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Fig. 4 Prompt template for height/noise asset generation
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Table 1 Error rate comparison on different topics of different

systems
Error rate/%
System
Topic 1 Topic 2 Topic 3 Topic 4 Average

NEHR 52.0 38.0 40.0 36.0 41.5
NCM 33.0 34.0 34.0 22.0 30.8
NPEO 74.0 64.0 52.0 46.0 59.0
NSH 44.0 58.0 54.0 58.0 53.5

FSS 8.0 16.0 14.0 10.0 12.0

# 2 AR RGEAEREHL L P YRR

Table 2  Error rates on random topics of different systems

System Error rate/%
NEHR 56.0
NCM 26.0
NPEO 62.0
NSH 56.0
FSS 14.0

* 3 AFRGMRERER

Table 3  Error type distribution of different systems

Error rate/%

System
Runtime Code Off-topic
NEHR 1.2 48.2 50.6
NCM 1.6 1.6 96.8
NPEO 36.4 6.8 56.8
NSH 0.9 47.7 514
FSS 0 0 100.0
120
== Runtime
== Asset code
100 | = Off-topic
= 80}
=
=3
3
5 60 -
=
M40t
20 |
0

NEHR NCM

NPEO NSH FSS
System

K5 AR RGHEERIER I
Fig. 5 Error type distribution of different systems
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Table 4 Effect of historical learning mechanism based on logs on off-topic error rate

Error rate/%

System
Topic 1 Topic 2 Topic 3 Topic 4 Average
NSH 28.0 38.0 26.0 18.0 275
FSS 8.0 16.0 14.0 10.0 12.0
SWSHL 6.0 6.0 4.0 2.0 4.5
Ao KR e R A B OSAEE ERSOR A RBCR .

LLM, 7Y BB 5 v 6 Al B2 FH P DR L AT 55 15 431 LA
T AT R 5 24 SR (A b T S0 HR 5 R ) A B D O
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Table 5 Performance test results of FSS system

Topic Total time/s ~ CPU peak usage/%  Memory increment/MB
Topic 1 33.46 1.37 8.38
Topic 2 33.72 1.39 10.74
Topic 3 41.88 1.44 13.55
Topic 4 59.49 1.42 15.08
Average 42.14 1.41 11.93
70 1 L Total time:
== Word expansion time otal time:
60 L= Directory creation time 59.5s
== Height/Noise asset generation time
@ Texture asset generation time Total time- -
g 50 [ == Mesh asset generation time otal time:
2 Total time: Total time: 419 19.0s
EX0r 335 33.7s sSs
g 60| SN [ 43s 14.1s
2 11.5s 114s
& 20 F
10 I ! !
i

Topic 1
"7

Topic 2
RGP IRFER 5 5 T

Topic 3

Topic 4

Fig. 7 Time consumption and proportion of each step in system
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Fig. 6 Terrain preview effects generated by different systems
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Table 6 Performance comparison of FSS with Text2VRScene system (Same topic, average of 50 runs)

System Average generation time/s Average Token usage Core output modality (modality)
Text2VRScene 423.31 15381 Discrete scene layout (Model objects + Skybox)
FSS 22.99 9645 Continuous & extensible terrain assets
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(a) Text2VRScene system

(b) Our system
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Fig. 8 Comparison between the effects generated by Text2VRScene and FSS system in this paper
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A Text-Driven Continuous Terrain Generation Method for Virtual
Scenes Based on Large Language Models

WANG Weijia', LU Yuanjun?, JI Bin!, LI Jianhua', GUO Weibin!
(1. School of Information Science and Engineering, East China University of Science and Technology,
Shanghai 200237, China; 2. Infosys Technologies (China) Co. Ltd, Hangzhou Branch, Hangzhou 310056, China)

Abstract: With the rapid advancement of three-dimensional technologies including game development, Virtual
Reality (VR) and digital twins, there is an increasingly urgent demand for the automatic generation of high-quality,
large-scale continuous virtual terrain scenes. Conventional manual interactive workflows involve cumbersome
operations and high professional thresholds. Although procedural generation methods can improve efficiency, they still
rely on graphical interfaces and the tuning of specialized parameters, making it difficult to flexibly capture users’
semantic intentions. This paper proposes an automatic text-driven generation method for continuous virtual terrain
based on the Large Language Model (LLM), which directly drives the generation pipeline through natural language to
realize efficient construction of continuous virtual terrain scenes. A multi-stage task decomposition strategy is adopted
in the proposed method to split the terrain generation pipeline into seven steps. By integrating prompt engineering and
procedural generation techniques, an end-to-end mapping from text to large-scale continuous 3D terrain is established.
To address the limitations of LLMs in complex tasks such as defects in multi-hop reasoning, output randomness and
memory loss, mechanisms including cross-stage key information transmission, error retry and historical log learning are
designed to improve the reliability and consistency of the system. A prototype system developed on the unity engine
verifies the effectiveness of the proposed method. Test results on four typical terrain themes demonstrate that the Full
Step System (FSS) achieves an average error rate of only 12.0%, which is significantly reduced by approximately
19-47 percentage points compared with the comparative systems without core mechanisms. In terms of efficiency, the
average time consumption for generating a single preview terrain tile (1024 x 1024 vertex mesh) is about 42.14 s with
controllable resource consumption. Further comparative experiments prove that the virtual terrain generated by the
proposed method meets the expected requirements in generation efficiency, visual consistency and scalability. The
proposed method remarkably improves generation efficiency and usability, offering a feasible solution for non-
professional users to rapidly construct high-quality, large-scale 3D terrain via natural language.

Key words: human-computer interaction; text-driven; large language model; virtual terrain generation; procedural

content generation
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