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Abstract001

Automatically generating 3D games in com-002
mercial game engines remains a non-trivial003
challenge, as it involves complex engine-004
related workflows for generating assets such005
as scenes, blueprints, and code. To address006
this challenge, we propose a novel multi-agent007
system, AutoUE, which coordinates multiple008
agents to end-to-end generate 3D games, cover-009
ing model retrieval, scene generation, gameplay010
and interaction code synthesis, and automated011
game testing for evaluation. In order to mitigate012
tool-use hallucinations in LLMs, we introduce013
a retrieval-augmented generation mechanism014
that grounds agents with relevant UE tool docu-015
mentation. Additionally, we incorporate game016
design patterns and engine constraints into the017
code generation process to ensure the genera-018
tion of correct and robust code. Furthermore,019
we design an automated play-testing pipeline020
that generates and executes runtime test com-021
mands, enabling systematic evaluation of dy-022
namic behaviors. Finally, we construct a game023
generation dataset and conduct a series of ex-024
periments that demonstrate AutoUE’s ability025
to generate 3D games end-to-end, and validate026
the effectiveness of these designs.1027

1 Introduction028

Digital games, as one of the most influential forms029

of interactive media, play an essential role in enter-030

tainment and simulation (Martins de Freitas Cintra031

et al., 2025; Park et al., 2023). Due to the need to032

design complex visual environments and system033

logic, the game creation remains a highly creative034

yet labor-intensive process.035

Recent advances in Large Language Models036

(LLMs) (Guo et al., 2025) and generative mod-037

els (Ho et al., 2020) have motivated studies on038

automated game generation from natural language039

descriptions (Che et al., 2025; Valevski et al., 2025;040

1The code will be open-sourced after the official publica-
tion.

Scene

Environment, Object,
Character, Light

Examples

• Snowy campsite,
• Tent at the center, 
• Campfire in front of tent, 
• Supply bag beside tent,
• Player character,
• Daytime

Target, Player ability,
Interaction logic

Examples

• Secure the campsite,
• Move around campsite,
• Interact with campfire, 
• Inspect supply bag

Gameplay

Figure 1: An example of game scene and gameplay.

Dai et al., 2024), aiming to reduce development bar- 041

riers. A promising direction is to integrate LLMs 042

with game engines to generate in-engine assets 043

(Maleki and Zhao, 2024; Buongiorno et al., 2024), 044

which offers better controllability, editability, and 045

practical value for game development. 046

Despite these advances, automatically generat- 047

ing 3D games in game engines remains a non-trivial 048

challenge (Earle et al., 2025). Compared with 2D 049

or simple game settings (Todd et al., 2024; Hu 050

et al., 2024; Sudhakaran et al., 2023), 3D games 051

require more complex spatial layouts, gameplay 052

behaviors, and coordination across multiple sub- 053

systems. Recent works have integrated LLMs with 054

commercial engines such as Unreal Engine (UE) 055

and Unity to generate 3D scenes (SongTang et al., 056

2025), gameplay logic (Wayama et al., 2022), and 057

engine code (Yang et al., 2025). However, most 058

of these efforts focus on isolated individual com- 059

ponents, making it difficult to generate a complete, 060

playable 3D game end-to-end. 061

To address these challenges, we propose 062

AutoUE, a novel multi-agent system that coordi- 063

nates agents for model retrieval, scene generation, 064

gameplay code, interactive object, and automated 065

play-testing to produce complete 3D games in UE. 066

Specifically, the model retrieval agent builds an 067

embedding database over 858K 3D models, en- 068

abling efficient semantic retrieval of relevant model 069

assets. Based on the retrieved models, the scene 070
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generation agent uses UE’s built-in tool Procedu-071

ral Content Generation (PCG) to generate a visu-072

ally editable layout graph that produces a coher-073

ent 3D scene. Then, the gameplay code agent fol-074

lows common game-development design patterns075

and respects engine-specific constraints to generate076

modular gameplay C++ code. Building on these077

modules, the interactive object agent derives ob-078

ject interaction flows and implements the corre-079

sponding C++ code, enabling in-scene entities to080

provide player interactions consistent with the de-081

scription. Finally, the automated play-testing agent082

automatically generates and executes runtime test083

commands to evaluate the scene and gameplay be-084

haviors. These agents communicate via structured085

specifications to convey contextual information and086

ensure consistency across the system.087

Our system has the following innovations:088

(1) Compared to other engines, UE provides089

comprehensive built-in tools for efficient game de-090

velopment. To mitigate tool-use hallucinations by091

LLMs, we propose a retrieval-augmented genera-092

tion (RAG) based mechanism that retrieves relevant093

information from tool documents and provides the094

agent with accurate usage instructions.095

(2) Existing methods often overlook design pat-096

terns in game development, resulting in uncon-097

strained code that is difficult to maintain and extend.098

To address this limitation, we generate functional099

gameplay module code and design a module man-100

agement framework based on common practices.101

This enables the system to produce reusable and102

composable gameplay code, which can be invoked103

by interactive objects in a controlled manner.104

(3) Prior work evaluates generated assets via hu-105

man inspection or static checks. However, a com-106

plete game is defined by dynamic gameplay and107

interaction behaviors, making objective evaluation108

without human effort challenging. We introduce an109

automated play-testing pipeline that generates test110

commands and implements a Model Context Pro-111

tocol (MCP) to execute them at runtime, enabling112

automated and systematic evaluation.113

Finally, we construct a dataset of 20 game-114

generation tasks and demonstrate that our method115

produces higher-quality 3D scenes than existing ap-116

proaches. Meanwhile, we design multiple metrics117

that evaluate dynamic gameplay behaviors based118

on the generated gameplay and interaction code as119

well as runtime logs, providing a benchmark for120

end-to-end 3D game generation in game engines.121

Overall, our contributions are summarized as:122

• We present a practical end-to-end multi-agent 123

system for generating 3D games in UE. The 124

system collaboratively constructs a coherent 3D 125

scene, synthesizes robust gameplay and interac- 126

tion code, and performs automated play-testing. 127

• We design a RAG mechanism that provides 128

agents with tool-usage guidance, thereby reduc- 129

ing hallucinations for LLMs. During code gener- 130

ation, we incorporate game design patterns and 131

engine constraints to improve the maintainability 132

and extensibility of the generated code. 133

• We construct a game-generation dataset and es- 134

tablish an automated play-testing pipeline, pro- 135

viding a benchmark for 3D game generation. It 136

offers a solid foundation for multi-agent game 137

generation, and the overall system provides an 138

extensible infrastructure for future work. 139

2 Related Work 140

Existing research on applying agents to games can 141

be divided into two types: 142

2.1 LLMs as Game Playing Agents 143

One line of work treats LLMs as game playing 144

agents and uses games as testbeds to improve 145

the agents’s ability to process complex observa- 146

tions. Early studies primarily focus on text-based 147

games: Hausknecht et al. (2020) proposes an eval- 148

uation framework for interactive fiction and adopts 149

a template-based action space to reduce complex- 150

ity. Recent studies have further applied LLMs to 151

open-world 3D games. DEPS (Wang et al., 2023) 152

conditions planning on environment feedback and 153

sub-goal selection to robustly complete diverse 154

Minecraft tasks. Voyager (Wang et al., 2024) com- 155

bines an expanding skill library with a feedback- 156

driven iterative loop to achieve open-ended explo- 157

ration in Minecraft. In addition, recent work has 158

also explored agents in a wide range of game gen- 159

res, including competitive (Wang et al., 2025) and 160

action (Chen et al., 2024) games. The latest ad- 161

vances (Tan et al., 2025) train foundation models 162

on large-scale gameplay data, enabling generaliza- 163

tion to unseen games. 164

2.2 LLMs as Game Generation Agents 165

Another line of work uses LLMs to generate game 166

content, including text/video-based and engine- 167

integrated game generation. The former gener- 168

ates game experiences in the form of text narra- 169

tives (Côté et al., 2018), scripted interactions (Sun 170

et al., 2023), or video-like content (Bruce et al., 171

2



The game takes place at 
a small checkpoint at the 
entrance of a forest. 
A wooden gate blocks 
the path forward. 
The player’s objective is 
to enter the forest…

Game Description 𝒙

Scene Desc 𝑫𝒆𝒔𝒄𝑺

A small checkpoint 
located at the 
entrance of a forest, 
featuring a wooden 
gate blocking the 
path forward, a 
signpost placed 
nearby displaying 
information, and a 
GuardNPC standing 
beside the gate…

𝓓
𝒆

𝒄
𝒐

𝒎
𝒑

𝒐
𝒔

𝐞

The player can move 
around the checkpoint 
area, interact with the 
signpost to read area 
information, and open 
the wooden gate to 
proceed into the 
forest…

Gameplay Desc 𝑫𝒆𝒔𝒄𝑮

Model Retrieval Agent

Category
Name

Desc
Placement
Guidance

𝓖𝒆𝒏𝒆𝒓𝒂𝒕𝒆𝑶𝒃𝒋

Generate 
Scene 

Objects

List of  Object Attributes 𝐋𝐢𝐬𝐭[𝑨𝒕𝒕𝒓𝒔𝑶𝒃𝒋]

858K Model
Embedding
Database

Pre-Filtering

Text
Encoder

𝐞஽௘௦௖ಾభ

𝐞஽௘௦௖ಾ೘

…

𝐞஽௘௦௖೚್ೕ

Top-k Sim 
Models’
Desc and 

Score
𝐋𝐢𝐬𝐭 𝑴

Re-Rank

Top-1 Model as Object Asset

Cosine

Similarity

PCG Graph Planning

Sample

GetLand

Transform

Select 
Random

Bounds

Pruning

Difference

Collapse Spawn

Node Chains
𝐋𝐢𝐬𝐭 𝑵𝒐𝒅𝒆(𝒙,𝒚)

𝓟𝒍𝒂𝒏𝑵𝒐𝒅𝒆

Small Objects Pattern

Large Objects
Pattern

Extend Node

List of 𝑵𝒐𝒅𝒆 𝒙,𝒚  

Params and Conns

𝐋𝐢𝐬𝐭 𝑨𝒕𝒕𝒓𝒔𝑵𝒐𝒅𝒆 𝒙,𝒚

𝓖𝒆𝒏𝒆𝒓𝒂𝒕𝒆𝑵𝒐𝒅𝒆

𝐞஼భ…
𝐞஼೙

Document Corpus

𝐞ே௢ௗ௘

Top-c Sim 
Chunks
𝐋𝐢𝐬𝐭 𝑪

RAG

RAG-based Node Specification

MCP

Scene Generation Agent

𝑫𝒆𝒔𝒄𝑮 𝓟𝒍𝒂𝒏𝑪𝒐𝒅𝒆

𝓢𝒐𝒓𝒕𝑴

Topological Sort

• Design purpose,
• Dependent modules,
• Code templates,
• Engine constraints

Dependencies

Management 
Framework

UE C++

Implement

𝐋𝐢𝐬𝐭[𝑨𝒕𝒕𝒓𝒔𝑴]

Module
Attributes

𝓟𝒍𝒂𝒏𝑰𝒏𝒕

𝐋𝐢𝐬𝐭[𝑨𝒕𝒕𝒓𝒔𝑶𝒃𝒋]

𝐋𝐢𝐬𝐭[𝑨𝒕𝒕𝒓𝒔𝑰𝒏𝒕 ]

Interaction Attributes

𝓖𝒆𝒏𝒆𝒓𝒂𝒕𝒆𝑰𝒏𝒕
• Interaction description,
• Module dependencies,
• Interaction flow,
• External systems

𝐋𝐢𝐬𝐭[𝑪𝒐𝒅𝒆𝑴 ]
𝑪𝒐𝒅𝒆𝑰𝒏𝒕 

Interactive Object C++

𝓖𝒆𝒏𝒆𝒓𝒂𝒕𝒆𝑪𝒐𝒅𝒆

𝒇𝒐𝒓 𝑴𝒊

𝒇𝒐𝒓 𝑴𝒊

𝑪𝒐𝒅𝒆𝑴𝒊  

𝑫𝒆𝒑𝒔𝑴𝒊  Gameplay Code Agent

Interactive Object Agent

𝑫𝒆𝒔𝒄𝑺

𝑫𝒆𝒔𝒄𝑮

𝐋𝐢𝐬𝐭[𝑪𝒐𝒅𝒆𝑴 ]

𝐋𝐢𝐬𝐭[𝑪𝒐𝒅𝒆𝑰𝒏𝒕 ]

𝓖𝒆𝒏𝒆𝒓𝒂𝒕𝒆𝑻𝒆𝒔𝒕 𝐋𝐢𝐬𝐭[𝑪𝒎𝒅 ]

UE Runtime Environment

Open

𝐋𝐢𝐬𝐭[𝑪𝒐𝒅𝒆𝑴 ]
𝐋𝐢𝐬𝐭[𝑪𝒐𝒅𝒆𝑰𝒏𝒕 ]

Evaluation of 
Game G Automated Play-testing Agent

Perform
CmdMCP

Figure 2: The overall framework of our proposed multi-agent system AutoUE. Blue arrows indicate the workflow.

2024). Such games are easier to synthesize end-172

to-end, but they lack free-form spatial interactions173

and developer-editable content. Therefore, recent174

studies couple LLMs with game engines to gener-175

ate in-engine assets for modern game development.176

Sketch2Scene (Xu et al., 2024) uses diffusion mod-177

els to turn user sketches into isometric 2D scene178

guides, and feeds guides into procedural genera-179

tion to build 3D game scenes. 3Dify (Hayashi180

et al., 2025) uses RAG and MCP to invoke tools181

like Blender, Unity, and UE to create 3D scenes182

with iterative user feedback. UnrealLLM (Song-183

Tang et al., 2025) achieves automated high-quality184

3D scene generation in UE by leveraging multi-185

modal asset retrieval and PCG powered by expert186

knowledge. Hassan (2025) parse game design doc-187

uments and fine-tune LLMs to generate modular,188

compilable, and design-consistent Unity C# game189

template prototypes. UniGen (Yang et al., 2025)190

builds a multi-agent framework to generate Unity191

C# code, attach the code to components, and sup-192

port iterative debugging. These studies focus on a193

single stage of the pipeline in isolation. Due to the194

tightly coupled nature of game engine workflows,195

these components are often not trivially compos-196

able. DreamGarden (Earle et al., 2025) takes a step197

toward end-to-end generation by using hierarchical198

planning and iteratively construct a game prototype199

in UE. Nevertheless, its generated results remain200

limited in overall quality and lack robustness when201

facing complex requirements, highlighting the need202

for a more reliable, workflow-aligned system for 203

complete 3D game generation in game engines. 204

3 Methodology 205

3.1 System Overview 206

Figure 2 illustrates our multi-agent system, which 207

consists of five LLMs agents: (1) Model Retrieval 208

Agent, (2) Scene Generation Agent, (3) Gameplay 209

Code Agent, (4) Interactive Object Agent, and (5) 210

Automated Play-testing Agent. 211

We adopt the model context protocol as a stan- 212

dardized interface between our agents and UE. 213

When an agent produces structured specifications 214

that need to be integrated into UE, it invokes the 215

engine tools or code exposed via our MCP imple- 216

mentation to import the outputs into the project 217

and execute the corresponding application work- 218

flow. As MCP primarily serves as an engineering 219

integration layer, we do not further elaborate on its 220

implementation details in the following sections. 221

3.2 Problem Formulation 222

Given a game description x, our goal is to construct 223

a complete UE game G that consists of a coherent 224

3D scene, executable gameplay code, interactive 225

object logic, and automated testing instructions. 226

Since x often interleaves scene content with 227

gameplay intent, it blurs the line between what 228

should be built and what should happen, poten- 229

tially confusing downstream agents. Therefore, we 230

first decompose x into a scene description DescS 231
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and a gameplay description DescG:232

DescS , DescG = Decompose(x), (1)233

where DescS defines the scene context and key ob-234

jects, while DescG defines the gameplay mechan-235

ics and player interactions; and Decompose de-236

notes the prompt used to query LLMs. The prompt237

details are provided in Appendix Figure 7.238

3.3 Model Retrieval Agent239

As the fundamental entities in the game world,240

scene objects are not only crucial for the visual241

presentation, but also provide the essential basis242

for interaction modeling. Based on DescS , we243

construct a list of key scene object along with their244

associated attributes, represented as:245

List[AttrsObj ] = GenerateObj(DescS), (2)246

where the object attributes AttrsObj contain name,247

category, description, and spatial placement guid-248

ance; and the prompt details of GenerateObj are249

provided in Appendix Figure 8.250

The AttrsObj are then used in our retrieval251

pipeline, which is built on TexVerse (Zhang et al.,252

2025), a repository with over 858K text-described253

3D models from Sketchfab. To efficiently retrieve254

relevant models, we use a text encoder to create an255

embedding database from the model descriptions.256

Due to the large number of models, we first ap-257

ply a pre-filtering process using Sketchfab’s 18258

categories to narrow down the search according to259

the category in AttrsObj . Next, we calculate the260

cosine similarity between the encoded object de-261

scription in AttrsObj and the embedding of filtered262

models to retrieve the top-k models, formulated as:263

List[M ] = Sort
([

Sim(eDescObj
, eDescMi

)
]m
i=1

)
[: k], (3)264

where List[M ] is the list of model description and265

similarity score of the top-k retrieved models, Sort266

denotes the function that sorts values in descending267

order, Sim denotes the cosine similarity function,268

eDescObj
and eDescMi

are the embeddings of the269

object description and the i-th model description,270

and m is the number of models after pre-filtering.271

Then, we use LLMs to re-rank List[M ] based on272

AttrsObj . The top-1 model after reranking is used273

as the retrieved 3D model for the object.274

3.4 Scene Generation Agent275

After retrieving high-quality 3D object models, we276

stably build a coherent UE scene based on these as-277

sets. Instead of generating hard-coded coordinates,278

we leverage PCG to synthesize the scene layout. 279

PCG represents scene construction as a visually 280

configurable graph, connecting modular nodes that 281

support functions such as surface sampling, point 282

transformation, and bounds modification. These 283

nodes make PCG a natural fit for DescS , as they 284

fulfill most of the abstract placement intentions and 285

can be extended to meet additional needs. 286

3.4.1 PCG graph planning 287

Based on DescS and List[AttrsObj ], we generate 288

one PCG node chain per scene object. Each chain 289

is described by an ordered list of node types with 290

explicit editor coordinates, denoted as: 291

List[Node(x,y)]=PlanNode(DescS , AttrsObj), (4) 292

where List[Node(x, y)] denotes a PCG node chain, 293

whose each element is a node of type Node located 294

at editor coordinates (x, y), and the prompt details 295

of PlanNode are provided in Appendix Figure 9. 296

In practice, unconstrained PCG graph genera- 297

tion leads to unstable or hard-to-debug procedu- 298

ral behaviors. Therefore, we classify the object 299

placement into two canonical PCG patterns, each 300

capturing a frequent production need: 301

• Large objects (e.g., buildings) require stable sam- 302

pling and spacing. The chain ends with a direct 303

spawn step after pruning and bounds control to 304

avoid overlaps and out-of-bound placements. 305

• Small scatter objects (e.g., trees, rocks) must 306

avoid intersecting major actors. We add exclu- 307

sion nodes to subtract forbidden regions, improv- 308

ing collision avoidance and visual coherence. 309

This design enables production-level stability, pro- 310

vides flexibility through parameters (e.g., density, 311

bounds), and can meet a broader range of require- 312

ments through extended modes. 313

3.4.2 RAG-based node specification 314

The planned list only specifies which nodes ap- 315

pear, but it lacks the parameters and pin connec- 316

tions. To avoid hallucinating these details, we adopt 317

RAG over the full document corpus: we segment 318

all available documents into a unified set of text 319

chunks and retrieve the most relevant chunks for 320

each target node. In practice, source material may 321

include cross-references across documents and sec- 322

tions. A strictly indexing scheme is expensive to 323

maintain, scales poorly with new nodes, and may 324

lead to excessive context during generation. There- 325

fore, we use semantic retrieval to fetch the minimal 326
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guidance needed for each node, represented as:327

List(C) = Sort
(
[Sim(eNode, eCi)]

n
i=1

)
[: c], (5)328

329
AttrsNode=GenerateNode(Node(x,y),List(C)), (6)330

where n is the number of chunks, Ci is the i-331

th chunk, eNode and eCi are the embeddings332

of Node(x,y) and Ci, List(C) is the retrieved333

top-c chunks, AttrsNode are the parameters and334

connections for Node(x,y), and the details of335

GenerateNode are provided in Appendix Fig 10.336

The RAG knowledge enables PCG to generate re-337

liable scenes, while also making it easy to introduce338

new node capabilities by adding document. Finally,339

we develop MCP tools to convert all AttrsNode340

into the UE PCG editor. This approach can also341

be extended to other game development tools, as342

they typically modular in design and provide the343

necessary usage information in documents.344

3.5 Gameplay Code Agent345

To realize executable gameplay logic, we follow a346

planned generation pipeline, where the system first347

analyzes DescG to plan the required functional348

logic modules, and then generates the correspond-349

ing UE C++ implementations, formulated as:350

List[AttrsM ] = PlanCode(DescG), (7)351

352
for Mi ∈ SortM (List[AttrsM ]) : CodeMi =

GenerateCode(DescG,List[AttrsM ], DepsMi),
(8)353

where List[AttrsM ] is the planned list of module354

attributes, Mi is the i-th module, SortM performs355

a topological sort based on the dependencies be-356

tween modules, CodeMi is the C++ implementa-357

tion code of Mi, DepsMi are the generated code358

of modules that Mi depends on, and the details359

of PlanCode and GenerateCode are provided in360

Appendix Figure 11 and Figure 12, respectively.361

Specifically, AttrsM contains the design pur-362

pose, usage, and dependent modules to provide363

more context for code generation. We also provide364

code templates and engine-related constraints (e.g.,365

export/registration macros, include whitelist, log-366

ging, and cross-module access) in GenerateCode367

to improve code generation stability. Additionally,368

following common game development practices,369

we design a generic module management frame-370

work as MCP for the module code. Together, these371

designs ensure that gameplay logic can be reliably372

triggered by in-engine interactions while remaining373

extensible and consistent with UE.374

3.6 Interactive Object Agent 375

The generated modules (e.g., InventoryModule, Di- 376

alogueModule) are invoked within the object inter- 377

action implementation methods to execute concrete 378

gameplay logic (e.g., pickup, dialogue). To imple- 379

ment the interaction, we first infer which modules 380

should be invoked and the specific order in which 381

their methods should be called, represented as: 382

List[AttrsInt] = PlanInt(List[AttrsObj ],List[CodeM ]), (9) 383

where AttrsInt denotes the attributes of the interac- 384

tive object, including interaction description, mod- 385

ule dependencies, interaction flow, and whether 386

external systems such as combat or navigation plu- 387

gins need to be invoked; and the prompt details of 388

PlanInt are provided in Appendix Figure 13. 389

Based on these inferred attributes, we generate 390

the C++ code for each interactive object: 391

CodeInt = GenerateInt(AttrsInt,List[CodeM ]), (10) 392

where CodeInt denotes the generated C++ code 393

for the interactive object, and GenerateInt ensures 394

consistent interaction logic through the module’s 395

context and the interaction flow. The prompt details 396

of GenerateInt are provided in Appendix Fig 14. 397

3.7 Automated Play-testing Agent 398

After generating the interaction code, we have com- 399

pleted the entire UE game construction. However, 400

there are multiple ways to implement DescS and 401

DescG, and evaluating the generated content be- 402

comes a challenge. To address this, we set up an 403

evaluation environment by generating and execut- 404

ing test instructions, denoted as: 405

List[Cmd] = GenerateTest(DescS ,

DescG,List[CodeM ],List[CodeInt]),
(11) 406

where List[Cmd] is the testing commands used 407

to evaluate our game G, and the prompt details of 408

GenerateTest are provided in Appenidx Figure 15. 409

There are two types of testing commands: mov- 410

ing to an object and performing specific interac- 411

tions. We automatically execute these commands 412

in UE runtime environment through MCP. The run- 413

time screenshots, execution logs, List[Node(x,y)], 414

List[CodeM ], List[CodeInt], and middle specifica- 415

tions are used for the final evaluation of our gener- 416

ated game G, providing a thorough evaluation. 417
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Figure 3: Visual comparison with SceneX. The first column shows scenes from SceneX; the second column shows
the corresponding scenes in AutoUE; the third and fourth columns present AutoUE’s interactions within each scene.

4 Experiments418

We evaluate our multi-agent game generation sys-419

tem AutoUE from five perspectives, corresponding420

to the key claims made in previous sections:421

• Q1: Can AutoUE generate complete, playable422

UE games end-to-end, and what is the overall423

quality of the generated games?424

• Q2: Compared with existing scene generation425

baselines, are the scenes generated by AutoUE426

better in terms of aesthetic quality?427

• Q3: What is the impact of RAG-based node spec-428

ification on generating valid PCG graphs.429

• Q4: What is the impact of game design patterns430

on the quality of the generated gameplay code?431

4.1 Experimental Setup432

4.1.1 Dataset433

We construct a benchmark of 20 game generation434

tasks (denoted as PlayGen-20). These tasks cover435

common interactions in game design (e.g., pickup,436

open, dialogue, inspect, and combat). Task details437

are provided in the Appendix Figure 4, 5, and 6.438

To better evaluate AutoUE under different lev-439

els of game design complexity, we further divide440

PlayGen-20 into three difficulty categories based441

on scene complexity and interaction complexity:442

• Easy (5 games). These tasks focus on onboard-443

ing and practicing basic interactions. The designs444

include a single or low-complexity interaction,445

clear feedback with low failure cost. This cat-446

egory is well-suited for evaluating end-to-end447

playability and basic interaction correctness.448

• Medium (7 games). These tasks focus on more449

Score Scene Gameplay Visual Game

Easy 10.0 8.30 7.70 8.72
Medium 9.79 8.29 8.14 8.74

Hard 9.94 8.19 7.50 8.59
All 9.90 8.25 7.78 8.68

Table 1: The game evaluation results on PlayGen-20.

exploration and collection. The designs include 450

multiple interactive objects, and a slower pace 451

that encourages players to interact more broadly 452

with the environment. This category is well- 453

suited for evaluating the ability to organize di- 454

verse interactive objects, enrich scene content, 455

and achieve broader interaction coverage. 456

• Hard (8 games). These tasks introduce explicit 457

progression constraints and stronger interaction 458

dependencies. The designs feature clearer state 459

transitions and tighter coupling between scene 460

objects and gameplay logic. This category is 461

well-suited for evaluating robustness under com- 462

plex interaction flows, including dependency cor- 463

rectness and the reliability of generated code. 464

4.1.2 Settings 465

All experiments are conducted in Unreal Engine 466

5, which is one of the most advanced and broadly 467

adopted game engines. For LLMs, we use Qwen- 468

Plus as the default backbone for generation and 469

evaluation. In Q2, we instead use GPT-4o only for 470

evaluation to align with baslines. 471

4.2 Overall Game Evaluation (Q1) 472

To objectively evaluate the overall quality of UE 473

games generated end-to-end by AutoUE, we adopt 474

an LLMs-as-a-judge evaluation method and care- 475

fully design the evaluation prompt (the prompt de- 476
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Approach GAS

Generative Baselines
DreamFusion (ICLR 23) (Poole et al., 2023) 4.83
Magic3D (CVPR 23) (Lin et al., 2023) 6.39
WonderJ (CVPR 24) (Yu et al., 2024) 7.38

Procedural Baselines
Infinigen (CVPR 23) (Raistrick et al., 2023) 6.61
3D-GPT (3DV 25) (Sun et al., 2025) 6.76
SceneX (AAAI 25) (Zhou et al., 2025) 7.31
UnrealLLM (ACL 25) (SongTang et al., 2025) 7.71

AutoUE 7.8

Table 2: The scene generation evaluation results.

tails are provided in Appendix Figure 16).477

The LLMs score each game along three dimen-478

sions, each on a 1–10 scale: (1) Scene: evalu-479

ates the correctness of PCG based on build logs480

and PCG node chains, (2) Gameplay: evaluates481

whether gameplay and interactive logic work as482

intended, based on gameplay/interaction attributes483

and code, (3) Visual: evaluates the visually coher-484

ence of game with the description, based on scene485

and interaction screenshots. The three dimension486

scores are aggregated into a final Game score using487

weights of 0.35, 0.35, and 0.3, respectively.488

Notably, Scene and Gameplay place strong em-489

phasis on successful build as these two dimensions490

are used to assess whether AutoUE can generate491

complete, playable games end-to-end. In contrast,492

Visual is used to evaluate the quality of games.493

As shown shown in Table 1, AutoUE achieves494

strong performance, indicating that the system can495

stably generate playable UE games end-to-end.496

On the Scene dimension, Hard games score497

higher than Medium games because Hard tasks498

involve more complex PCG graphs, and success-499

fully building these graphs yields higher scores.500

This also indicates that AutoUE can reliably han-501

dle more complex scene generation requirements.502

On the Visual dimension, Easy games lower than503

Medium games due to content constrains limit vi-504

sual richness. Hard games receive the lowest scores505

primarily because deviations in interactions from506

the intended behavior degrade visual quality. This507

demonstrates that the Visual metric is sensitive to508

the quality of the generated games.509

Overall, the Game and Gameplay scores follow510

the expected difficulty trend, suggesting that the511

primary challenge at higher difficulty stems from512

the complexity of gameplay and interaction logic.513

4.3 Scene Generation Evaluation (Q2)514

To further evaluate the quality of scenes generated515

by AutoUE, we follow the evaluation setup of Un-516

Variant Category SNode SParam SPin SPCG

W/o patterns

Easy

71.7 99.6 51.4 4.02
W/o params 100 47.9 100 3.96
W/o conns 100 100 82.1 5.34
AutoUE 100 100 100 8.38

W/o patterns

Medium

82.5 100 70.7 4.71
W/o params 100 53.1 99.7 4.49
W/o conns 100 100 79.4 5.09
AutoUE 100 100 100 8.46

W/o patterns

Hard

82 99.1 65.9 5.29
W/o params 100 61.5 100 5.18
W/o conns 100 100 80.2 4.75
AutoUE 100 100 100 8.40

W/o patterns

All

79.6 99.6 64.0 4.77
W/o params 100 55.2 99.9 4.63
W/o conns 100 100 80.4 5.02
AutoUE 100 100 100 8.42

Table 3: PCG graph evaluation results.

realLLM (SongTang et al., 2025). Specifically, Un- 517

realLLM uses the GPT Aesthetic Score (GAS) to 518

quantify aesthetic quality by assessing factors such 519

as composition, color harmony, lighting, material 520

and texture fidelity, richness of details, overall co- 521

herence, and artistic impact. 522

As shown in Table 2, AutoUE achieves the best 523

GAS of 7.8, outperforming both generative and 524

procedural baselines, which indicates that AutoUE 525

produces scenes with higher-quality aesthetics. 526

Compared with generative baselines, procedural 527

methods exhibit more stable scores, suggesting that 528

procedural tools provide stronger structural priors 529

and controllability, thereby enabling more consis- 530

tent generation of high-quality scenes. However, 531

Infinigen, 3D-GPT, and SceneX synthesize scenes 532

in modeling environments such as Blender, rather 533

than fully leveraging the PCG tool chain within 534

game engines. In contrast, UnrealLLM grounds 535

procedural generation directly in UE PCG graphs 536

and achieves a high GAS of 7.71, which highlights 537

the advantage of engine-native PCG pipelines in 538

organizing scene layout. 539

Although AutoUE shows only a limited improve- 540

ment over UnrealLLM, it is worth noting that GAS 541

is a subjective metric and exhibits a pronounced 542

saturation effect. In our empirical evaluation, we 543

find it very difficult to obtain ratings above 8, which 544

means that scores close to 8 typically indicate that 545

the artistic quality has reached a high level. Further- 546

more, as illustrated in Figure 3, AutoUE produces 547

scenes with richer object composition and more ac- 548

tionable interactive affordances than SceneX, lead- 549

ing to more coherent gameplay-oriented layouts. 550

4.4 PCG Graph Evaluation (Q3) 551

To verify the effectiveness of our defined PCG pat- 552

terns and the RAG-based node specification, we 553
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conduct an ablation study on PlayGen-20. Specifi-554

cally, we design three variants and four metrics:555

• W/o patterns removes two pre-defined PCG556

node chains (Large objects and Small scatter ob-557

jects) and freely constructs the PCG graph.558

• W/o params removes all parameter content of559

PCG nodes from the PCG document corpus.560

• W/o conns removes all pin connection content561

of PCG nodes from the PCG document corpus.562

• SNode: the node creation success rate, whether563

the nodes are defined PCG nodes.564

• SParam: the node’s parameter filling success rate.565

• SPin: the node’s pin connection success rate.566

• SPCG: the LLMs-judged score that measures the567

quality of the PCG graph. It ranges from 1 to 10568

and the prompt is provided in Appendix Fig 17).569

As shown in Table 3, AutoUE achieves 100%570

success rates for node creation, parameter filling,571

pin connection across all difficulties, and obtains572

the highest SPCG of 8.42, indicating robust and573

high-quality PCG graph generation. Meanwhile,574

each variant causes a clear degradation in its cor-575

responding metric. W/o patterns substantially re-576

duces SNode and SPin to 79.6% and 64.0%, sug-577

gesting that the pre-defined patterns provide cru-578

cial structural priors for constructing PCG graphs.579

W/o params keeps the graph structure usable, but580

SParam drops sharply to 55.2%, accompanied by a581

significant decrease in SPCG, demonstrating that582

retrieved parameter semantics are essential for cor-583

rect procedural generation behavior. W/o conns584

mainly affects wiring correctness: SPin decreases585

to 80.4%, and SPCG drops to 5.02, confirming586

that RAG-provided pin-connection knowledge im-587

proves the reliability of PCG graph connections.588

Collectively, these experimental results demon-589

strate the importance of our defined PCG patterns590

and the RAG-based node specification for reliably591

constructing PCG graphs in UE.592

4.5 Gameplay Code Evaluation (Q4)593

To verify the effectiveness of the game develop-594

ment designs in gameplay code generation, we also595

design three variants and four evaluation metrics:596

• W/o dependencies removes module-dependency597

knowledge in PlanCode and GenerateCode.598

• W/o code templates removes the code templates599

in the prompt of GenerateCode.600

• W/o engine constraints removes the engine con-601

straints in the prompt of GenerateCode.602

Variant Category MAS MCS IIS GCS

W/o dependencies

Easy

8.20 0 0 2.46
W/o code templates 8.00 0 0 2.40
W/o engine constraints 8.00 0 0 2.40
AutoUE 8.00 7.50 6.70 7.33

W/o dependencies

Medium

8.21 0 0 2.46
W/o code templates 8.36 0 0 2.51
W/o engine constraints 8.14 0 0 2.44
AutoUE 8.07 7.57 6.79 7.41

W/o dependencies

Hard

8.38 0 0 2.51
W/o code templates 8.19 0 0 2.46
W/o engine constraints 8.13 0 0 2.44
AutoUE 8.06 7.56 6.73 7.38

W/o dependencies

All

8.28 0 0 2.48
W/o code templates 8.20 0 0 2.46
W/o engine constraints 8.10 0 0 2.44
AutoUE 8.05 7.55 6.74 7.38

Table 4: The gameplay code evaluation results.

• MAS (Module Analysis Score): evaluates the 603

quality of the planned module attributes list. 604

• MCS (Module Code Score): evaluates the quality 605

of the generated gameplay module code. 606

• IIS (Interactive Integration Score): evaluates how 607

effectively interactions integrate with the module. 608

• GCS (Gameplay Code Score): evaluates the over- 609

all gameplay code generation quality, computed 610

as 0.3× MAS + 0.3× MCS + 0.4× IIS. 611

These metrics are evaluated by LLMs judges 612

using the prompt in Appendix Figure 18). MAS, 613

MCS, and IIS range from 1–10 when compilation 614

succeeds; otherwise MCS and IIS are set to 0. 615

As shown in Table 4, all three variants consis- 616

tently fail to compile, which leads to a significant 617

drop in GCS. This indicates that removing mod- 618

ule dependencies, code templates, or engine con- 619

straints severely undermines the ability to generate 620

compilable UE gameplay code. Overall, these re- 621

sults verify that our game development designs in 622

gameplay code generation are essential for end-to- 623

end compilable gameplay code generation. 624

5 Conclusion 625

In this work, we present a novel multi-agent sys- 626

tem, AutoUE, for the automated generation of com- 627

plete 3D games in UE. By leveraging RAG, game 628

design patterns, and engine-specific constraints, 629

AutoUE effectively coordinates agents to generate 630

coherent scenes, robust gameplay code, and inter- 631

active objects, while ensuring the dynamic evalua- 632

tion of gameplay through automated play-testing. 633

Our experimental results demonstrate that AutoUE 634

produces high-quality 3D games. This work also 635

provides an extensible infrastructure for future ad- 636

vancements in automated game development. 637
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Ethical Analysis638

There are no ethical concerns associated with this639

work. AutoUE is a tool designed to automate 3D640

game generation in UE, with the aim of helping de-641

velopers accelerate the game development process.642

The dataset used for model retrieval contains only643

publicly available 3D models, and the game gen-644

eration tasks are based on predefined descriptions,645

without involving any sensitive or personal data.646

Limitations647

One limitation of our work is the inability to com-648

pare AutoUE with DreamGarden (Earle et al.,649

2025), an advanced 3D game generation system650

based on UE, as it has not been open-sourced. Addi-651

tionally, although our system performs well across652

various tasks, the scope of our evaluation dataset653

may not fully encompass the complexity of real-654

world game development scenarios. Therefore, fur-655

ther evaluation on a broader set of tasks and more656

challenging game scenarios would help assess the657

scalability and robustness of AutoUE.658
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Figure 4: The descriptions and screenshots of all Easy games.
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Figure 5: The descriptions and screenshots of all Medium games.

12



Figure 6: The descriptions and screenshots of all Hard games.
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Figure 7: The prompt details of Decompose in Section 3.2.

Figure 8: The prompt details of GenerateObj in Section 3.3.
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Figure 9: The prompt details of PlanNode in Section 3.4.1.
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Figure 10: The prompt details of GenerateNode in Section 3.4.2.
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Figure 11: The prompt details of PlanCode in Section 3.5.

17



Figure 12: The prompt details of GenerateCode in Section 3.5.
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Figure 13: The prompt details of PlanInt in Section 3.6.

19



Figure 14: The prompt details of GenerateInt in Section 3.6.
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Figure 15: The prompt details of GenerateTest in Section 3.7.
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Figure 16: The prompt details of Overall Game Evaluation in Section 4.2.
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Figure 17: The prompt details of PCG Graph Evaluation in Section 4.4.
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Figure 18: The prompt details of PCG Graph Evaluation in Section 4.5.
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