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Abstract

We introduce HY-World 2.0, a multi-modal world model framework that advances
our prior project HY-World 1.0. HY-World 2.0 accommodates diverse input modal-
ities, including text prompts, single-view images, multi-view images, and videos,
and produces 3D world representations. With text or single-view image inputs,
the model performs world generation, synthesizing high-fidelity, navigable 3D
Gaussian Splatting (3DGS) scenes. This is achieved through a four-stage method:
a) Panorama Generation with HY-Pano 2.0, b) Trajectory Planning with World-
Nav, c) World Expansion with WorldStereo 2.0, and d) World Composition with
WorldMirror 2.0. Specifically, we introduce key innovations to enhance panorama
fidelity, enable 3D scene understanding and planning, and upgrade WorldStereo,
our keyframe-based view generation model with consistent memory. We also up-
grade WorldMirror, a feed-forward model for universal 3D prediction, by refining
model architecture and learning strategy, enabling world reconstruction from multi-
view images or videos. Also, we introduce WorldLens, a high-performance 3DGS
rendering platform featuring a flexible engine-agnostic architecture, automatic IBL
lighting, efficient collision detection, and training-rendering co-design, enabling
interactive exploration of 3D worlds with character support. Extensive experiments
demonstrate that HY-World 2.0 achieves state-of-the-art performance on several
benchmarks among open-source approaches, delivering results comparable to the
closed-source model Marble. We release all model weights, code, and technical
details to facilitate reproducibility and support further research on 3D world models.
Project Page: https://3d-models.hunyuan.tencent.com/world/

∗ HY-World team contributors are listed at the end of the report.

1

https://3d.hunyuan.tencent.com/sceneTo3D
https://github.com/Tencent-Hunyuan/HY-World-2.0
https://3d-models.hunyuan.tencent.com/world/


Contents

1 Introduction 4

2 Overview 5

3 World Generation Stage I: Panorama Generation 5

3.1 Data . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 6

3.2 Model . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 6

4 World Generation Stage II: Trajectory Planning 6

4.1 Geometric and Semantic Scene Parsing . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 7

4.2 WorldNav . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 8

5 World Generation Stage III: World Expansion 9

5.1 Domain-Adaption: Camera-Guided Keyframe Generation . . . . . . . . . . . . . . . . . . . . . . . . 10

5.2 Middle-Training: Memory Mechanism . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 12

5.2.1 Global-Geometric Memory . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 12

5.2.2 Improved Spatial-Stereo Memory . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 13

5.2.3 Memory Augmentation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 14

5.3 Post-Train: Model Distillation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 14

6 World Reconstruction: WorldMirror 2.0 15

6.1 Revisiting WorldMirror 1.0 . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 15

6.2 Model Improvements . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 15

6.2.1 Normalized Position Encoding . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 16

6.2.2 Explicit Normal Supervision for Depth Estimation . . . . . . . . . . . . . . . . . . . . . . . 17

6.2.3 Depth Mask Prediction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 17

6.3 Data Improvements . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 18

6.4 Inference Ef�ciency Improvements . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 18

6.5 Training Strategy Improvements . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 18

7 World Generation Stage IV: World Composition 19

7.1 Point Cloud Expansion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 20

7.1.1 Reconstruction via WorldMirror 2.0 . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 20

7.1.2 Depth Alignment . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 20

7.2 3D Gaussian Splatting . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 21

8 Results: Multi-Modal World Creation 23

8.1 World Generation from Text or Single Image . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 23

8.1.1 Results & Analysis of HY-Pano 2.0 . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 23

8.1.2 Results & Analysis of WorldNav . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 23

8.1.3 Results & Analysis of WorldStereo 2.0 . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 25

8.1.4 Results & Analysis of World Composition . . . . . . . . . . . . . . . . . . . . . . . . . . . . 28

8.1.5 Full Results & Comparison with Marble . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 29

8.2 World Reconstruction from Multi-View Images or Video . . . . . . . . . . . . . . . . . . . . . . . . 31

8.2.1 Results & Analysis of WorldMirror 2.0 . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 32

8.2.2 Inference-Time Evaluation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 36

9 Conclusion 37

Contribution 38

2



Figure 1: Versatile applications of HY-World 2.0. Our framework uni�es world generation (synthe-
sizing immersive, explorable 3D worlds from text or single-view images) and world reconstruction
(recovering 3D representation from multi-view inputs). These capabilities empower diverse applica-
tions, including robotics simulation, game development, and environment mapping.
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1 Introduction

“What Is Now Proved Was Once Only Imagined”
— William Blake

World models have rapidly evolved into a transformative paradigm for AI, enabling agents to simulate,
understand, and interact with complex 3D environments [20, 14]. By capturing the physical and
spatial dynamics of the real world, these models are unlocking unprecedented possibilities across
diverse applications, including virtual reality [23], embodied robotics [27], and video games [19, 24].

Our previous explorations of generative world models involved two primary paradigms: (1) HY-
World 1.0 [23] established a robust foundation for of�ine 3D-based world generation [23, 72, 78,
39, 55, 44], explicitly modeling explorable 3D worlds with inherent 3D consistency, making them
seamlessly compatible with standard computer graphics pipelines. (2) HY-World 1.5 [24, 60, 70]
advanced the frontier of online video-based world generation [19, 48, 24, 61], enabling real-time,
interactive world modeling driven by user actions.

Despite these remarkable advancements, the current landscape of 3D world modeling remains largely
bifurcated. Existing solutions typically specialize in either generation or reconstruction. Generative
approaches excel at synthesizing impressive, explorable scenes from sparse inputs like texts or
single-view images, but often struggle to maintain strict reconstruction accuracy [80, 61]. Conversely,
reconstruction methods focus on recovering precise 3D structures (e.g., depth, normals, and point
clouds) from dense multi-view images or videos, yet they lack the generative priors necessary to
hallucinate unseen regions [65, 69, 44, 40]. Furthermore, while recent closed-source pioneers [72]
have demonstrated impressive capabilities in unifying these tasks, the open-source community
still lacks a comprehensive, multi-modal foundational world model that bridges the gap between
imaginative generation and accurate physical reconstruction.

To address these fundamental challenges, we introduce HY-World 2.0, the �rst open-source, system-
atic multi-modal world model that seamlessly uni�es both “generation” and “reconstruction” within
an of�ine 3D world model paradigm, as illustrated in Fig. 1. Designed to accommodate diverse input
modalities—ranging from texts and single-view images to multi-view images and videos—HY-World
2.0 dynamically adapts its behavior based on the available conditions.

For sparse inputs (texts or single-view images), the model performs world generation to synthesize
high-�delity, navigable 3D Gaussian Splatting (3DGS) worlds. Formally, this generation capability is
driven by a novel four-stage pipeline: panorama generation, trajectory planning, world expansion,
and world composition. Crucially, although HY-World 2.0 is fundamentally designed as an of�ine
3D world model, it successfully bridges the gap between the geometric rigor of 3D representations
and the rich, dynamic priors of video generation. By leveraging the powerful generative priors of
video diffusion models during the expansion stage, HY-World 2.0 achieves signi�cantly expanded
exploratory spaces and superior visual quality compared to the previous HY-World 1.0.

For richer visual observations (multi-view images or videos), the framework performs world re-
construction to recover geometrically consistent and accurate 3D structures. Notably, rather than
functioning as an isolated module, this world reconstruction capability also serves as a foundational
component of world generation, powered by our upgraded feed-forward 3D reconstruction.

Beyond paradigm integration, we systematically push every component of HY-World 2.0 to its limits.
First, we scale up Panorama Generation to HY-Pano 2.0 in terms of both data and model capacity,
enabling adaptive perspective-to-equirectangular (ERP) transformations from input images at arbitrary
viewpoints. Next, a scene-parsing enhanced Trajectory Planning algorithm, called WorldNav,
is introduced to produce camera trajectories for subsequent world expansion, considering both
information maximization and obstacle avoidance. For World Expansion, we upgrade our previous
controllable video model [62] to WorldStereo 2.0: 1) Rather than video generation, we perform
generation within a keyframe space, thereby achieving superior visual �delity. 2) We introduce a more
consistent and robust memory mechanism. In the �nal stage of World Composition, we reconstruct
the 3D environment using the upgraded WorldMirror 2.0: improved through generalized position
encoding and enhanced training strategy. Unlike standard 3DGS learning for reconstruction [33],
we incorporate tailored enhancements to strengthen 3DGS training on generated views, effectively
bridging the gap between 3D reconstruction and generative world modeling.
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Figure 2: Architecture of HY-World 2.0. Our framework presents a four-stage process to transform
multi-modal inputs into immersive 3D worlds: (1) initializing the world via Panorama Generation,
(2) deriving exploration camera paths through Trajectory Planning, (3) expanding the world observa-
tions via memory-driven World Expansion, and (4) constructing the �nal 3DGS assets using World
Composition. The core model/algorithm used in each stage is denoted at the bottom.

By unifying all aforementioned capabilities into a cohesive system, HY-World 2.0 achieves state-of-
the-art performance in 3D-based world modeling. Extensive experiments demonstrate our model's
superiority over existing open-source competitors and competitiveness with closed-source commercial
products like Marble [72]. We release all models, codes, and technical details, aiming to democratize
spatial intelligence and provide a robust, open-source foundation for the research on world models.

2 Overview

We show the overview of HY-World 2.0 in Fig. 2, which introduces the multi-modal world model as a
four-stage pipeline, simulating the process of understanding, synthesizing, and reconstructing worlds.
Speci�cally, the pipeline begins with Panorama Generation (Sec. 3), which translates arbitrary text
or image inputs into a high-�delity360� world initialization. Subsequently, the elaborate Trajectory
Planning (Sec. 4) is performed to parse and understand the initialized world, deriving optimal and
information-rich observation paths. Following these planned routes, the generative World Expansion
(Sec. 5) utilizes a memory-updating mechanism to ensure precise camera control and multi-view
consistency across generated keyframes. Finally, World Composition (Sec. 7) is achieved by feeding
these generated sequences into WorldMirror 2.0 (Sec. 6) for robust 3D reconstruction, followed by
tailored 3DGS optimization to yield immersive 3D worlds.

3 World Generation Stage I: Panorama Generation

A panorama captures a complete360� � 180 � �eld-of-view (FoV) from a �xed viewpoint, offering
a comprehensive and information-rich representation of entire scenes. Unlike standard perspective
images that provide only a limited view of the physical world,360� panoramas preserve global
spatial contexts and intricate semantic relationships. Consequently, this holistic representation is
increasingly recognized as a cornerstone for large-scale 3D world generation, providing the essential
spatial consistency required for coherent viewpoint synthesis and immersive virtual exploration.

In this stage, we propose HY-Pano 2.0, which aims to synthesize high-�delity panoramas from
multi-modal conditions, including texts and single-view images. To achieve this, we optimize our
generative pipeline across two orthogonal dimensions: (1) implementing an advanced data curation
pipeline to overcome the inherent scarcity of panoramic data by curating high-resolution and diverse
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samples; and (2) introducing a dedicated360� generative model that implicitly learns the spatial
mapping between perspective inputs and panoramic targets in a geometry-free manner, facilitating
the synthesis of structurally coherent environments without requiring explicit camera metadata.

3.1 Data

To construct a robust foundation for high-�delity panoramic synthesis, our data curation pipeline
builds upon the established framework of HY-World 1.0 [23] while signi�cantly scaling up the
richness and diversity of the training data. Speci�cally, our upgraded dataset integrates two primary
data sources: (1) Real-world captures: We incorporate a massive collection of high-resolution,
real-world panoramas to instill the model with authentic lighting, complex textures, and natural
structural priors. (2) Synthetic assets: To complement the real-world data, we utilize a large-scale set
of synthetic environments rendered via high-end engines such as Unreal Engine (UE). These assets
provide precise geometric labels and diverse, imaginative scene con�gurations that are otherwise
dif�cult to obtain in the wild. To ensure data integrity, we implement a rigorous data �ltering
stage to eliminate low-quality samples, particularly those exhibiting noticeable stitching artifacts
or exposed capturing equipment (e.g., panoramic camera). This hybrid data strategy effectively
broadens the semantic distribution of our dataset and mitigates the domain gap between synthetic
and real-world distributions, enabling the model to generalize robustly across complex indoor and
outdoor environments.

3.2 Model

To achieve high-�delity panorama synthesis from perspective inputs, we move beyond conventional
methods that rely on explicit geometric warping, a paradigm previously employed in HY-World
1.0 [23]. This traditional pipeline typically needs precise camera intrinsic parameters (e.g., focal
length and FoV) to perform spatial alignment between the perspective and equirectangular projection
(ERP) domains. However, such metadata is frequently unavailable or inaccurate in real-world
scenarios. This bottleneck inherently limits the �exibility of the HY-World 1.0 framework and
often leads to noticeable projection distortion. To address this, we adopt an implicit, adaptive
mapping strategy powered by a Multi-Modal Diffusion Transformer (MMDiT), as illustrated in
Fig. 3. Instead of relying on explicit camera priors, we process both the conditional input and the
panoramic target within a uni�ed latent space. By concatenating the conditional image latent with
the panoramic noise latent as a uni�ed sequence of tokens, the MMDiT leverages its self-attention
mechanism to autonomously learn the underlying perspective-to-ERP transformation. This purely
data-driven approach allows the network to establish spatial correspondences directly within the
feature space, enabling it to �exibly hallucinate missing environmental details and maintain global
structural coherence, even with uncalibrated and diverse input images.

A common challenge in ERP generation is the discontinuity at the left and right edges. To eliminate
these boundary artifacts, we introduce a combined re�nement strategy comprising circular padding
and pixel blending, as shown in the right of Fig. 3. At the latent level, we apply circular padding to
the latent features, enforcing periodic boundary conditions during the denoising process. The padded
latent is then decoded into the pixel space, where a linear pixel blending strategy is employed along
the equirectangular edges. This combined harmonization effectively smooths the360� wrap-around
transition, ensuring a perfectly seamless and structurally coherent panoramic output.

4 World Generation Stage II: Trajectory Planning

Task Formulation. Following the synthesis of a high-�delity panorama (Sec. 3), the subsequent
objective is to derive exploration trajectories that maximize the coverage of navigable space. To bridge
this with the upcoming world expansion stage (Sec. 5), we introduce WorldNav, a comprehensive
trajectory planning strategy. WorldNav not only generates diverse camera paths to ensure extensive
viewpoint coverage but also pairs them with precise textual instructions, thereby providing explicit
guidance for the downstream generative process.
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Figure 3: Overview of the panorama generation architecture of HY-Pano 2.0. The Left side
shows the framework pipeline of panorama generation, while the right side illustrates the circle
padding (latent space) and the pixel blending (pixel space) for seamless panorama generation.

Figure 4: The initial scene parsing for trajectory planning. We obtain panoramic point clouds,
meshes, semantic masks, and NavMesh via several pioneering works [67, 10, 23, 50].

4.1 Geometric and Semantic Scene Parsing

Given the panoramas, we �rst employ scene parsing to obtain panoramic point clouds, meshes,
semantic masks, and navigation meshes for the subsequent trajectory planning, as shown in Fig. 4.

Geometry-Aware Initialization. We initialize the scene geometry by constructing a global
panoramic point cloud,P pan . Leveraging the optimization framework from MoGe2 [67], we
align monocular depth maps via the Least-Squares Minimal Residual (LSMR) across perspective
views subdivided from the ERP space. Crucially, to enhance the geometric quality, we increase
the sampling density from the default 12 views to 42, managing the computational overhead via
a GPU-accelerated LSMR solver. Furthermore, we employ a hybrid �ltering strategy, utilizing a
vision-language grounding pipeline [43, 34] to mask unbounded sky regions, and then removing
depth discontinuities (i.e., edge �oaters). This panoramic point cloudP pan serves as the fundamental
geometric representation across the subsequent trajectory planning, world expansion, and composition
stages. Following HY-World 1.0 [23], we build the panoramic mesh at a lower resolution, which
works for strict collision detection during trajectory planning.

Semantic Grounding and Navigability Analysis. To facilitate scene-aware camera control, we
perform both semantic parsing and topological analysis of the panoramic scene. Speci�cally, we apply
Qwen3-VL [76] to identify key spatial landmarks and obstacles within the panorama. Subsequently,
SAM3 [10] is utilized to yield 2D semantic masks for these objects. We then localize their centroids
into the 3D space as 3D masks, applying statistical �ltering to eliminate background outliers.

Simultaneously, we construct a Navigation Mesh (NavMesh) using Recast Navigation [50] to de�ne
the traversable regions for the camera agent. To ensure physically plausible camera movement, we
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Figure 5: Illustration of �ve modes of trajectories planned in WorldNav. Some trajectories are
omitted for a simpli�ed visualization.

Table 1: Trajectory details of WorldNav. The aerial category comprises both surrounding and
wandering trajectories. Note that the maximum number for surrounding and reconstruct-aware
trajectories is determined by the count of object segments detected within the panorama.

Regular Surrounding Recon-Aware Wandering Aerial Total

Max Number 9 5 10 3 8 35
Attached to Object � X X � – –
Iterative � � X � � –

apply several geometric re�nements to the raw NavMesh. First, we correct surface irregularities
by snapping misaligned vertices to the physical ground via dense ray-casting. Second, we perform
boundary erosion using a KD-Tree accelerated search to prevent the camera from moving too close to
obstacles. Finally, we connect isolated navigable areas by detecting boundary nodes and synthesizing
bridge polygons, thereby ensuring a continuous and fully navigable NavMesh.

4.2 WorldNav

Given the panoramic mesh, the NavMesh, and the 3D semantic landmarks, we design �ve heuristic
trajectory modes for WorldNav. These trajectories start from the panorama's center and are designed
to comprehensively cover diverse viewpoints while ensuring collision-free movement, as illustrated
in Fig. 5.

Regular Trajectories. We employ regular trajectories to generally expand the visual coverage
beyond the �xed origin of the panoramic space, as visualized in Fig. 5(a). First, we uniformly
subdivide the panorama into three perspective views with a120� FoV-x. For each view, we de�ne
an orbital target at the center point, positioned at the median depth of this view. The camera then
orbits this target with a pitch angle of+45 � and azimuth offsets of�120 � . Speci�cally, we prioritize
generating the pitch rotation before the azimuthal ones; this sequence ensures a global overview and
facilitates consistent background generation. To further strengthen coverage with aerial perspectives,
we apply an additional+60 � azimuth rotation to the pitched orbits. Crucially, we utilize ray-casting
to prevent the camera from clipping into the panoramic mesh. Trajectories that result in negligible
movement due to collision detection are discarded.

Surrounding Trajectories. To facilitate the visual quality of foregrounds during the scene genera-
tion, we design surrounding trajectories that circle around the most signi�cant objects, as shown in
Fig. 5(b). The orbit radius is adaptively adjusted based on the object's 3D size: larger landmarks are
observed from a greater distance to ensure the entire target �ts within the FoV. To ensure collision-free
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