per 1000 lines of code, which is substantially higher than typical code generation
benchmarks.

3.2 Baselines

We evaluate PlayCoder against: (i) state-of-the-art LLMs and (ii) advanced LLM-based approaches.
Our baseline selection follows two key principles: (1) breadth of model capabilities, spanning
general-purpose and coding-specialized LLMs from both open-source and closed-source families,
and (2) coverage of representative LLM-based enhancement strategies, including widely-recognized
prompt-based and agentic approaches proven effective for code generation tasks.

3.2.1 Basic LLMs. We consider ten state-of-the-art (SOTA) LLMs spanning diverse architectures,
model families, and parameter scales. This selection encompasses both general-purpose LLMs
(GPT-5, GPT-5-mini, GPT-40, GPT-40-mini, Claude-Sonnet-4, Claude-Sonnet-3.7, Grok-3-mini,
GLM-4.5, DeepSeek-V3) and coding-specialized models (Qwen3-Coder), ensuring comprehensive
coverage of different optimization objectives. The suite ranges from compact, efficient models to
large-scale systems and includes both closed- and open-source variants with varying degrees of
code specialization. For closed-source models, we choose GPT-5, GPT-5-mini, GPT-40, GPT-4o-
mini, Claude-Sonnet-4, Claude-Sonnet-3.7, and Grok-3-mini. For open-source models, we include
Qwen3-Coder (480B), GLM-4.5 (355B), and DeepSeek-V3 (671B).

3.22 LLM-based Approaches. Beyond basic LLMs, we evaluate state-of-the-art LLM-based ap-

proaches that incorporate repository-aware retrieval, structured reasoning, or specialized code-

generation capabilities. Our selection prioritizes methods with demonstrated effectiveness in code

generation research and practical applicability to GUI application development:

+ SCoT [31]: a widely-cited prompt-based approach using structured chain-of-thought prompting
with an 8-step reasoning pipeline for code generation;

« HCPCoder [80]: Hierarchical context pruning with repository-aware prompt generation, re-
trieving code examples and import patterns via semantic similarity;
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« MetaGPT [22]: a popular agentic framework (2051 citations) for code generation that simulates
software development processes through specialized roles; the original paper [22] demonstrates
its suitability for generating games (e.g., 2048, Snake), making it particularly relevant to our
benchmark;

+ OpenManus [38]: General-purpose multi-agent framework for complex task execution;

» DeepCode [29]: Al-powered development platform that automates code generation and imple-
mentation; the multi-agent system translates requirements into functional code.

3.3 PlayTester

PlayTester implements multi-modal testing capabilities through three specialized components that
collaborate to validate GUI application behavior, of which the prompts are specified in [51].

3.3.1 Visual Observer Module. The VisualObserver captures application state via screenshots
using pyautogui and PIL. It supports region-specific capture and performs window detection us-
ing platform-specific APIs (e.g., AppleScript on macOS, Win32 on Windows). The module caches
recent frames (specifically the last three screenshots to differentiate animations from static states)
and provides image comparison for state change detection. Screenshots are captured after each ac-
tion execution (i.e., one second after the action is completed). The VisualObserver supports Win-
dows, macOS, and X11-based Linux distributions. Wayland-based systems are excluded because
Wayland’s security architecture prevents cross-window screenshot capture and input injection via
standard APIs. And support for Wayland-based systems is still under PR for pyautogui’.

3.3.2 Action Executor Module. The ActionExecutor translates test strategies into specific GUI
operations: click(x, y), type(text), hotkey(keys), press(key), scroll(x, y, direction),
wait(duration), and finish(success/failure). The module includes safety mechanisms (e.g.,
coordinate boundary checks and failsafe cursors) and maintains execution history for debugging.
Actions are parsed from structured LLM output using the ActionParser.

3.3.3 Test Manager. The Test Manager integrates vision-language models to plan tests. It processes
screenshots and textual context to generate strategies using specialized prompts for GUI analysis,
test strategy generation, and action decision-making. The agents in all phases except for test strat-
egy generation have one pre-defined prompt-template. We use two test-strategy prompt templates
because GUI applications exhibit two distinct interaction regimes. Games typically have explicit
objectives and terminal conditions (e.g., win/lose states, scores), so effective testing is goal-driven
and focuses on reaching completion-critical states. In contrast, non-game applications often lack
a natural terminal state, where effective testing is coverage-driven and emphasizes traversing Ul
workflows (e.g., menus) to maximize feature coverage. The behavioral testing phase is fully auto-
mated during verification. Tests are reusable across consistent screen resolutions.

3.3.4 Case Study. We illustrate PlayTester’s evaluation approach using a representative 2048 im-
plementation, focusing on how it perceives visual state, plans interactions, and verifies behavioral
properties while maintaining coherent gameplay progression. As shown in Fig. 3, the tester simul-
taneously validates game functionality and maintains strategic progression in an early-game state
(i.e., play and test simultaneously). Three key capabilities are highlighted:

 Perception and State Extraction. The VisualObserver captures the current screen and ex-
tracts structured state (e.g., r3c1=2, r3c4=2, r4c4=4; score=8), recognizing a sparse early-game
configuration.

https://github.com/asweigart/pyautogui/pull/936
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: press(key=' » ')

with values 2, 2, and 4. Right: the agent’s structured reasoning process including state analysis, coverage
assessment, verification protocols, strategy selection, and exception-aware considerations that lead to a rec-
ommended rightward swipe.

« Adaptive Strategy with Dual Objectives. Based on real-time analysis, the agent selects a right-
ward swipe (—) that advances strategy (merging two 2-tiles into a 4 at r3c4) and validates key
mechanics: swipe responsiveness, merge algorithm correctness, and score updates. This achieves
coverage while preserving plausible gameplay.

» Exception-Aware Validation. The agent proactively checks invalid moves, UI freezes, numeri-
cal inconsistencies, and termination conditions. This approach reveals behavioral faults that unit
test-based evaluation would miss.

3.4 Evaluation Metrics

Inspired by Pass@k [10], we propose Exec@k and Play@k, which estimate the probability that at
least one of the top-k samples satisfies a task-specific criterion (i.e., successful execution or logi-
cally correct gameplay). For each problem, we draw n samples and let cg,cceeq denote the number
of samples meeting the criterion; we then compute the unbiased estimator:

(nfcsucceed)

[Exec, Pass, Play]@k := E 1- +

Problems (k)

We evaluate four dimensions of code generation under this framework. Exec@k: at least one of
the top-k samples executes successfully without syntax, or compile errors. We employ Exec@k
and Passe@k following prior works (HumanEval [10], CODERANKER [23]). As in Section 3.1.4, our
evaluation follows the pipeline (Exec@k — Pass@k — Play@k). A sample is evaluated for the next
stage only if it passes the previous one. If the program failed the compilation before running, it is
considered failed (Exec@k); Pass@k: at least one of the top-k samples passes all provided test cases;
Play@k: at least one of the top-k samples exhibits correct GUI behavior under interactive testing by
our GUI Behavioral Testing. P1ay@k is further enforced by constraints (e.g., “Did the game crash?”)
verified by logs and final-state screenshots. To answer “Are we maximizing successful results with
minimal token usage?”, we propose Efficiency@k, which measures the effectiveness-to-cost ratio:

Play@k Tok

SO AT = @)
ATy N-103

where ATy denotes the average number of tokens consumed per problem (in thousands), Tokeny

is the total token usage over all N problems when generating k samples per problem, and the
10 factor keeps the numerator and denominator on comparable scales (matching the caption of

1)

Efficiency@k :=
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Table 4). For k = 1, Efficiency@k simplifies through the combinatorial formula in Equation 1:

Play@1 Elc n Succeed; /N  Succeed

Efficiency@1 = y@ _ [csucceed /) _ duccee 1/ _ Duccee 1’ 3)
ATy AT, Token; /N Token;

where cgycceed 1S the number of successful samples per problem and n is the number of samples

per problem.

3.5 Preliminary Study 1: PlayTester Effectiveness

To establish PlayTester as a reliable evaluation framework, we conducted validation through hu-
man evaluation and statistical analysis before using it to evaluate code generation methods. We
manually verified 100 successes and 100 failures identified by PlayTester, all randomly selected.
To mitigate order bias, these samples were presented to evaluators in a randomized order. We re-
cruited 3 software engineers with >5 years of experience in GUI development to serve as indepen-
dent evaluators, treating human judgment as the ground truth. The evaluation reveals a 16% false-
negative rate and a 5% false-positive rate. To quantify the consistency between PlayTester and hu-
man evaluators, we calculated Krippendorft’s Alpha (a = 0.790) and Kendall’s Tau-b (z;, = 0.795).
These statistical measures confirm substantial agreement and establish PlayTester as a reliable
evaluation tool for GUI behavioral correctness. This demonstrates that PlayTester can serve as an
automated evaluation framework before being incorporated into any code generation system.

3.6 Preliminary Study 2: Method Performance

Having established PlayTester as a reliable evaluation framework in Section 3.5, we now employ
it to assess the performance of state-of-the-art LLMs and LLM-based methods.

3.6.1 Experiment Setup. We evaluate 10 state-of-the-art LLMs and 5 representative LLM-based en-
hanced methods on PlayEval. For base LLMs, we use standard few-shot prompting techniques to
generate complete, repository-aware code implementations. For enhanced methods, we evaluate
five representative approaches. SCoT employs structured chain-of-thought reasoning. HCPCoder
uses hierarchical context pruning for repository awareness. MetaGPT applies multi-agent software
development workflows. OpenManus utilizes collaborative agent coordination. DeepCode leverages
specialized code understanding and generation capabilities. Each generated solution undergoes
evaluation across three progressive criteria using PlayTester as the evaluation framework. Exec@k
measures basic executability without runtime crashes. Pass@k evaluates correctness against pro-
vided unit tests. Play@k assesses semantic correctness through interactive GUI testing.

Table 2. Performance (%) of LLMs and LLM-based enhanced methods on PlayEval. We report mean values
over 5 independent runs with 95% confidence intervals calculated using the Student’s t-distribution.

LLMs / Methods  Size | Python | JavaSeript | TypeScript

| Exec@1 Exec@3 Pass@l Pass@3 Play@1 Play@3 | Exec@1 Exec@3 Pass@l Pass@3 Play@1l Play@3 | Exec@1 Exec@3 Pass@1 Pass@3 Play@1l Play@3

Base LLMs

GPT-40-mini - 103+11 127+14 29+03 52+05 21+02 26+04 111+13 134+12 3104 55+06 23+03 29+05 87+09 102+11 22+02 39%04 16+02 20+03
GPT-5-mini - ‘124:20 137+16 64+03 67+05 43+05 52+06 ‘ 132+18 145+17 6.7+04 71+06 45+06 55+07 103+16 114+13 51+03 54+04 34+04 41+05
Grok-3-mini - 13.9+20 166+18 7006 8109 4610 + 173+£19  74+07 85+10 48+11 6.1+0.7 115+17 138+15 65+07 37+08 4605
Claude-Sonnet-3.7 - ‘108;17 131411 6.1+1.1 96+18 47+04 7 139+12 65+12 10.1+£19 50£05 79+11 9.0+ 14 77+ 14 38+03 6008
Claude-Sonnet-4 - 179421 186+35 10.1£07 13.0£22 64+06 197437 106+08 137423 67+07 104+09| 145+ 17 104+18 51£05 79406
GPT-do - [ 137434 138+16 8105 89+08 3804 146+17 85+06 9409 40+£05 71+12 | 113+28 71£06 30£03 54+09
GPT-5 - 174%19 17522 86+11 102408 66%16 69%15 185+20 186%23 91+12 107£09 80+17 89%16 | 144=16 145+18 69£09 82406 6113 52%12
Qwen3-Coder 480B | 14018 188+47 5208 59+11 49408 61+04 | 14819 19849 55+09 62+12 52409 64+05 |116+15 156+39 42206 47+09 39+06 49+03
GLM-4.5 355B  76+21 17.8+09 7311 71+09 59+17 63+07 81+22 18710 77+12 80+10 62+18 66+08 63+17 147+£07 58%09 6107 47+14 50+06
DeepSeek-V3 6715‘ 11.7+£22 151+11 58+09 71+05 50+03 72+11 ‘ 125+23 16012 61+10 75+06 53+04 76+12 97+18 125+09 46+07 57+04 40+02 58+09
LLM-based Enhanced Methods (GPT-5-mini as backbone LLM)

SCoT [31] - 138+13 152+13 4705 70+06 48+03 60+05 14615 162+12 59+07 76+12 52+06 61+10 113+£12 127+09 45+05 58+09 39+04 46+07
HCPCoder [80] - ‘123:21 128 +29 17+£0.1 35+05 03+£00 0301 ‘ 141+06 146+3.1 1L7£05 35+03 03+01 03+£01 109+04 114£25 13+03 26+02 02+01 0201
MetaGPT [22] - 12607 130£18 6605 103+11 40£07 44£06 133£19 136£25 75+19 99+16 45+07 49£05 103£15 106+£20 57+14 75£12 34£05 37£03
OpenManus [38] - | 123209 154£26 81£20 122+12 53+12 56409 | 131£10 16327 8521 128+13 56+13 59410 | 102£07 128+22 65+16 9810 42+10 4507
DeepCode [29] - 171438 179464 105+13 142422 60+10 64+10 182+40 190+67 11.0+14 149+23 59+16 67+ 11 |141+31 148+53 84+10 114+18 53+08 6.0+04
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3.6.2 Results. Table 2 presents the performance of 10 state-of-the-art LLMs and 5 representative
LLM-based enhanced methods on PlayEval across three programming languages and all evaluation
metrics. The results reveal striking performance degradation as evaluation criteria become more
stringent across all baselines, with notable cross-language performance variations.

Base LLM Performance: Among base LLMs, Claude-Sonnet-4 demonstrates the strongest perfor-

mance across all three languages, maintaining its lead in both execution and behavioral validation
metrics. However, even top-performing models achieve relatively modest behavioral correctness
rates, with the best Play@3 scores remaining in the single digits for TypeScript implementations.
Most models exhibit significant performance drops from execution to behavioral validation across
all languages. Notably, the execution-to-behavior gap widens progressively from JavaScript to
Python to TypeScript, suggesting that syntactic correctness does not reliably predict behavioral
validity in statically-typed GUI applications.

LLM-based Enhanced Methods: Evaluation of state-of-the-art LLM-based enhancement methods re-
veals limited and inconsistent improvements over base models across all three languages. Prompt-
ing based methods (e.g., SCoT) show marginal improvements in Python and JavaScript but fail to
bridge the performance gap for TypeScript implementations. Repository-aware approaches (e.g.,
HCPCoder) demonstrate catastrophic results across all languages, particularly in behavioral vali-
dation, indicating that context retrieval alone cannot address the semantic complexity of GUI appli-
cations. Multi-agent frameworks exhibit mixed results, with some methods (OpenManus) showing
modest improvements in Python and JavaScript while others (MetaGPT) experience performance
degradation relative to base models. DeepCode, despite specialized code understanding capabil-
ities, achieves strong execution success but demonstrates limited behavioral validation improve-
ments, with this pattern consistent across all three languages. Critically, no enhanced method
successfully narrows the cross-language performance gap, suggesting that current enhancement
strategies do not adequately address language-specific challenges in GUI code generation.

Answer to Preliminary Study: Evaluation across state-of-the-art LLMs and methods reveals their
limitations on PlayEval. The consistent failures across existing approaches indicate that repository-
level GUI code generation remains challenging, even with prompting and agentic approaches.

4 Our Approach: PlayCoder

To address the critical challenge of repository-aware GUI application code generation, we propose
PlayCoder, a novel multi-agent framework that leverages two specialized agents as shown in Fig. 4:
(1) PlayDeveloper: arepository-aware agent for code generation, and (2) PlayRefiner: an automated
program repair (APR) agent to iteratively refine code based on behavioral testing feedback.

4.1 Multi-Agent Collaboration Workflow

We detail the collaboration workflow between the two agents in PlayCoder and then summarize
the shared processes and telemetry that support this workflow.

4.1.1  Workflow Phases. The two agents collaborate through a structured test & repair cycle to

achieve both syntactic correctness and behavioral alignment:

(1) Context-Aware Generation. PlayDeveloper receives specifications and generates repository-
aware GUI application code using retrieved patterns and module structures.

(2) Behavioral Testing. The generated application is evaluated through automated behavioral
testing (Section 3.3): the Visual Observer Module captures application state, the Test Manager
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Fig. 4. The overview of PlayCoder.

plans interaction sequences using vision-language analysis, and the Action Executor Module
executes tests to collect behavioral signals.

(3) Diagnosis & Repair. PlayRefiner analyzes execution traces and testing feedback from the
behavioral testing modules, synthesizes patches with repository context, and applies fixes with
compilation/runtime checks.

(4) Iterative Feedback. The updated application is re-evaluated through automated behavioral
testing, checking behavior against specifications, including interactive semantics (e.g., collision
handling, event responses, and state transitions). Each cycle refines code quality and testing
strategy based on accumulated feedback. This process continues until the specified behavioral
criteria are met or the iteration limit is reached. Concretely, the generate-refine loop terminates
early once the application passes all per-sample behavioral checks enforced by PlayTester, and
otherwise runs up to a maximum of T = 6 iterations.

4.1.2  Trajectory Recording. The multi-agent framework maintains comprehensive execution logs
through the AgentTrajectory tool. This tool logs LLM interactions, tool usage, token consump-
tion, screenshots, actions, and decision points. This comprehensive logging enables diagnosis, ab-
lation studies, reproducibility, and APR prioritization.

4.1.3 Sandboxing & Determinism. Applications execute in sandboxed environments with deter-
ministic seeding and controlled timing. The framework emits standardized logs to ensure fair, re-
producible comparisons and to provide precise failure signals to the Testing and APR agents.

4.2 PlayDeveloper

PlayDeveloper implements a tool-based architecture dedicated to repository-aware code genera-
tion. The agent supports multiple LLM providers (e.g., OpenAl, Anthropic) and employs a modular
tool ecosystem for context collection and code generation. The key components of ToolManager
include: (1) ContextSearchTool for retrieving relevant code examples and import patterns from
the repository context using grep-based searching, (2) FileReadTool for file operations, (3) Bash-
Tool for executing shell commands, and (4) ConversationTool for maintaining dialogue sessions.
We use few-shot prompting with standard requirement-code examples.

4.3 PlayRefiner

This agent performs APR driven by behavioral feedback and execution traces. The agent coordi-
nates validation tooling and orchestrates iterative fixes until behavioral criteria are satisfied.
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4.3.1 Repair Tooling. PlayRefiner coordinates three core tools: (1) ContextSearcher for retriev-
ing repository-aware APIs and import patterns during code repair, (2) Validator for syntax/AST
checks and fast compile gating, and (3) Executor for executing the target program in a sandbox
to capture runtime and behavioral signals.

4.3.2  Repair Workflow. The APR loop proceeds in five phases: (1) Diagnosis aggregates compiler
output, runtime logs, and behavioral testing reports (screenshots, actions, and unexpected behav-
iors) into actionable failure summaries, (2) Patch Generation proposes minimal edits guided by
retrieved context, (3) Patch Application writes changes atomically to the repository, (4) Build &
Runtime Validation compiles and executes the application, followed by behavioral re-evaluation
through the testing modules (Section 3.3), and (5) Iterative Refinement repeats up to a fixed budget
or until behavioral criteria are met.

5 Results
To evaluate the effectiveness and efficiency of PlayCoder, we formulate three research questions:

« RQ-1: Effectiveness Study. How does the performance of PlayCoder compare with the baselines?
« RQ-2: Efficiency Study. How does the efficiency of PlayCoder compare with the baselines?
« RQ-3: Ablation Study. How do different components and models affect PlayCoder’s effectiveness?

Statistical Reporting. We report the mean of each metric over 5 independent runs. Each run uses
a distinct predefined random seed assigned to a unique integer, while keeping the LLM sampling
temperature fixed at T = 0.3, prompts identical without dynamic elements, and all external tools
and database states reset before each run. We quantify uncertainty using 95% confidence inter-
vals for the mean, computed with the Student’s -distribution, which is suitable for small sample
sizes. We observe that many improvements are stable with relatively small intervals, while some
close comparisons show overlapping intervals and should be interpreted as comparable rather
than decisively better. The variance mainly comes from stochastic LLM sampling and multi-agent
interaction trajectories, and it does not change the overall ranking trends reported in this section.

5.1 RQ-1: How does PlayCoder perform compared to baselines?

Objective. This research question evaluates the effectiveness of PlayCoder against state-of-the-art
repository-aware code generation baselines. We investigate whether our multi-agent approach,
which combines automated program repair with dynamic GUI testing, provides substantial im-
provements over existing methods that focus solely on enhanced prompting strategies. Specif-
ically, we compare PlayCoder against five representative baselines: SCoT [31], HCPCoder [80],
MetaGPT [22], OpenManus [38], and DeepCode [29] evaluating performance across Exec@k,
Pass@k, and Play@k to assess both syntactic correctness and behavioral validity.

Experimental Design. We conduct experiments using three different LLMs to ensure fair com-
parison. For SCoT, we implement structured chain-of-thought prompting following an 8-step con-
struction pipeline that guides LLMs through systematic reasoning before code generation. The
approach uses fixed demonstration examples covering sequential, branch, and loop programming
structures, embedding step-by-step reasoning as line comments within the prompt template. The
method first provides high-level instructions, then presents demonstration examples with struc-
tured reasoning patterns, and finally requests the model to follow the same reasoning approach
for the target task. HCPCoder implements hierarchical context pruning with repository-aware
prompt generation. Both SCoT and HCPCoder operate as single-shot generation methods without
iterative refinement capabilities. The five baselines are evaluated across three backbone LLMs.
Results. Table 3 presents cross-language performance across three LLMs (GPT-5-mini, Claude-
Sonnet-3.7, Qwen3-Coder) evaluating Python, JavaScript, and TypeScript. JavaScript demonstrates
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comparable or superior performance to Python across most methods (e.g., PlayCoder: 30.9% vs
26.8% Exec@3), while TypeScript exhibits systematically lower performance, since there are com-
plex MMORPG games in our benchmark implemented in TypeScript. With GPT-5-mini, PlayCoder
substantially outperforms all baselines across languages: compared to SCoT, improvements include
11.6pp in Exec@3 and 12.7pp in Pass@3; compared to HCPCoder, 14.0pp and 16.2pp respectively.
Notably, all baselines struggle with behavioral validation (Play@k). HCPCoder achieves near-zero
Play@k across all languages despite sophisticated repository retrieval and token consumption.
Prompting methods (SCoT) and multi-agent frameworks (MetaGPT, OpenManus) show limited
improvements, failing to capture GUI requirements regardless of language. Cross-language pat-
terns remain stable across LLM backbones, confirming language-specific trends reflect code gen-
eration difficulty rather than model biases. To address evaluator bias concerns [83], we validated
with Claude-Sonnet-3.7, observing minimal ranking impact (Play@3 variations 0.9%-3.7%).

Table 3. Performance (%) of PlayCoder compared to baselines across different LLMs. We report mean
values over 5 independent runs with 95% confidence intervals calculated using the Student’s t-distribution.

Methods LLMs | Python | JavaSeript | TypeSeript
| Exec@1 Exec@3 Pass@l Pass@3  Play@l Play@3 | Exec@l Exec@3 Pass@l Pass@3  Play@1 Play@3 | Exec@l Exec@3 Pass@l  Pass@3  Play@l Play@3
HCPCoder [80)  GPT-5-mini 123£21 128£29 17401 35+05 03400 03+01 | 141£06 14631 17405 35+03 03£01 03£01 109404 114425 13£03 2602 0201 02+01
Claude-Sonnet-37 16126 18322 49407 70+14 50405 60+07 | 185£29 213%26 58+10 83%+16 54207 65£09 132421 150418 3906 5611 4004 48+06
Qwen3-Coder 15019 18132 67412 12020 49410 65+18 | 17323 207+36 7915 138%24 5612 7420 122+15 148%26 5309 9516 3808 52+14
SCoT [31] GPT-5-mini 13813 15213 47405 70206 48403 60+05 | 4615 16212 59407 76+12 52206 6110 | 113£12 127409 45205 5809 3904 46+07
Claude-Sonnet-37 | 152+38 190+27 92+21 129415 60%12 78+06 | 176%42 221+31 109425 153%18 71214 92207 | 124231 15522 73+17 10312 48409 6205
Qwen3-Coder 255461 204553 102315 155+08 62+07 89%05 | 269268 279559 12118 18309 68309 10506 | 19050 19943 8112 124206 63306 1104
OpenManus [38] GPT-5-mini 123509 15426 81+20 12212 53+12 5609 | 31210 16327 85221 128%13 5613 59210 102%07 128222 6516 9810 4210 45%07
Claude-Sonnet-37 19303 28248 10517 15410 58404 8112 | 224204 328+56 124420 182%12 6805 0614 157402 230£39 8414 123408 4603 6509
Qwen3-Coder 232439 255517 130418 178+27 67£09 93408 | 26745 29319 15421 20132 79%10 110£09 189%32 208%14 104%14 142422 53407 7406
MetaGPT [22]  GPT-5-mini 126407 130£18 66405 10311 40407 4406 | 13319 13625 75+19 49505 | 10315 106£20 S57+14 75212 34£05 3703
Claude-Sonnet-37 | 13534 16906 75419 124210 39402 46+05 | 156239 19507 89422 54206 110428 138205 6015 9908 3102 37+04
Qwen3-Coder 143420 222%22 9908 116+13 7406 8810 | 16523 256%25 117%09 104412 | 11616 18118 79306  93=10 59405 7.0+08
DeepCode [29]  GPT-5-mini 171438 179464 10513 14222 60+10 64+10 | 182240 190%67 10+14 67+11 141%31 14853 84+10 11418 53408 60+04
Claude-Sonnet-37  20.4+38 323546 15614 17226 53405 101=L1 | 34144 37553 184+16 20330 62506 119+13 240+31 264%38 125:L1 138+21 4204 81+09
Qwen3-Coder 274463 376+63 133312 19429 49%11 98+14 | 316273 43473 158%14 23034 58+13 11616 224%51 30751 10609 15523 39409 7811
PlayCoder GPT-5-mini 230414 268%24 127=1L1 197+21 8313 98+21 | 265=16 30928 15013 233525 O98=15 116%25 18711 21820 10209 158+17 66+10 7817
Claude-Sonnet-37 29527 35644 15506 194+29 139409 174%13 | 34131 412%51 183£07 230%34 164+11 206415 240+22 290£36 124%05 155423 1L1£07 13910
Qwen3-Coder 32458 381+49 17621 22032 160+ 11 189240374267 440+57 208%25 260+38 189413 224547 264%47 310%40 141+17 176426 128309 151432

Answer to RQ-1: PlayCoder outperforms all baseline methods across LLMs and languages. Play-
Coder also shows clear advantages over other multi-agent baselines. These results demonstrate that
existing prompt-engineering strategies and multi-agent approaches remain limited for GUI appli-
cation generation. The performance differences highlight the necessity of combining dynamic GUI
testing with iterative repair capabilities from visual signals and dynamic interaction.

5.2 RQ-2: How does the efficiency of PlayCoder compare with the baselines?

Objective. This research question evaluates the computational efficiency and resource consump-
tion of PlayCoder compared to baseline methods. Beyond effectiveness, computational efficiency
considers practical deployment of GUI code generation systems. We investigate token consump-
tion, processing time, and cost-effectiveness ratios across different methods and models to assess
the trade-offs between enhancement sophistication and computational overhead.

Experimental Design. We conduct efficiency analysis across representative methods and pure
LLM to ensure statistical reliability. For each method, we measure: (1) Total token consumption
from API calls during code generation, (2) Processing time from task initiation to completion, and
(3) Per-function metrics to normalize for workload differences.

Results. Table 4 presents efficiency metrics across methods and models, revealing significant
trade-offs between enhancement sophistication and computational overhead. GPT-5-mini con-
sumes 128K tokens with 4,267 tokens per function, achieving 4.3% Play@1 and 1.01 Efficiency@1.
The base model shows moderate token consumption with reasonable behavioral validation perfor-
mance. Enhancement methods exhibit varying efficiency characteristics compared to GPT-5-mini.
SCoT increases token usage by 44% (184K vs 128K tokens) but achieves marginal improvement in
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Table 4. Computational efficiency comparison across baselines and PlayCoder (GPT-5-mini as backbone
LLM). Efficiency@k calculated as Play@k divided by tokens per function (x10*). We report mean values over
5 independent runs with 95% confidence intervals calculated using the Student’s t-distribution.

LLMs / Methods ‘ Tokens | ‘ Tokens / Func | ‘ Play@11 ‘ Play@31 ‘ Efficiency @11 ‘ Efficiency @31

GPT-5-mini | 128K+ 7K | 4267 +239 | 43+05 | 5206 | 1..01x013 | 122x016
SCoT 184K + 23K 6135 + 764 48+03 | 6.0+05 0.78 + 0.11 0.98 + 0.15
HCPCoder 373K £ 63K | 12422 + 2105 03+0.0 | 0.3+0.1 0.02 =+ 0.00 0.02 + 0.01
MetaGPT 148K + 12K 4931 + 416 40+07 | 44+06 0.81 + 0.16 0.89 + 0.14
OpenManus 176K + 23K 5869 + 771 53+08 | 58+03 0.90 + 0.19 0.99 + 0.14
DeepCode 252K + 28K 8406 + 939 60+1.0 | 64+1.0 0.72 + 0.15 0.76 + 0.15
PlayCoder 164K + 21K 5480 + 686 83+13 | 9.8+2.1 1.51 + 0.30 1.79 + 0.44

Play@1 (4.8% vs 4.3%), resulting in reduced efficiency (0.98 vs 1.22). HCPCoder presents the most
concerning efficiency profile, consuming 191% more tokens (373K vs 128K) while achieving cat-
astrophically poor behavioral validation (0.3% Play@1), resulting in extremely low Efficiency@1
(0.02), attributed to its poor repository context management. MetaGPT demonstrates moderate
token efficiency with 148K tokens, maintaining 4.0% Play@1 performance with 0.89 efficiency.
OpenManus requires substantial computational resources (176K tokens) but achieves competitive
Play@1 performance (5.3%), resulting in moderate Efficiency@1 of 0.90. DeepCode shows the best
behavioral validation among baselines (6.0% Play@1) but high token consumption (252K tokens)
limits its Efficiency@1 to 0.72. PlayCoder demonstrates the 3rd best cost-effectiveness characteris-
tics among all evaluated agentic methods. The framework consumes 164K tokens for 30 functions,
achieving 5,480 tokens per function with 8.3% Play@1 performance. Our preliminary analysis on
164K tokens (Table 4) indicates that the Testing Phase accounts for ~22% consumption, while the
Generation Phase (coding, iterative patching) accounts for ~78%. PlayCoder delivers significantly
better performance per token consumed compared to all baseline methods.

Answer to RQ-2: PlayCoder demonstrates the 3rd best cost-effectiveness (Token consumption)
among all evaluated methods, achieving the highest Efficiency@k, and Play@k performance. These
results demonstrate that PlayCoder provides acceptable resource utilization and behavioral valida-
tion performance for practical deployment scenarios.

5.3 RQ-3: How do different components and models affect PlayCoder’s effectiveness?

Objective. This research question examines the contribution of each component within the Play-
Coder framework and evaluates its model-agnostic effectiveness across diverse LLM architectures.
We investigate how GUI feedback, APR, and their integration impact performance across Exec@k,
Pass@k, and Play@k. Additionally, we assess whether PlayCoder provides consistent benefits
across different LLMs with varying capabilities, architectural designs, and parameter scales.

Table 5. The performance (%) of PlayCoder under different configurations, 5 runs + 95% Cl (t-distribution).

LLMs | APR GUI Cnmm\ Python | JavaSeript | TypeSeript
Exec@l Exec@3 Pass@l  Pass@3  Play@1l  Play@3 | Exec@l FExec@3 Pass@1  Pass@3  Play@l Play@3 | Fxec@l Exec@3 Pass@l Pass@3  Play@l  Play@3
GPT5mini | v/ V| 20+14 26824 127%11 197421 83%13 98421 265%16 309%28 15013 233%25 9815 11625 | 18711 218£20 102409 15817 66+10 7817
X v v | 155%11 183%23 68404 92%05 49203 7908 17913 27 77+05 135%06 58504 93%00 | 126509 149+19 4803 78:04 39+02 6306
voox v | 205+41 241459 104212 154+10 30204 5310 23647 2 123414 18212 3605 63%12 | 167£33 196448 8310 123£08 24403 4208
X X v | 128+28 143%26 S8+10 70+10 45205 4903 15132 68+12 8312 53+06 58+04 | 110£23 116+21 56+08 36+04 39%02
XX X 126416 143210 54409 71207 42:04 49404 145%138 64+11 84208 50+05 53406 | 10213 116+08 57406 34403 3903
Claude 37 R v [s5+27 4 155506 194%29 139409 17413 | 34131 4 183407 23034 164=11 20615240522 290£36 124405 155223 111207 139+10
x v v s 2 82407 124410 87220 97+07 |229%27 97408 147412 8324 115208 | 161219 175425 8606 99408 69%16 7806
voox v | 1%56 341%41 130223 16541 53207 6909 | 3765 154527 195548 63£08 82+ 11 | 237546 277%33 104+18 132233 42306 55207
XX v |i6ax2s 172222 53405 70207 50£02 59409 | 190%29 = 63£06 83%08 59+02 7011 | 133220 4018 42204 5606 40%02 47207
X X X 124410 13721 58307 9012 4108 76409 | 14312 158%24 6908 10714 49409 9011 [ 101%08 1L1+17 46206 72+10 33306 6107
Qwen3Coder | v/ v (32458 381:49 17621 220232 160:11 18940 37467 440%57 25 26038 189+13 22424726447 310240 1:17 176:26 12809 151:32
x v v | 208430 241435 104209 15116 77216 109220 24035 SELI 178419 91419 146%24 | 169424 196+28 B83%07 121%13 6213 98%16
voox v/ | 313+53 342+30 97+25 148408 75:10 93+30 36261 3 29 17509 8912 105+35 | 255:43 27824 78+20 118+06 60+08 71x24
XX v | 180+42 209452 91421 14430 49206 5909 208449 108+25 17035 5807 70%Ll | 147534 17042 7317 115224 39405 4707
X x X | 14911 195%14 5609 73x04 50208 6506 172413 225516 66411 102405 59409 77407 | 121409 15811 45507 5003  40%06  52%05
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Experimental Design. We conduct ablation studies across two dimensions: component analy-
sis and model robustness evaluation. We evaluate configurations removing the APR (PlayCoder-
no-APR), the GUI feedback (PlayCoder-no-gui), both agents (PlayCoder-no-apr-no-gui), the Con-
textSearchTool (PlayCoder-no-context), and all agentic components (PlayCoder-no-agent).
Results. Tables 6 and 5 present cross-language performance across Python, JavaScript, and Type-
Script. JavaScript consistently outperforms Python, with leading models achieving 44.0% Exec@3
(Qwen3-Coder) and 44.5% Exec@3 (Claude-Sonnet-4) compared to 38.1% and 36.8% respectively in
Python. TypeScript exhibits systematic degradation, with Qwen3-Coder reaching 31.0% Exec@3
and Claude-Sonnet-4 achieving 30.1% Exec@3, approximately 20% lower than Python baselines.
These cross-language patterns remain stable across model tiers: intermediate models (GPT-5, GPT-
40, GPT-5-mini) demonstrate 14-16% JavaScript improvements and 15-25% TypeScript reductions,
while smaller models (GPT-40-mini, Grok-3-mini) maintain similar relative performance gaps. Ab-
lation studies in Table 5 reveal consistent component criticality across languages. For GPT-5-mini,
APR removal causes 8.5pp Exec@3 degradation in Python (26.8% to 18.3%), 9.8pp in JavaScript
(30.9% to 21.1%), and 6.9pp in TypeScript (21.8% to 14.9%). GUI feedback elimination reduces Play@3
by 4.5pp in Python, 4.7pp in JavaScript, and 4.2pp in TypeScript, confirming its universal impor-
tance for behavioral validation. Higher-capability models exhibit amplified degradation: Claude-
Sonnet-3.7 loses 14.1pp Python Exec@3 without APR, with proportional losses across JavaScript
(16.4pp) and TypeScript (11.5pp). Complete component removal (no APR, GUI feedback, context)
causes catastrophic performance collapse, validating the synergistic architecture of PlayCoder.

Table 6. Performance (%) of PlayCoder across different LLMs, 5 runs + 95% ClI (t-distribution).

Python | JavaSeript | TypeScript
Exec@1 Exec@3 Pass@1 Pass@3 Play@1 Play@3 Exec@1 Exec@3 Pass@1 Pass@3 Play@1 Play@3 Exec@1 Exec@3 Pass@1 Pass@3 Play@1 Play@3

Qwen3-Coder 324£58 38.1+49 176%21 220£32 160x11 189+40 |37.4%67 440£57 20825 260£38 189+13 22447 26447 31040 14117 17626 128%09 15132
254+59 295+40 14525 19110 109+07 124%18 | 29059 337+40 165+25 218+10 124+07 142+18 | 19646 228+31 112+19 14808 8405 96+14
1

LLMs I

304+15 36871
295427 35644
236+32 20128 +03 182+16 94+08 136+28 | 275%37 315+£33 164204 212+19 109+09 15833 | 178224 204%21 106+02 13712 71406 102+21
230414 268424 12711 197+21 83+13 98+21 |261%16 304428 14413 223+25 94206 1L1+25|184=11 215+19 102409 15817 66+04 78=17
218425 248+34 80+14 119%17 76+10 96409 | 241429 274440 88+16 131420 84+12 106+11 | 168+19 191+26 62+11 92+13 59408 74%07
192414 233420 98+05 145£37 75408 99411 | 23016 279+24 117406 17444 90+10 119413 | 154411 187416 79+04 117£30 60+06 80+09
@ ini 155420 190%11 7808 110£16 51+05 78+06 | 176£23 215+13 B88+09 125+18 58+06 8807 |125£16 154409 63£06 8913 41£04 63£05
Grok-3-mini 135+14 160+28 4806 78%12 47+06 6306 | 16517 195+34 5907 95+15 57+07 7707 | 10111 120+21 3605 59£09 15+05 47+05

229+21 17118 203+25|368+18 44536 21.8=18 27.7+25 20722 246+3.0|249+12 30158 147=12 187+17 140+15 166=2.0
19429 139+09 174413 | 364+33 43953 191+£07 239+35 17211 215+16 | 224%20 27.0+33 118205 147+22 105+07 132%10

Answer to RQ-3: The ablation study reveals that both APR and GUI feedback make essential contri-
butions to PlayCoder’s effectiveness. The model robustness evaluation demonstrates that PlayCoder
provides consistent improvements across diverse LLM architectures.

5.4 Case Study

To demonstrate practical capabilities, we present a case study examining its multi-modal reasoning
and adaptive testing strategies on a representative 2048 game implementation. This case study
qualitatively showcases PlayCoder’s advanced capacity for deep, context-aware reasoning and its
ability to transform complex visual game states into structured testing protocols while maintaining
strategic gameplay coherence. As shown in Figure 5, the scenario involves PlayCoder analyzing
an early-game 2048 state. The case study demonstrates three aspects of PlayCoder’s operation:
Multi-Phase Reasoning Architecture. PlayCoder employs a three-phase reasoning process that
integrates testing objectives with gameplay optimization. First, the VisualObserver component
captures and analyzes the current game state, identifying tile positions (r3c1=2, r3c4=2, r4c4=4)
and recognizing the sparse early-game configuration. Second, the system constructs a testing pro-
tocol encompassing functional validation (merge algorithms, score computation, random tile gen-
eration), performance assessment (UI responsiveness), and boundary condition testing (invalid
moves, termination detection). Third, PlayCoder synthesizes these analyses to select actions that
simultaneously advance strategic gameplay while maximizing test coverage.
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1. State Analysis: 4x4 grid has three tiles
at r3cl=2, r3c4=2, rdc4=4. Early-game state
with sparse distribution enables corner
strategy implementation.

2. Testing Coverage: VisualObserver identifies

Test Manager 9‘,
Game information: #{current_state}#

Please create a test strategy that includes

## Test Objectives

1. Primary Objective

2. Success Criteria

UI components (tiles, empty cells, score).
UniversalActionExecutor validates four-
directional swipes and merge logic.

3. Verification Protocols: Test

(a) tile merging algorithms, (b) random tile
generation (2/4 distribution), (c) score
calculation, (d) termination conditions.

|
i
i
i
i
i
i
i
2. Functionality Tests i
i
i
i
i
! | 4. strategy: Rightward movement (+) merges
i
i
i
i
i
i
i
i
i
i
i
i
i
i

3. UI Tests
Output #{test_objective}#

@ Test Strategy Formulation

r3cl and r3c4 tiles (2+42=4) at ric4,
preserving raca=4. Right colunn becomes
[+,+,4,4], enabling downward consolidation

).

Visual Observer ~ Action Executor 9'

Basic info #{current_state}#
1. Type #{test_objective}#

2. state/screen #{available_actions}

Main UI elements (each: type,

position, ## Output format

size, color, text, purpose) Return in this exact format:

Core mechanics Thought: [your reasoning and decision basis]
- Primary feature Action: [specific action command]

- Controls (input) Use one of these action formats:

- User objective - click(point="<point>x y</point>')
Interactive areas 5

output #{current_state}#

5. Exception Handling: Monitor invalid moves,
UI responsiveness, computational accuracy, and
system freezes.

</ think

Action: press(key=" > ')
¢/result)

@ GUI Analysis @ Action Decision \ @ Action Process

Fig. 5. Case study of PlayCoder testing a 2048 game.

Adaptive Test Strategy Generation. Unlike static testing approaches that rely on predefined test
sequences, PlayCoder dynamically generates testing strategies based on real-time visual analysis.
In the depicted scenario, the system recognizes that a rightward swipe (—) operation serves dual
objectives: (1) implementing corner strategy optimization by merging the two 2-tiles into a 4-tile
at position r3c4, and (2) validating critical game mechanics including swipe responsiveness, tile
merger algorithms, and score calculation accuracy. This approach ensures comprehensive func-
tionality validation while maintaining viable gameplay progression, addressing a key limitation of
conventional GUI testing frameworks.

Exception-Aware Validation Protocol. The case study highlights PlayCoder’s proactive ap-
proach to anomaly detection and edge case handling. The system explicitly considers failure sce-
narios including invalid move detection, Ul freezing, computational accuracy errors, and improper
termination conditions. This comprehensive exception handling demonstrates the framework’s
ability to identify behavioral failures that would be missed by compilation-based testing or unit test
approaches, directly addressing the semantic correctness gaps identified in existing benchmarks.
The presented case study exemplifies how PlayCoder transcends traditional testing limitations by
integrating strategic reasoning with systematic validation. The system’s ability to process visual
information, generate structured testing protocols, and execute dual-objective actions (gameplay
optimization + functionality validation) represents a significant advancement in automated GUI
testing for interactive applications. This approach provides a robust foundation for detecting and
repairing the silent logic flaws that characterize GUI application failures, thereby establishing be-
havioral correctness as a fundamental requirement for reliable code generation.

Success Case (2048). MetaGPT generated a version where the tile font color was white on a white
background, making numbers invisible. Standard unit tests passed, but the game was unplayable.
PlayTester detected a lack of visible changes and fixed the rendering code.

Failed Case. In scenarios requiring high-frequency feedback (e.g., a bug appearing only when
running at > 60 FPS) or long-duration survival (e.g., a crash occurring only after 2 minutes of
gameplay in Flappy Bird), all baseline methods, including PlayCoder, failed. This failure mode is
observed in 4 out of the 43 projects in PlayEval (roughly 9%), concentrated in fast-paced arcade
games (Flappy Bird, Snake) and real-time physics simulations. We regard this as a limitation of
behavioral testing under discrete polling, compounded by GPU compute bottlenecks that keep
end-to-end inference latency from meeting the tight timing budgets of these scenarios; we leave
higher-frequency visual sampling and lower-latency inference to future work.
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6 Related Work
6.1 Code Generation with LLMs

Advances in pre-training have substantially improved neural code generation for both academia
and industry [18, 35, 49, 56]. This progress has produced a rich family of large language models
with strong coding ability [4, 12, 50, 55, 65, 66, 73, 75, 84], and subsequent work continues to
scale model quality while also synthesizing the landscape through surveys [13, 30, 40, 63, 64].
Overall, the field has moved from comparatively shallow token prediction toward models that
better capture complex structure and cross-file dependencies.

To adapt LLMs to diverse generation settings, a large body of work studies prompt engineer-
ing and introduces reusable interaction patterns, including Structured Chain-of-Thought [31, 74],
Self-planning [25], Self-debug [11, 66], and Self-collaboration [16, 73]. Beyond generic prompting,
repository-level methods make generation sensitive to project context: A3-CodGen [39] explic-
itly models local, global, and third-party library usage to support code reuse, while Shrivastava et
al. [57] develop repository-aware prompt construction strategies. Most relevant to long-horizon
completion, Hierarchical Context Pruning (HCP) [80] assembles prompts that respect topological
dependency order and prune non-essential global and implementation detail, improving Cross-
CodeEval accuracy on five of six repository-trained code LLMs while increasing throughput. SolE-
val [52] introduces the first repository-level benchmark for Solidity code generation. PrefGen [53]
builds on SolEval within a preference-driven training and evaluation framework, fine-tuning LLMs
with supervised fine-tuning (SFT) and direct preference optimization (DPO) for repository-level
Solidity generation. Parallel to these modeling ideas, agentic code generation frameworks decom-
pose software work into coordinated procedures. MetaGPT [22] simulates a software organization
via specialized roles; OpenManus [38] tackles complex tasks with a multi-agent execution stack;
DeepCode [29] focuses on reliable automation for common development routines.

Beyond agents, recent benchmarks increasingly emphasize pragmatic coding competence [10,
21, 54]. LiveCodeBench [24] reduces evaluation leakage by continuously refreshing problem sets.
CoderEval [76] foregrounds realistic coding scenarios, and Evocodebench [32] stresses generation
inside practical software projects. ClassEval [17] shifts attention from isolated functions to class-
level synthesis. Finally, SWE-Bench [26] measures GitHub issue resolution and has catalyzed a
wave of follow-on studies on practical software engineering tasks [1, 2, 19, 20, 34, 60, 67, 71, 78, 79].
However, these benchmarks largely omit behavioral correctness for generated GUI applications.
Moreover, mainstream generation stacks still emphasize compile- and test-oriented functional sig-
nals rather than grounding iteration in visual, interactive execution feedback.

6.2 GUI Interaction Understanding, Testing, and Generation

Traditional GUI automation relies on rule-based exploration. Random fuzzers such as Android
Monkey exercise apps with pseudo-random inputs but lack systematic coverage and semantic
checks [3]. Model- and search-based testing improves exploration: Dynodroid adds system aware-
ness to input generation [44]; Sapienz jointly optimizes coverage, fault detection, and test suite
size with multi-objective search [47]; Stoat learns stochastic state models for event sequences [58].
Earlier frameworks also compile event-flow graphs and widget hierarchies into scalable tests and
oracles [48]. Collectively, these methods emphasize structural models and coverage more than val-
idating semantic GUI behavior against natural-language intent. On the other hand, learning-based
methods broaden GUI understanding and downstream automation. UIED [68] hybridizes CV and
ML for cross-platform element detection; Screen Recognition [82] infers accessibility metadata
from pixels; Owl Eyes [43] flags display defects visually. Deep GUI [72], ResPlay [81], and Baral
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et al. [5] turn strong perception into black-box inputs, cross-platform record-and-replay, and mo-
bile test oracles, respectively. Mansur et al. [46] further target UX risks via dark-pattern detection.
Rico [14] supplies large-scale layouts for data-driven modeling; ScreenAl [8] improves widget
recognition, captioning, and instruction following on screens. WebArena and Mind2Web [15, 85]
benchmark multi-step web interaction. These resources support screen understanding and action
planning, but not repository-aware synthesis and repair of full GUI application code. On GUI gen-
eration and testing, pix2code and web2code [6, 77] translate designs into code; Seq2Act [36] maps
language to UI action traces; GPTDroid [42] and Humanoid [37] drive mobile exploration with
LLMs or deep policies. Such systems mainly yield layouts, scripts, or action loops with limited
guarantees on end-to-end runtime logic, a gap also reflected in benchmarks for automated GUI
testing [5, 9]. Unlike coverage- or crash-oriented testers [44, 47, 58] and agents scored on com-
pleting tasks over existing GUIs [8, 15, 85], our approach feeds dynamic execution feedback into
the code generation loop to detect and repair logic errors (e.g., rule violations in GUI games) that
compile- and run-based checks fail to capture.

7 Threats to Validity

External Threats. PlayCoder’s effectiveness is inherently constrained by the capabilities of under-
lying vision-language models. Current VLMs exhibit limitations in recognizing fine-grained GUI
elements and interpreting complex visual semantics, which directly translate to constraints in our
testing and validation capabilities. This threat will be mitigated by the evolution vision-language
models in the future. Furthermore, the probabilistic nature of LLMs introduces inherent instability
in complex contexts, causing response variations even if the temperature is set to zero. We mitigate
this by conducting all experiments with 5 repetitions to ensure stable and reliable results.
Internal Threats. GUI-based behavioral testing relies on screenshot-based analysis, unable to
capture every critical frame in dynamic applications (e.g., FPS games), potentially missing bug
detection opportunities in unfavorable timing scenarios. Furthermore, the context retrieval mech-
anisms may face scalability challenges in large, complex repositories with extensive dependencies.
The benchmark scenarios and number of applications evaluated may be limited in scope. We ad-
dress this limitation by selecting applications that span multiple domains and platforms.

8 Conclusion

This paper addresses limitations in evaluating and generating GUI application code. We identify
that existing benchmarks fail to capture behavioral correctness in interactive applications, where
syntactically correct code can exhibit catastrophic logic flaws that traditional unit tests miss. We in-
troduce PlayCoder, a novel multi-agent framework that integrates automated GUI testing with iter-
ative program repair. Our approach employs PlayTester to simulate user interactions and detect be-
havioral deviations, paired with PlayRefiner that autonomously debugs and refines the generated
code. Through systematic evaluation on diverse multilingual (Python, TypeScript, and JavaScript)
GUI applications, we demonstrated that this collaborative framework significantly outperforms
baseline methods, achieving higher rates of functional correctness and semantic alignment. Our
work highlights the importance of runtime verification in complex code generation tasks and es-
tablishes a new paradigm for ensuring behavioral fidelity in interactive applications.

9 Data Availability

The replication package of this paper (including prompts, code, and datasets) is publicly available
at https://github.com/Tencent/PlayCoder.
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