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(b) Generated Compact Scenery in Alpha-Textured Proxies, Supporting Real-Time Rendering on VR Headsets.

Fig. 1: Tailored for immersive VR experiences, InmerseGen generates photorealistic worlds from text prompts by synthesizing compact
alpha-textured proxies through agent-guided design and arrangement, obviating the need for complex assets while ensuring diversity.

Abstract—Automating immersive VR scene creation remains a primary research challenge. Existing methods typically rely on complex
geometry with post-simplification, resulting in inefficient pipelines or limited realism. In this paper, we introduce ImmerseGen, a
novel agent-guided framework for compact and photorealistic world generation that decouples realism from exhaustive geometric
modeling. ImmerseGen represents scenes as hierarchical compositions of lightweight geometric proxies with synthesized RGBA
textures, facilitating real-time rendering on mobile VR headsets. We propose terrain-conditioned texturing for base world generation,
combined with context-aware texturing for scenery, to produce diverse and visually coherent worlds. VLM-based agents employ
semantic grid-based analysis for precise asset placement and enrich scenes with multimodal enhancements such as visual dynamics
and ambient sound. Experiments and real-time VR applications demonstrate that ImmerseGen achieves superior photorealism, spatial
coherence, and rendering efficiency compared to existing methods.

Index Terms—Scene generation, agents, texture synthesis, virtual reality.
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1 INTRODUCTION

Humans have an innate desire to create and inhabit personalized worlds,
whether it’s children building sandcastles or artists designing land-
scapes. This creative drive extends to digital spaces, especially in
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VR/XR applications, where users expect to be immersed in custom
environments with panoramic views, high-fidelity visuals, and real-
time interactions. However, building such immersive 3D scenes re-
mains challenging. Handcrafted 3D modeling requires specialized
skills and considerable effort, while recent generative methods like
object-compositional generation [9, 20, 64], LLM-powered modeling
tools [1] and frameworks [31,35,78], and approximating through 3D
Gaussians [60, 65, 79] often struggle to balance photorealism with
computational efficiency. These approaches prioritize fully detailed
geometry or massive Gaussians to achieve realism, but often result in
overly complex scene representations that hinder real-time performance
on VR headsets, or require handcrafted and time-consuming decima-
tion and compression to make them usable. This raises a fundamental
issue regarding the necessity of exhaustive 3D modeling for immersive
VR. We argue that starting with complex geometry is not a prerequisite,
especially when considering the limited explorable areas and finite
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computational budgets.

In this paper, we propose ImmerseGen, a novel agent-guided frame-
work that models immersive scenes as hierarchical compositions of
lightweight RGBA-textured geometric proxies, including simplified
terrain meshes and alpha-textured billboard meshes.

The formulation offers several important advantages:

1) Rather than modeling the scene with complex geometry and
then simplifying it, our approach bypasses this process by generating
photorealistic texture directly on lightweight geometric proxies lever-
aging SOTA image generators, alleviating reliance on detailed asset
creation and preserving the texture quality without artifacts introduced
in decimation or Gaussian approximations.

2) Such modeling paradigm enables agents to flexibly guide gen-
erative models in synthesizing coherent, context-aware textures that
integrate seamlessly with the panoramic world;

3) It delivers VR-ready scene representations that allow real-time
rendering at smooth frame rates.

To establish this hierarchical paradigm, ImmerseGen first creates the
base layer world, which employs a terrain-conditioned RGBA texturing
scheme on a simplified terrain mesh with user-centric UV mapping.
More specifically, it employs a user-centric texturing and mapping
scheme that synthesizes and allocates higher texture resolution based on
central camera origin, prioritizing the primary viewing area, rather than
uniformly covering the entire scene with limited quality [9,45]. Then,
ImmerseGen automatically enriches the environment with generative
scenery assets, which are clearly separated into distinct depth levels.
Midground assets, such as distant trees or vegetation, are efficiently
created using planar billboard textures, while foreground assets, closer
to the user, are generated with alpha-textured cards placed over retrieved
low-poly 3D template meshes. This mechanism smartly allocates
representation detail, maintaining both visual fidelity and rendering
efficiency at every scale.

While RGBA-textured proxies simplify asset modeling, assembling
coherent 3D scenes still requires manual adjustment and expert knowl-
edge. To simplify this process, we develop a Visual-Language Models
(VLMs)-based agentic system that interprets user text prompts into
immersive environments. However, directly using VLMs often faces
challenges in spatial understanding that hinder layout accuracy. To
address this, we introduce a grid-based semantic analysis strategy, en-
hancing the spatial comprehension with coarse-to-fine visual prompt
and raycasting-based validation, thus mitigating placement errors and
inconsistencies existing in naive VLMs. Moreover, ImmerseGen en-
riches the immersive experience by incorporating modular dynamics
(e.g., flowing water, drifting clouds) and ambient audio (e.g., wind,
birdcalls), delivering a fully multisensory environment.

In summary, our contributions are as follows:

1) We propose ImmerseGen, a novel agent-guided 3D environment
generation framework that uses simplified geometric proxies with alpha-
textured meshes to produce compact, photorealistic worlds ready for
real-time mobile VR rendering.

2) We propose a novel RGBA texturing paradigm that first syn-
thesizes 8K terrain textures using a geometry-conditioned panorama
generator via user-centric mapping, and then directly generates alpha-
textured proxy assets, avoiding fidelity loss inherent in mesh decima-
tion.

3) To automate scene creation from user prompts, we introduce
VLM-based modeling agents equipped with a novel grid-based seman-
tic analysis, enabling 3D spatial reasoning from 2D observations and
ensuring accurate asset placement. ImmerseGen further enhances im-
mersion with dynamic effects and ambient audio for a multisensory
experience.

4) Experiments on multiple scene-generation scenarios and live
mobile VR applications show that ImmerseGen outperforms previous
methods in visual quality, realism, spatial coherence, and rendering
efficiency for immersive real-time VR experiences.
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Fig. 2: Asset comparison from different sources. We compare as-
sets created by learning-based generative methods (blue labels), artists
(green labels), and ours. Our generative RGBA-textured proxy assets
achieve better visual details than existing models [55, 74] with fewer trian-
gles, delivering photorealistic appearance comparable to artist-created
high-poly or baked assets.

2 RELATED WORKS
2.1 Agentic Scene Generation

Early efforts in procedural content generation (PCG) for immersive
environments primarily rely on rule-based systems [13, 32,40, 71],
where spatial relationships and asset placements are meticulously de-
fined through handcrafted rules. Infinigen [44] advances this process by
leveraging Blender scripts to orchestrate multiple procedural generators,
enabling the creation of larger and more complex scenes. However,
PCG methods inherently limit adaptability to novel scenarios and user-
driven instructions. The advent of LLMs and VLMs introduces a
paradigm shift in scene generation, enabling more intuitive, instruction-
based workflows. Recent methods like BlenderMCP [1] increasingly
harness the capabilities of LLMs to automate the generation process,
employing function-calling agents to interpret text prompts [39, 62, 80],
design scene layouts [29,49], and populate environments [31,78] with
assets retrieved from pre-built libraries [1,23,33,35,48,78]. These sys-
tems demonstrate significant potential in generating diverse, large-scale
scenes from high-level descriptions, streamlining the content creation
pipeline. However, existing LLM/VLM-based approaches rely heavily
on asset libraries, often requiring a trade-off between quality and effi-
ciency. Moreover, the precision of VLM-guided asset placement often
proves insufficient in complex scenarios. In contrast, ImmerseGen
addresses these limitations by introducing lightweight proxy assets and
semantic grid-based arrangement by agents, enabling the creation of
compact, photorealistic worlds.

2.2 Learning-based Generation

Recently, learning-based generation methods have shown promis-
ing results in creating 2D and 3D content [18, 46, 74, 82]. How-
ever, unlike 3D object generation that benefits from diverse object
datasets [8, 67] for model training, 3D scene generation still faces
challenges [17,20,37,54,57] due to the lack of comprehensive scene-
level data and unified representations. Early methods either learned
a generative neural field with GAN [4, 16,30, 56] or 2D diffusion pri-
ors [6,70,75], but failed to produce detailed appearance. Recently, other
lines of work tend to generate images and lift them to 3D space through
depth prediction, combined with outpainting techniques to expand the
scene [5,11,65,66]. However, these methods typically produce incom-
plete 3D worlds (e.g., missing 360-degree views or geometry under the
feet), thus failing to meet the demands of immersive VR applications.
To create a complete surrounding world, some methods lift the gen-
erated panoramic images [52, 68] to 3D space with depth estimation
and inpainting [27,60,77,79], but still faces challenges in producing
spatially coherent worlds due to the inconsistency of novel view in-
painting. More recent approaches utilize video models for 3D scene
creation [12,14,28,50], which either suffer from blurry backgrounds or
fail to guarantee fully explorable 360-degree environments. Addition-
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Fig. 3: Overview. Given a user’s text input, the agent first retrieves a base terrain. Conditioned on the terrain depth and an extended prompt,
panoramic textures for the terrain and sky are generated to form a layered base world. Next, VLM-based asset agents enrich the scene by selecting
asset proxies as foreground or midground scenery, designing detailed asset prompts, and determining optimal asset placement. Each asset
is instantiated via RGBA texture synthesis. Finally, the agent incorporates dynamic visual effects and synthesized ambient sound, producing a

lightweight and photorealistic world.

ally, these methods often produce a large number of point clouds or 3D
Gaussians for scene representation, making it challenging to achieve
high-quality rendering while maintaining reasonable computational
costs.

2.3 Traditional Asset Creation

Conventional asset creation pipelines typically follow a two-stage pro-
cess: detailed geometric modeling followed by texture mapping. This
modeling-first paradigm is prevalent in CG content production where
artists craft complex meshes and apply high-resolution textures to
achieve visual realism. However, when deploying such assets in real-
time rendering applications like VR or games, these models require
simplification via decimation techniques, such as mesh simplifica-
tion [26, 34], billboard generation [7,22], or level-of-detail (LOD)
hierarchies [19, 76], along with baked textures. For natural scenes,
many works on terrain generation and vegetation modeling [24, 25]
have been proposed, yet they often lack diversity and realism. While
effective, this conventional workflow incurs significant manual effort
or computational cost, as it first generates excessively detailed primi-
tives only to later reduce their complexity for efficiency. In contrast,
ImmerseGen eliminates the need for post-hoc simplification by di-
rectly synthesizing alpha-textured assets tailored for efficient rendering,
enabling photorealistic scene generation optimized for immersive ap-
plications.

3 METHOD

We introduce ImmerseGen, an agent-guided framework for generating
immersive 3D scenes from textual prompts. As shown in Fig. 3, we con-
struct the scene hierarchically from base terrain guided by VLM-based
agents. First, we generate a layered base world via terrain-conditioned
texturing, where panoramic sky and RGBA terrain textures are syn-
thesized upon a retrieved terrain mesh (Sec. 3.1). Next, we enrich the
scene through placing lightweight asset proxies by agents with seman-
tic grid-based analysis. The selected assets are then instantiated using
a context-aware RGBA texture synthesis scheme (Sec. 3.2). Finally,
we augment the scene with dynamic effects guided by agents, such as
flowing water and ambient sound, delivering a multisensory experience
(Sec. 3.3).

3.1 Base World Generation

From textual prompts to base terrain. Given a user’s textual
prompt describing the world, a suitable base terrain mesh is first re-
trieved from a pre-generated template library. These templates are
created using procedural content generation tools, followed by post-
processing steps including remeshing, visibility culling, and captioning
to support effective retrieval. We deploy an LLM agent that retrieves a
suitable terrain template and enhances prompts with imaginative and

Prompt |
—
Adapte? Depth Pano. Generation
Tile-based Matting RGBA Terrain Texture
Geo. Adaptation 1
. e 2
» e ;
B . HU[}[}UH — BN
e gt
e
Base Terrain Pano. Image & Sky Generation

Terrain Mask Sky Texture

(a) Terrain-Conditioned Layered Texture Generation

Rendered Metric Depth Remapped Depth
1

Similarity t 4 \
Esimated || o Retriove) ) 8 e
Depth Librang Polynomial User-Centric

I 7‘}“‘ Mapping UV Mapping z

(b) Geometric Depth Adaptation (c) Panoramic Texture Mapping

Fig. 4: Workflow of base world generation. Panoramic textures for
terrain mesh and sky are generated for the base world. To tame the
diffusion model for terrain texturing, we propose geometric adaptation
(b) for depth control and user-centric texture mapping (c).

contextually relevant details from user’s textual input, to improve scene
diversity and ensure coherence between terrain characteristics and the
input prompt. Since visual diversity is primarily introduced through
subsequent generative texturing, this strategy strikes a practical balance
between efficiency and variety.

Terrain-conditioned texturing. As demonstrated in Fig 4 (a),
given a base terrain mesh and text prompts, we first generate panoramic
sky texture and alpha ground textures upon the mesh. To support
terrain texture synthesis in equirectangular projection (ERP), we adopt
a two-stage training pipeline. We first train a panoramic diffusion
model built upon Stable Diffusion XL [42] on ERP data conditioned
on textual prompts [46]. Then, we extend this model by training a
depth-conditioned ControlNet [73], which takes as input a panoramic
depth map D_, estimated from a neural depth estimator [59]. During
inference, we combine both modules to generate a panoramic texture I,
that aligns with the terrain mesh .#, formulated as:

I = % (9 (D_z: CGlobal, CRegion) )

where D, is the conditioning panoramic depth map rendered from
the terrain mesh, ¢ is the conditional diffusion model, €Gjopar is the
text prompt for global geographic description, Rregion is the optional
regional prompts for generating designated geographic features (such

€y
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Fig. 5: The proposed context-aware texture synthesis (a) generates
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as water body, see supp. Sec. 1.1 ), and % is the conditioned upscaling
model that produces 8K textures to enhance details utilizing a tile-based
generation approach inspired by [2].

To separate the terrain texture and sky texture while maintaining
high resolution, we perform tile-based matting and sky outpainting on
the panorama, which yields an 8K fine-grained alpha matte and pure
sky texture guided on the terrain mask. This detailed alpha matte allows
low-poly terrain meshes to exhibit highly detailed landscape silhouettes
(e.g., trees and houses against the sky).

Depth control with geometric adaptation. While it is technically
plausible to apply conditional diffusion for mesh texturing, we find it
non-trivial to produce 3D-coherent textures that align well with the
terrain and meet immersive standards, i.e., degraded quality as shown
in Fig. 9. This difficulty arises primarily from the domain gap between
the estimated relative depth for ControlNet training and rendered metric
depth maps for inference-time conditioning. To tackle this issue, we
propose a geometric adaptation scheme that remaps the rendered metric
depth to better match the domain of training-time estimated depth.
Specifically, we retrieve the most similar depth map DRegrieve from a
sampled training set £ using cosine similarity, and apply a polynomial
remapping function:

]A)E/// = t@(Dl///;DRetrieveL 2

where D is the remapped depth, and 2 is a third-degree polynomial
mapping function. Practically, we downsample both D _, and Dgegieve
to 32 x 16 resolution to estimate the polynomial coefficients, which are
then applied to the full-resolution depth map D_,. By conditioning on
the remapped depth, the panoramic diffusion model generates textures
that are well aligned with the terrain.

Terrain texture mapping. To efficiently texture the terrain with
the generated panoramic texture while preserving visual fidelity, we pre-
compute user-centric panoramic UV coordinates for the terrain mesh,
as illustrated in Fig. 4 (c). Thus, the texture can be directly sampled
during the rendering without back-projection or baking procedures.
Specifically, the UV coordinate for each mesh vertex can be calculated
by transforming the coordinates from object space to camera space.
Given a mesh vertex position in camera space p = (x,,z) |, the corre-
sponding UV coordinate u = (i,v) "
be calculated as:

on the panoramic texture I; can

et Sy L Ly ] ! ;

u= (zﬂarc an(_z)—l—z,ﬁarcsm(HpH)—i—2) , 3)

where ||p|| denotes the L2-norm of the vertex position. To prevent

texture stretching at horizontal seams, we detect UVs crossing the

panoramic boundary and offset them for correct wrapping, then set

the texture wrapping mode to repeat for seamless interpolation of
panoramic texture sampling.

To further improve visual fidelity around the user’s viewpoint, par-

ticularly in the polar region where the ERP exhibits stretching, we first

adopt an ERP-to-cubemap refinement scheme, using an image-to-image
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Fig. 6: The proposed semantic grid-based analysis overlays a labeled
grid and masks unsuitable regions as visual prompts. This enables the
VLM agent to progressively select grid cells in a coarse-to-fine manner,
improving the accuracy and semantic coherence of asset arrangement.

diffusion method [36] to repaint the bottom area. Then, we partition the
mesh by cropping its bottom area and then reassign UV coordinates of
this mesh to directly sample textures from the bottom map. Addition-
ally, to achieve better geometric realism, we incorporate a displacement
map obtained from an adapted depth estimation model [59] (see supp.
Sec. 1.5.).

3.2 Agent-Guided Asset Generation

To enrich the base world with photorealistic scenery, we then add more
generative 3D assets (such as vegetation) to the scene. Unlike prior
methods that rely on complex modeling pipelines [7] or off-the-shelf
asset retrieval, our framework dynamically generates unique, alpha-
textured asset proxies from coarse templates using generative texture
synthesis, thus simplifying asset creation and enabling more flexible
agent-driven design.

Defining proxies by distance. We employ distinct proxy types
based on the distance between the user and the asset to balance ren-
dering quality and performance, which delivers a realistic appearance
comparable to the artists’ baked models while alleviating the cost of
baking or decimation. As demonstrated in Fig. 1 (b) and Fig. 2, for
midground objects, since users cannot perceive detailed depth changes
of object surfaces, we synthesize RGBA textures on distant planar mesh
(see Fig. 5 (c), a.k.a. billboard texture). For foreground objects that
require depth perception, we generate alpha textures for each group
of shared materials in a template mesh with alpha cards (such as tree
leaves and trunks, see Fig. 5 (b)).

Asset selection and designing.  To create diverse and contextu-
ally coherent scenery assets, we develop VLM-based agents to guide
the asset design pipeline. First, the asset selector analyzes the rendered
base world image and user’s textual description to retrieve suitable
foreground asset templates from an offline-generated library indexed
by description, e.g., pine trees for mountainous regions or bushes for
arid deserts. Next, the asset designer crafts detailed textual prompts
to guide generative models in synthesizing these scenery assets. In
practice, the designer examines both the generated base-world image
and selected texture templates, and produces detailed descriptions for
each scenery asset (such as categories, season, styles, etc.).

Asset arrangement with semantic grid-based analysis. To
ensure that generative assets are placed in semantically appropriate and
visually plausible locations, we introduce an asset arranger that ana-
lyzes the base world image to produce 2D position candidates, which
are then back-projected to determine 3D positions through raycasting
and validation. One primary challenge for the asset arranger is to gener-
ate reasonable 3D placements based solely on image-based observation.
A naive approach is to let the agent directly output the coordinate,
which generally results in inaccurate positions and meaningless layout
(see Sec. 4.3) due to the limited spatial understanding ability of existing
models [58]. To address this, we propose a semantic grid-based position
proposal scheme, which significantly improves the asset arrangement
quality. As shown in Fig. 6, we overlay the base world image with a
labeled grid and mask out unsuitable regions (e.g., water, sky), forming



a structured visual prompt for the VLM agent. The agent first selects
coarse grid cells given this visual prompt. Then, for finer placement,
each selected cell is zoomed in and subdivided into sub-grids, from
which the agent will select a more precise sub-cell. The final positions
are determined by randomly selecting a point within the sub-cell.

Context-aware RGBA texture synthesis. Once the agents have
determined the per-asset placement and textual descriptions, we proceed
to instantiate each asset by synthesizing its RGBA texture in context
with the base world. To facilitate seamless integration, we propose a
context-aware cascaded RGBA texture synthesis model conditioned
on base world background textures, which is inspired by the layered
diffusion model [72].

Given a scenery prompt %, the alpha synthesis module ¥, first
generates an alpha mask M, = ¥4,(%;) € RF*W serving as a sketch for
subsequent texturing. To incorporate contextual information from the
base world, the RGB base texture reference I, € R¥*%">3 is injected
into an initially empty RGBA canvas through alpha blending guided
by M,. Then the texture synthesis module ¥; generates an initial
scenery texture from the alpha-blended reference with the alpha mask
M_,. Note that the generated texture usually produces boundaries that
is not perfectly aligned with the given alpha mask. Thus, the alpha
channel of the initial texture is further refined through a diffusion-based
refinement module %. The full process to generate final scenery texture
I, € RE*Wx4 is formulated as:

I =2 (% (M., 1,;%,)). )

For foreground scenery that already contains an alpha channel in its
template model, we directly reuse its alpha as M, to ensure the correct
structure.

3.3 Multi-Modal Immersion Enhancement

To further enhance immersion beyond static 3D visuals, we introduce
agent-guided multi-modal enhancement in visual dynamics and sounds
(see the right part of Fig. 3).

Dynamic shader-based effects. The immersive enhancer ana-
lyzes the scenery component of the generated scene, and adds shader-
based dynamic effects for natural elements such as flowing water,
drifting clouds, and falling rain. These effects are implemented us-
ing customizable shader parameters, including procedural flow maps,
noise-based motion textures, and screen-space animations, which bring
liveliness to the scene while maintaining real-time performance (see
supp. Sec. 1.3 for details).

Ambient sound synthesis. The immersive enhancer then synthe-
sizes ambient sounds using a library of natural soundtracks tagged by
content. Specifically, the agent analyzes the rendered panorama of the
complete scene and retrieves suitable natural soundtracks (such as birds,
winds, and water) from the library. To support uninterrupted playback,
we apply crossfading to seamlessly mix tracks for audio looping (see
supp. Sec. 1.4 for details).

4 EXPERIMENTS
4.1 Implementation Details

We utilize Blender [51] as our core scene modeling framework, inte-
grating terrain texture projection, asset placement, scene rendering, and
VR-ready scene export. We develop world modeling agents powered
by GPT-40, each configured with distinct system prompts (see supp.
Sec. 1.2). The terrain library is primarily generated with Blender’s
A.N.T. Landscape add-on, resulting in a collection of about 10 ini-
tial templates for texturing. We build an asset library of about 50
foreground object templates, each modeled using alpha cards. The
number of asset types when generating scenes ranges from O to 10, de-
termined adaptively by the agents. The distance ranges for foreground
and midground objects are configured as 2-10 meters and 20-50 me-
ters, respectively. The terrain-conditional diffusion model is fine-tuned
from SDXL [42] on 10K equirectangular terrain images collected from

Table 1: We perform quantitative comparison on the generated 3D
scenes, and compare the complexity of representation (primitive count)
and runtime performance (FPS) on VR devices.

Quantitative Metrics Complexity & Perform.

Methods
CLIP-Score T CLIP-Aesthetic T QA-Quality 1 Prim. Count | FPS 1
Infinigen - 4.9546 3.0426 1276k ~7
WonderWorld 27.0417 5.0116 2.6298 1632k ~14
DreamScene360  29.3556 4.8283 2.1446 2097k ~8
LayerPano3D 29.4633 5.1513 3.4812 14577k N/A
Ours 28.8933 5.4834 3.5445 223k ~79

Unreal Engine (UE) scene rendering and Internet sources, with a learn-
ing rate of 1 x 107> for 30K steps and batch size 4. To further con-
strain the model when generating ERP images, we apply a circular
padding to ensure continuity between the leftmost and rightmost edges
of the panorama [10, 69]. For training the depth ControlNet [73], we
generate mixed depth maps using Depth-Anything V2 [59] and Mi-
DasS [3] with perspective-to-panorama fusion, applying random scale
and shift augmentations to improve robustness. We adapt VitMatte [63]
with tile-based matting for high-resolution sky segmentation and Pow-
erPaint [81] for sky outpainting. We leverage pre-trained diffusion
models [72,81] for training-free RGBA texture synthesis. To balance
realism and performance, we pre-bake high-resolution panoramic maps
under global illumination as run-time unlit materials, enabling photore-
alism without the need for real-time lighting for VR applications (see
supp. Sec. 1.6). All models are trained on a single NVIDIA A100-80G
GPU. The entire generation pipeline takes about 10 minutes deployed
on a single NVIDIA RTX 4090 GPU (see supp. Sec. 1.7).

4.2 Comparison on Scene Generation

Baselines. We compare our method with recent scene genera-
tion methods across different categories: (1) Infinigen [45], which
uses procedural generation with physics-based modeling; (2) Dream-
Scene360 [79], which lifts panoramic images to 3D space; (3) Wonder-
World [65], which generates scenes through perspective outpainting.
(4) LayerPano3D [61], similar to DreamScene360, but adopts a layered
representation. For a fair comparison, we use Infinigen’s scene configu-
rations that match the same category with our generated scenes, adopt
the same enhanced text prompts as our method for DreamScene360
and LayerPano3D, and use the cropped perspective images from our
generated panorama as the image condition for WonderWorld.

Metrics. For comprehensive comparison with the above meth-
ods, we use metrics for evaluating both prompt-scene consistency and
aesthetic quality, including CLIP similarity score (CLIP-Score) [43],
aesthetic score (CLIP-Aesthetic) [47] and the VLM-based visual scorer
Q-Align (QA-Quality) [53].

Quantitative results. We present the quantitative comparison of
our method with the baselines in Tab. 1. We generate 18 scenes for each
method and render video sequences along circular camera trajectories,
following the protocol of previous work [79]. Evaluation metrics are
reported as the average scores across all frames and scenes. The gener-
ation prompts encompass a wide spectrum of natural landscape settings
(e.g., glaciers, beaches, and forests) to evaluate the generalizability
across diverse environments. (as illustrated in Fig. 7). As shown in
Tab. 1, our method outperforms all baselines in CLIP-Aesthetic score
and QA-Quality, demonstrating the superior visual quality of our gener-
ated scenes. For CLIP-Score, DreamScene360 and LayerPano3D also
achieve competitive scores since they prioritize semantic alignment dur-
ing training, while our method generates diverse textures(e.g., various
geographic features instead of bare ground, see Fig. 7).

Qualitative results. We present the qualitative comparisons in
Fig. 7, evaluating the results based on several criteria: visual quality (ab-
sence of blurring or artifacts), diversity (the range of landscape features
and scenery textures), and coherence (spatial consistency across the
scene). Infinigen, relying primarily on limited procedural generators,
produces scenes lacking diversity (e.g., monotonous ice, row 1) and
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S
—
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Fig. 7: We compare our method with Infinigen [44], DreamScene360 [79], WonderWorld [65] and LayerPano3D [61] based on the generated 3D
scenes using identical text prompts, visualizing both panoramic and perspective views of the generated scenes.

sea, clean sand, islands

rocky terrain, expansive view, serene atmosphere

- mownainpedaks, rocky terrain, earthy tones

Fig. 8: We present more examples of generated environments in panoramic and perspective views.

coherence (e.g., contextually incompatible trees, row 4). For Dream-
Scene360, although it achieves consistent views with a panoramic
lifting strategy, it lacks diverse scenery contents and also shows blurry
artifacts (see the slanting floaters in the perspective views from the
second and third row in Fig. 7) due to the instability of inpainting-based
optimization and the limited resolution of 3D Gaussians. For Wonder-
World, since it relies on outpainting to generate a complete world, it
cannot ensure view consistency across different views and results in
fragmented scenes. LayerPano3D produces aesthetic and consistent re-
sults with DiT-based panorama generator, but is prone to blurry artifacts
and visible gaps at the layer boundary. By contrast, our method builds
up the world with hierarchical alpha-textured proxies while considering

the 3D coherence with agent-guided modeling, preserving consistent
quality across views and delivering immersive scenery content. We
provide more examples of generated realistic scenes in Fig. 8 and ex-
amples of scenes in a variety of styles and environments, demonstrating
the generalizability of our approach.

User study. We conducted a user study involving 50 participants
(33 of whom had expertise in 3D or computer graphics) to evaluate
the 18 generated scenes. Using the PICO 4 Ultra VR headset, partici-
pants viewed randomized scene groups without time constraints and
performed a forced-choice preference task across three aspects: Per-
ceptual Quality (visual aesthetics and the absence of artifacts), Realism
& Coherence (environmental plausibility and spatial consistency), and



(a) w/o Both (b) w/o Geometric Adaptation

(c) w/o Fme-turung

Fig. 9: We analyze the geometric adaptation and fine-tuning of the conditioning network for terrain-conditioned texture generation.

(a) Random Layout (b) Layout by LLM

(c) Layout by Naive VLM (d) Ours

Fig. 10: We compare our semantic grid-based analysis for asset layout with different layout approaches.

Sfuturistic cityscape, towering skyscrapers, vibrant city lights

fantasy landscape, ica:cading waterfall, glowiné bioluminescent

Jantasy town, cobbled streets, enchammg shops

fantasy room, stone walls, wooden beams

Fig. 11: We present examples of generated scenes in various styles and urban or indoor environments beyond outdoor natural settings.

Textual Alignment (adherence to the input prompt). LayerPano3D was
excluded as its primitive count precluded VR rendering. As shown in
Tab. 2, our method was significantly preferred over baselines, demon-
strating superior visual fidelity and alignment. This research was con-
ducted in accordance with institutional policies, which did not require
an ethical review. Informed consent was obtained from all participants
before they attended the study.

Complexity of representation and performance. We compare
the complexity of scene representation and runtime performance on
VR devices (Snapdragon XR2 Gen 2 platform). We calculate the
average primitive counts and FPS of all scenes for each method. As
shown in Tab. 1, methods using 3D Gaussians as representation (Dream-
Scene360 [79] and WonderWorld [65]) either generally achieve only

Table 2: We perform user studies on the generated 3D scenes.

Method Perceptual Qual. T Realism & Coherence 1 Textual Align. 1
Infinigen 7.12% 5.83% 6.04%
WonderWorld 13.46% 7.50% 11.49%
DreamScene360 24.01% 33.89% 38.22%
Ours 55.41% 52.78% 44.25%

8-14 FPS even with foveated rendering, or fail to launch on VR de-
vices [60]. For Infinigen [44], since it generates a detailed world with
intricate procedural geometry and materials from generators, it remains
computationally expensive for real-time rendering. In contrast, our
method maintains a compact representation while preserving scene



Table 3: Ablation study of the proposed geometric adaptation in terrain-
conditioned texturing.

w/o Geo. Ada.
3.7630

Ours
3.9057

w/o both
3.6938

w/o Fine-tuning
3.7614

QA-Quality 1

Table 4: Ablation study of the semantic grid-based analysis.

Method
CLIP-Aesthetic 1

LLM
5.5212

Naive VLM
5.5350

Ours
5.5739

Random layout
5.4963

Table 5: Ablation study on the aesthetic improvement of adding proxy
scenery.

w/o Both scenery w/o Midground scenery w/o Foreground scenery =~ Ours

2.1143 2.3287 2.3562 2.4408
5.1540 5.3307 5.2453 5.3634

QA-Aesthetic
CLIP-Aesthetic T

quality, achieving an average FPS of 79+ on VR devices.

4.3 Ablation Studies

Geometric adaptation.  We first analyze the geometric adaptation
for projected terrain depth and fine-tuning of the conditioning network
in terrain-conditioned texturing (Sec. 3.1). As shown in Tab. 3, we
evaluate the QA-Quality for rendered sequences of 10 generated base
world in different configurations. By ablating both strategies, the
generated terrain texture fails to produce a plausible texture (water area
on the bottom in Fig. 9 (a)). By enabling fine-tuning, the terrain texture
precisely reflects the ground but with a monotonous appearance (see
Fig. 9 (b)). By enabling geometric adaptation, the ground texture shows
more detail (rocks on the bottom in Fig. 9 (c)). With all the strategies,
we achieve terrain texture with fine-level details and realistic structure
(see Fig. 9 (d)).

Semantic grid-based analysis. We then evaluate the efficacy
of the proposed semantic grid-based analysis for the asset arranger
(Sec. 3.2). Specifically, we compare our method with different strate-
gies, including random layout generation, LLM-based generation that
outputs object coordinates directly, and naive VLM-based generator
that receives unmodified base world images. As shown in Fig. 10, the
output of random layout incorrectly places trees on the lake (Fig. 10 (a).
The layout generated by generic LLM and naive VLM improves the
coherence by providing compatible texture descriptions and plausible
coordinates, but still suffers from inappropriate placements. By using
semantic grid-based visual prompts as input for the VLM, our method
generates a pleasant scene composition while addressing the placement
issue. As shown in Tab. 4, our layout generator achieves higher CLIP-
Aesthetic scores comparing rendered panoramas from scenes generated
by different layout generation strategies, demonstrating the efficacy of
the semantic grid-based visual prompt for improving the placement
quality.

Aesthetic contribution with proxy scenery. We also investigate
the aesthetic contribution when adding generated proxy scenery into
the base world. Specifically, we evaluate the QA-Aesthetic [53] and
CLIP-Aesthetic score of 10 randomly selected generated scenes in
absence of midground or foreground assets. As shown in Tab. 5 and
Fig. 12, the added scenery significantly improves the visual quality
by enriching the base world with diverse elements and improving the
sense of depth.

5 DISCUSSION
5.1 Design Choices

Panoramic terrain texturing. We observe that existing methods
often struggle to synthesize photorealistic terrain, typically producing
overly smooth or blurry textures, such as the procedural generation
framework Infinigen [45], generative texturing model Easi-Tex [41]

(c) w/o Midground Scenery (d) Ours
Fig. 12: We visualize the contribution of different scenery by ablating
proxy scenery of different types.

A (d) durs

Fig. 13: Our method outperforms other works on terrain texturing.

and commercial texturing tools Meshy.AlI [38]. As shown in Fig.13
and Tab.6, our method achieves better texture quality benefiting from
the proposed terrain-conditioned panoramic texturing and user-centric
UV mapping.

Context-aware asset texturing. While off-the-shelf generative
models can produce asset textures, achieving precise and coherent inte-
gration of these assets into diverse backgrounds remains challenging.



Table 6: Quantitative Comparison on Terrain Texturing.

Method Type CLIP-Aesthetic 1 QA-Quality T
Infinigen Procedural 5.2937 2.9091
Easi-Tex Generative 4.8599 2.9242
Meshy.Al Commercial 4.8750 3.2685
Ours Generative 5.4317 3.4860

Layer Diffusion Ours
(background conditioned)

(a) Comparison on texture coherence.

Background Layer Diffusion

Alpha Matting Layer Diffusion Ours

(foreground extraction)
(b) Comparison on alpha quality.

Fig. 14: Our RGBA texture synthesis achieves better coherence and
quality comparing with the baseline.

Table 7: Comparison with 3D Gaussians using the same panorama.

Method CLIP-Score 1 CLIP-Aesthetic 1 QA-Quality 1
DreamScene360 28.2111 4.8748 2.2975
Ours 28.7806 5.3289 3.2066

(Used as
DreamScene360’s
Image Input)

(a) Our Panoramic
View

e

(b) DreamScene360 (c) Ours melhod
Fig. 15: Our method produces scenes with higher visual fidelity compared
to methods based on 3D Gaussians.

We visualize the texture generated from the proposed context-aware
RGBA texture synthesis and the original layered diffusion model [72].
As shown in Fig. 14, our generated assets demonstrate greater consis-
tency with the background and alpha quality, attributed to our disentan-
gled generation of color and the alpha channel.

Proxy-based representation.  To further evaluate the fidelity of
our proxy-based representation relative to 3D Gaussians, we adapt
DreamScene360 [79] to generate scenes on the same panorama image
from our method. As shown in Fig.15, the generated 3D Gaussians
scenes exhibit notable artifacts and reduced visual fidelity, which is
further reflected in lower metrics as reported in Tab. 7, indicating
its limitations in representing high-quality scenes compared to our
approach.

5.2 Limitations and Future Work

First, our method focuses on outdoor scenes rather than indoor scenes
with detailed furniture. Second, the scenes are currently restricted to
a limited exploration range (typically around 50m?2) due to the fixed
hierarchy of generation levels relative to viewing distance. This could
be addressed by incorporating novel view synthesis or video generation
techniques [15] to create extensible scenes in future work. Third, our
approach relies on pre-built templates for foreground assets, which
could be enhanced by integrating procedural generators [21] to enable
the creation of more diverse templates.

6 CONCLUSIONS

We have presented ImmerseGen, a novel framework for generating
photorealistic 3D environments from lightweight geometric proxies
tailored for immersive experiences. The proposed generative terrain-
conditioned texturing and alpha-textured asset synthesis eliminate the
need for dense modeling to create diverse scenes. VLM-based agents
orchestrate the entire pipeline—ranging from asset selection, design,
and arrangement to multi-modal immersion enhancement. Our method
creates coherent worlds while maintaining real-time rendering on mo-
bile platforms.
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