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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, ¢) 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.
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Figure 1: Versatile applications of HY-World 2.0. Our framework unifies 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.



1 Introduction

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

World models have rapidly evolved into a transformative paradigm for Al, 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 offline 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 first open-source, system-
atic multi-modal world model that seamlessly unifies both “generation” and “reconstruction” within
an offline 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-fidelity, 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 offline
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 significantly 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 7rajectory Planning algorithm, called WorldNav,
is introduced to produce camera trajectories for subsequent world expansion, considering both
information maximization and obstacle avoidance. For , we upgrade our previous
controllable video model [62] to : 1) Rather than video generation, we perform
generation within a keyframe space, thereby achieving superior visual fidelity. 2) We introduce a more
consistent and robust memory mechanism. In the final 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 final 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.
Specifically, the pipeline begins with Panorama Generation (Sec. 3), which translates arbitrary text
or image inputs into a high-fidelity 360° 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 complete 360° x 180° field-of-view (FoV) from a fixed 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-fidelity 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



samples; and (2) introducing a dedicated 360° 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-fidelity panoramic synthesis, our data curation pipeline
builds upon the established framework of HY-World 1.0 [23] while significantly scaling up the
richness and diversity of the training data. Specifically, 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 configurations that are otherwise
difficult to obtain in the wild. To ensure data integrity, we implement a rigorous data filtering
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-fidelity 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 flexibility 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 unified latent space. By concatenating the conditional image latent with
the panoramic noise latent as a unified 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 flexibly 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 refinement 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 the 360° wrap-around
transition, ensuring a perfectly seamless and structurally coherent panoramic output.

4 World Generation Stage I1: Trajectory Planning

Task Formulation. Following the synthesis of a high-fidelity 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 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 first 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, PP, 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 filtering strategy, utilizing a
vision-language grounding pipeline [43, 34] to mask unbounded sky regions, and then removing
depth discontinuities (i.e., edge floaters). This panoramic point cloud PP*" 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. Specifically, 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 filtering to eliminate background outliers.

Simultaneously, we construct a Navigation Mesh (NavMesh) using Recast Navigation [50] to define
the traversable regions for the camera agent. To ensure physically plausible camera movement, we
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Figure 5: Illustration of five modes of trajectories planned in WorldNav. Some trajectories are
omitted for a simplified 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 v v X - -
Iterative X X v X X -

apply several geometric refinements 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 five 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 fixed origin of the panoramic space, as visualized in Fig. 5(a). First, we uniformly
subdivide the panorama into three perspective views with a 120° FoV-x. For each view, we define
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°. Specifically, 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 significant 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 fits within the FoV. To ensure collision-free



Domam-Adaptlon Middle- Tramlng Post-Dlstlllatlon
Camera Control Consistent Memory Fast Inference

Figure 6: Three training stages of WorldStereo 2.0, progressively enabling camera control, memory-
based consistency, and fast inference.

navigation, we uniformly sample 72 candidate nodes along the ideal circle and validate them via
ray-casting against the NavMesh. Valid nodes are then connected to form a continuous arc using
a bidirectional greedy search. To maintain a smooth path, we apply a tail pruning mechanism that
removes the ends of the trajectory if they diverge significantly from the intended circular direction.
Finally, we connect the start node to the nearest endpoint of the arc using the Dijkstra algorithm [13]
on the NavMesh.

Reconstruct-Aware Trajectories. To mitigate the gaps for the subsequent 3D reconstruction, we
introduce iterative reconstruction-aware trajectories that specifically target under-observed regions, as
illustrated in Fig. 5(c). In the panoramic mesh, these missing areas typically manifest as stretched and
sharp faces (refer to Fig. 4). We detect these regions by identifying mesh faces that exceed a heuristic
aspect ratio threshold. To prioritize significant reconstruction targets, we employ Non-Maximum
Suppression (NMS) to extract representative cluster centers of these degenerate faces and associate
them with their nearest semantic landmarks, establishing them as key reconstruction nodes. Similar to
surrounding trajectories, we generate candidate viewpoints around these nodes, selecting the endpoint
that aligns its vertical viewing angle with the missing region. When multiple candidates exist, we
prioritize the one offering the maximum visible range within the NavMesh. Moreover, to increase the
ratio of novel views, we append an iterative orbiting trajectory: starting from the selected endpoint,
the camera orbits the reconstruction node while maintaining a fixed gaze direction toward the target.

Wandering Trajectories. To maximize scene coverage and reach the environmental boundaries
of the scene, we present wandering trajectories as shown in Fig. 5(d). These paths simulate the
exploration of an autonomous agent, specifically targeting the farthest reachable points within
the panoramic scene. This trajectory is particularly effective for extending visibility in narrow
environments, such as streets and corridors. Formally, we partition the NavMesh into eight uniform
angular sectors relative to the origin. Within each reachable sector, we utilize the Dijkstra distance
field to identify and direct the camera toward the node farthest from the starting point.

Aerial Trajectories. Finally, we introduce auxiliary aerial trajectories to eliminate remaining
blind viewpoints, as visualized in Fig. 5(e). Specifically, we augment the existing surrounding
and wandering trajectories by applying a +45° upward pitch. To ensure geometric validity, this
pitch angle is dynamically reduced when the camera view intersects the panoramic mesh, thereby
preventing collisions.

S World Generation Stage III: World Expansion

Task Formulation. Building upon the high-quality panoramas (Sec. 3) and broad-coverage camera
trajectories (Sec. 4), we propose WorldStereo 2.0. As an upgrade to WorldStereo 1.0 [62], it
leverages camera-guided video generation to synthesize extensive novel views for world expansion.
As shown in Fig. 6, the training process consists of three stages, designed to enable camera control,
memory-based consistency, and efficient inference, respectively.

Overview of WorldStereo 2.0. WorldStereo 2.0 bridges camera-conditioned Video Diffusion Mod-
els (VDMs) and 3D scene reconstruction by enabling consistent multi-trajectory video generations
with geometry-aware memories in the keyframe latent space, as summarized in Tab. 2 and visualized
in Fig. 7. Specifically, we first rethink the limitations of the standard Video-VAE in Sec. 5.1, whose
spatio-temporal compression often leads to artifacts that degrade downstream reconstruction—and
instead formulate WorldStereo 2.0 in a keyframe latent space with precise camera control to preserve
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branch is enhanced by the retrieval-based improved Spatial-Stereo Memory (SSM++) for fine-grained
consistency. (b) The camera control branch is guided by the panoramic point cloud, serving as Global-
Geometric Memory (GGM) to confirm precise camera trajectory following and geometry-aware
consistency. Here, we omit the VAE encoding/decoding for simplicity.

Table 2: Different video generation schemes for 3D reconstruction. Native video diffusion models
(VDMs) need to produce long trajectories in a single pass to cover diverse viewpoints as much as
possible. Autoregressive (AR) models sequentially generate long videos. WorldStereo 2.0 achieves
multiple consistent generations based on a high-fidelity keyframe latent space with complementary
viewpoints and memory mechanisms for subsequent reconstruction.

Paradigms Native VDM AR WorldStereo 2.0
Receptive Field Bidirectional ~ Autoregressive Bidirectional

Trajectory Length/Num  Long/Single Long/Single Medium/Multiple
Latent Space Video Clip Video Clip Keyframe Image

Frame Quality e @ e
Frame Redundancy e e e
Precise Camera Control © e e
Consistency e e e
Efficiency e e e

high-frequency appearance and geometric cues better. To further ensure coherent expansion across
trajectories, it incorporates two complementary memory modules in Sec. 5.2: Global-Geometric
Memory (GGM) that maintains globally consistent coarse scene structure, and Spatial-Stereo Mem-
ory (SSM) that reinforces local correspondence and fine-grained details. Together, these designs
enable visually faithful and geometrically consistent world expansion suitable for subsequent 3D
reconstruction. Finally, we introduce the acceleration of our model (Sec. 5.3).

5.1 Domain-Adaption: Camera-Guided Keyframe Generation

During the phase of domain-adaption training, we tame the VDM into a camera-controlled keyframe
generator to follow pre-defined camera trajectories. We first introduce the keyframe latent space to
confirm high-fidelity generation, followed by the explicit camera control with a unified point cloud
and camera ray guidance.

Keyframe-based Spatial Variational Autoencoder. Existing camera-guided VDMs often generate
redundant frames when camera motion is slow or smooth, thereby failing to satisfy the requirements
of broad and diverse viewpoints for reliable 3D reconstruction. We attribute this issue largely to
a common design choice in latent-based VDMs [81, 64, 63]: videos are compressed by a spatio-
temporal Video-VAE. In such spatio-temporally compressed latent spaces, fast camera motion tends
to cause severe quality degradation in both generation and reconstruction, as shown in Fig. 8. Inspired
by FlashWorld [39], we rethink the importance of preserving the latent fidelity and propose to perform
scene generation in a keyframe latent space using Keyframe-VAE (see Fig. 9(b)). Formally, given

keyframes {V,} zl;rlT Mg RIXHXWXS '\we apply the causal-padding image encoder independently

1

to each keyframe to obtain latent features {FZ}Z;T e RM ¥ X% XC for training WorldStereo 2.0,
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generated novel views, particularly under large viewpoint changes. Please zoom in for details.
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Figure 9: Keyframe-VAE in WorldStereo 2.0 versus a standard Video-VAE [64]. Unlike (a)
Video-VAE, which performs spatio-temporal compression, (b) Keyframe-VAE applies spatial-only
compression to better preserve high-frequency details and reduce artifacts essentially caused by
Video-VAE encoding (e.g., motion blur and geometric distortion). Specifically, Keyframe-VAE loops
the causal padding-based image encoding over (1 + T} ) times with a sparse frame set (T 5 << Tiq)
that spans the same viewpoint changes by sampling at larger temporal intervals.

where H, W, C indicate frame height, width, and latent feature channel, respectively. Thanks to
the high-fidelity image preservation of most open-released Video-VAEs [81, 37, 64, 63]', we can
directly inherit their model architectures by treating each keyframe as an image, i.e., applying iterative
spatial compression without temporal compression. A potential concern is that, for the same token
length, keyframe latents contain fewer frames than standard video latents (T} < T7;4), which may
reduce the viewpoint coverage available for camera control. Empirically, we increase the keyframe
sampling interval to maintain the same viewpoint coverages, while Keyframe-VAE achieves superior
fidelity with comparable camera controllability as verified in Fig. 8(b) and Tab. 7. Furthermore, we
claimed that most discarded video frames are visually repetitive and thus largely redundant for the
subsequent reconstruction stage. Additionally, the independent property of Keyframe-VAE enables
good parallelizability, thereby largely strengthening both VAE encoding and decoding.

"Most Video-VAEs separately encode the first frame as image encoding via causal zero-padding to preserve
high-fidelity information for image-to-video generation.

11
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Figure 10: Data construction of WorldStereo 2.0 memory training. (a) The global point clouds
built for the GGM training with one reference view and T,; = 2 target views. (b) Trajectory retrieval
strategies for SSM++ training tailored to dataset characteristics: temporally misaligned retrieval for
existing multi-view data (top), and multi-trajectory retrieval for synthetic data (bottom).

Explicit Camera Control. Following [8, 62], WorldStereo 2.0 is built upon the pre-trained video
DiT and integrated with a lightweight transformer-based camera adapter trained from scratch, as
shown in Fig. 7(b). Formally, WorldStereo 2.0 incorporates both camera Pliicker rays [58] and
point clouds as complementary camera guidance to enable explicit and precise camera control for
subsequent 3D reconstruction. In the domain-adaption, we only use the point cloud P"¢/ ¢ RV*3
extracted from the reference view I"¢f € RT*Wx3 (N < HW  after filtering floaters), instead of

Thy o
=7, indicated as:

Pl (z) ~ RS7YD(2)K; ', (D

the panoramic point cloud. We warp it into each target view to obtain {P!%"}

where R{™" and K; denote the camera-to-world and intrinsic matrices of target view ¢; D(+) is
the monocular depth [67] estimated on the reference view at pixel x, and % is the homogeneous
pixel coordinate. We then render the warped point clouds into view-wise keyframes [53] and encode
them into latent features using the Keyframe-VAE. Compared with Uni3C, which trains only the
control branch, we also fine-tune a subset of the Diffusion Transformer (DiT) backbone [51] to
match the keyframe latent space better. Specifically, we freeze the cross-attention and feed-forward
layers during the domain-adaption stage, which gives the best trade-off between performance and
generalization in our ablations (see Tab. 7).

5.2 Middle-Training: Memory Mechanism

In the middle-training stage, we adapt the global-geometric and spatial-stereo memory mechanisms
proposed in [62], tailoring them for panoramic scenarios and the keyframe-based VDM to ensure
frame consistency across diverse trajectories.

5.2.1 Global-Geometric Memory

Global-Geometric Memory (GGM) renders extended point clouds into videos as global 3D priors
to generate multiple consistent videos, as illustrated in Fig. 7(b). Particularly in panoramic scenes,
GGM allows WorldStereo 2.0 to internalize 360° environmental structures, significantly improving
geometric consistency. Although point clouds have been used for camera control in WorldStereo 2.0,
they previously served merely as soft camera guidance rather than forcing the VDM to strictly adhere
to these 3D representations [8]. While this behavior is beneficial for preserving the generalization of
camera-guided VDMs against degradation caused by inferior monocular depth, it leads the model
to ignore most geometric structures in the point clouds, even when the point clouds are perfectly
reconstructed. To overcome this, we fine-tune the WorldStereo 2.0 using videos rendered by extended
global point clouds P9!° beyond the reference points P7¢f ¢ RV*3 as:

pole = [pref P| ¢ RVFV)x3, )
where P € RV*3 denotes the additional point clouds randomly sampled from T}, novel views, as

shown in Fig. 10(a). Furthermore, to prevent overfitting to the point clouds from novel views during
training, we employ robust augmentation strategies, as detailed in Sec. 5.2.3. For inference, we
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Figure 11: Illustration of the RoPE [59] modification in SSM++. Target frames are spatially
concatenated with their corresponding retrieved reference views along the horizontal axis (resulting
in width 2W). Crucially, each retrieved view inherits the temporal index of its paired target frame
before being fed into the main DiT branch.

define the panoramic point cloud PP*" from Sec. 4.1 as the global point cloud, which covers 360°
viewpoints’ information as effective geometric guidance.

5.2.2 Improved Spatial-Stereo Memory

While GGM maintains global structural coherence using point clouds, it often struggles to preserve
fine-grained details and is prone to accumulating errors. Many previous studies [84, 87, 55, 38]
retrieve historical reference frames and jointly model all frames via full-attention. However, we
cannot guarantee the continuity of retrieved frames (e.g., panoramic scenarios). These disparate,
unordered reference views further hinder the VDM learning process. To overcome these issues,
WorldStereo [62] draws inspiration from the traditional stereo matching [49] and the reference-based
inpainting [6] and proposes the Spatial-Stereo Memory (SSM), which discretely retrieves reference
views and spatially stitches each with its corresponding target view. By constraining the attention
receptive field to each retrieval-target pair and utilizing pointmap guidance, SSM effectively recovers
details by establishing correspondence within the stitched pairs.

In the WorldStereo 2.0, we advance this design with SSM++, retaining the core concept of horizontal
retrieval stitching while introducing significant improvements. First, we discard the separate memory
branch used in WorldStereo and instead directly incorporate retrieved keyframes into the main DiT
branch (Fig. 7a). Second, as illustrated in Fig. 11, we modify the Rotary Positional Embedding
(RoPE) [59] to accommodate this integration. Each target view is horizontally stitched with its
retrieved counterpart, sharing the same temporal index. Unlike WorldStereo, which enforces a
retrieval for every view, SSM++ selectively retrieves only the most relevant keyframes from the
memory bank. This selective strategy significantly reduces redundant computation and memory
overhead. Third, we transition from restricted attention to a full fine-tuning strategy. During the
mid-training stage, we remove the constraints on attention receptive fields (except for cross-attention
layers), enabling the model to learn global context across all target and retrieved features via full self-
attention. Finally, to enhance flexibility, we replace the explicit pointmap guidance of WorldStereo
with implicit camera embeddings. Formally, we normalize all input camera poses to a unified world
coordinate and represent them as 7-dimensional vectors (quaternion and translation). These vectors
are then encoded by a 3-layer MLP into camera tokens, which are added to the target and retrieved
keyframe features via zero-initialization to provide geometry-aware perception.

Memory Bank and Retrieval Strategies. We adopt distinct retrieval strategies during the mid-

training stage to accommodate varying data properties, as illustrated in Fig. 10(b). Practically, training
SSM++ requires multi-view videos to construct target-retrieval pairs, which is difficult to obtain
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in practice. To address this, we employ the temporally misaligned retrieval to existing multi-view
data [41, 74, 68, 1]. Specifically, we randomly select frames from the retrieval trajectories with a
specified temporal overlap (30% to 90%) relative to the target frames. Consequently, unlike simple
interpolation, this strategy introduces several retrieved frames that lie outside the target trajectory,
thereby increasing training difficulty and enhancing model robustness. Additionally, we construct a
synthetic dataset using UE, featuring multiple trajectories for each asset. For this synthetic data, we
employ multi-trajectory retrieval, which selects the most relevant frames from alternative trajectories
based on 3D FoV similarity [62]. Furthermore, we apply data augmentation to the retrieved frames to
further strengthen SSM++ generalization. Furthermore, we apply data augmentation to the retrieved
frames to further strengthen SSM++ generalization, as detailed in Sec. 5.2.3.

During inference, perspective views subdivided from the input panorama serve as the initial memory
bank. Subsequently, the memory bank is incrementally updated with generated keyframes, storing
both RGB images and camera parameters for 3D-FoV retrieval. To reduce the computational overhead
for each video clip’s generation, we limit the retrieval to a maximum of T;. keyframes (T}, < Ty ).

5.2.3 Memory Augmentation

To mitigate the potential error accumulation stemming from imperfect point clouds and the retrieved
generation, we employ comprehensive data augmentations during the middle-training stage to improve
the robustness of memory components.

For GGM, we employ specific strategies to degrade the training depth, thereby simulating the
inference imperfections: 1) We apply bilinear interpolation to downsample 50% of the depth maps,
simulating the “depth bleeding” artifacts; 2) For 10% of the samples, we apply a small Gaussian filter
to the depth maps to create artificial floaters [79]; 3) We retain the raw monocular aligned depth for
50% of the real-world dataset samples [41, 1, 74] without any post-filtering, preserving native floaters
and noises. Notably, we empirically find that aggressive degradation strategies, like point cloud
distortion used in [79], are not suitable for GGM. Such strong augmentations excessively weaken the
geometric guidance provided by the point clouds, resulting in inconsistent geometry across multiple
generated videos. For SSM++, we randomly perform the motion blur and color jitter on the retrieved
frames. Moreover, we randomly crop the target and retrieved images to simulate varying visibility
ranges and FoV overlaps in the inference scenarios.

5.3 Post-Train: Model Distillation

During the post-distillation, we apply the modified Distribution Matching Distillation (DMD) [83] to
accelerate the inference of WorldStereo 2.0. DMD extends the idea of Variational Score Distillation
(VSD) [71], distilling a few-step diffusion student Gy through the approximate Kullback-Liebler (KL)
divergence built from the difference between the frozen real score function s,..,; and the trainable
fake score function ss41.. The updating gradient of DMD can be written as:

d
VLpwp = —E¢ (/ (Sreat (T4, 1) — Stake (T, 1)) dl;d2> , 3)

where © = Gy(2) denotes the student generation given random Gaussian noise z ~ N(0;I) and
t ~U(0,1), while z; ~ q;(z¢|z,t) indicates the forward diffusion process.

The generator G of WorldStereo 2.0 is distilled into a 4-step DiT. Gy, Sreal> Sfake are all initialized
from the same VDM after the middle-training phase: s;..q; is frozen, while Gy and s fqx. are fully
trainable. Following [83], we train 4k, 5 times per generator update. The stochastic gradient
truncation [22] is employed to stabilize the training phase. We omit the GAN loss, as we found its
impact to be insignificant while substantially slowing down training. Different from WorldStereo [62],
which only distilled on the camera control task with a frozen memory branch due to a shortage of
annotated memory data (specifically, the requirement for well-aligned depth for memory guidance).
In contrast, benefiting from the flexible, explicit-guidance-free SSM++ and the abundance of high-
quality UE rendering data, WorldStereo 2.0 enables full fine-tuning of the post-distillation within the
memory-based training. Although this choice is slightly more costly, we find that it simultaneously
enhances both camera control precision and memory capability.
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Figure 12: Model architecture of WorldMirror 2.0, which is a unified feed-forward model that takes
multi-view images with optional geometric priors (camera poses, intrinsics, depth maps) as input,
and simultaneously predicts dense point clouds, depth maps, surface normals, camera parameters,
and 3DGS through a shared Transformer backbone with task-specific DPT decoder heads.

6 World Reconstruction: WorldMirror 2.0

Before detailing the final world composition stage (Sec. 7), we first introduce our upgraded feed-
forward 3D reconstruction model, WorldMirror 2.0, which serves as the crucial bridge between
2D keyframe generation and 3D world composition. While world generation aims to synthesize
explorable 3D worlds from sparse inputs (e.g., single-view images or texts), world reconstruction
focuses on recovering geometrically accurate 3D spatial relationships from dense 2D visual observa-
tions (i.e., multi-view images or videos). In HY-World 2.0, we build this reconstruction capability
upon WorldMirror [44], a unified feed-forward model for comprehensive 3D geometric prediction.
We address three key limitations of WorldMirror 1.0: (1) degraded performance at non-training
resolutions, (2) limited depth geometric consistency due to the lack of explicit depth-normal coupling,
and (3) prohibitive memory and latency when scaling to large numbers of views. These are tackled
through improvements in model architecture (Sec. 6.2), training data and supervision, and training
strategy (Sec. 6.5), respectively. Consequently, WorldMirror 2.0 not only functions as a powerful
standalone reconstruction foundation but also acts as the core geometry extractor for the generated
views in our pipeline. Fig. 12 illustrates the overall model architecture, and Tab. 3 summarizes the
key differences between WorldMirror 1.0 and WorldMirror 2.0.

6.1 Revisiting WorldMirror 1.0

WorldMirror [44] is a unified feed-forward model for comprehensive 3D geometric prediction (see
Fig. 12). A core design is Any-Modal Tokenization, which encodes all input modalities, including
images, camera poses, intrinsics, and depth maps, as tokens within a unified sequence. During
training, each prior modality is independently dropped with probability 0.5, enabling flexible control
over input modalities at inference time. These tokens are jointly processed by a Transformer backbone
with global-local attention mechanisms and decoded by multiple DPT heads [65] to produce 3D point
maps, multi-view depth maps, surface normals, camera parameters, and pixel-wise 3D Gaussian
Splatting attributes in a single forward pass. To decouple geometry learning from appearance
modeling, WorldMirror employs a two-phase curriculum: geometry heads (point map, depth, camera,
normal) are jointly trained in the first phase, then all geometry parameters are frozen while only the
3D Gaussian head is trained in the second phase.

6.2 Model Improvements

As summarized in Tab. 3, we introduce three key model-level improvements in WorldMirror 2.0:
normalized position encoding for flexible resolution inference, explicit normal-based supervision for
depth via a depth-to-normal loss, and a dedicated depth mask prediction head for robust handling of
invalid pixels. We further describe data improvements (Sec. 6.3), inference efficiency optimizations
(Sec. 6.4), and training strategy improvements (Sec. 6.5) in subsequent subsections.
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Table 3: Comparison between WorldMirror 1.0 and WorldMirror 2.0. Improvements are
organized by model architecture (Sec. 6.2), training data, and training strategy (Sec. 6.5). The bottom
section summarizes the resulting capability gains.

Component WorldMirror 1.0 WorldMirror 2.0
Model Improvements (Sec. 6.2)

Position Encoding Absolute RoPE Normalized RoPE
Depth Supervision GT depth only GT depth + GT/Pseudo normal
Invalid Pixel Modeling Confidence only  Confidence + Depth mask head
Acceleration None Token/Frame SP + BF16 + FSDP
Data Improvements (Sec. 6.3)

Data Open-sourced + Internal UE renderings
Pseudo-Label Enhancement X Normal pseudo-labels
Training Strategy (Sec. 6.5)

Image Res./Num. Sampling Independent Token-budget dynamic
Curriculum Stages 2 stages 3 stages

Resolution Sampling 100K-250K pixels 50K-500K pixels

Resulting Capabilities

Flexible Resolution Inference
Depth Geometric Consistency
Robust Invalid Pixel Handling
Training Efficiency

Inference Efficiency

Overall Reconstruction Quality

(YR OIDID)
O06GOO

6.2.1 Normalized Position Encoding

Motivation. WorldMirror 1.0 adopts the standard RoPE [59] to inject 2D spatial awareness
into multi-head self-attention. Each patch is assigned its absolute integer grid index (i,j) €
{0,...,Hy—1} x {0,...,W,—1}, which is used to compute position-dependent rotation angles.
While effective at a fixed resolution, this scheme introduces a fundamental limitation for multi-
resolution inference: when the test resolution exceeds the training resolution, a significant portion of
patch indices fall outside the range observed during training (i.e., position extrapolation), leading to
degraded predictions. Conversely, when the test resolution is lower, the index space is under-utilized,
causing a distribution shift in the attention pattern.

Method. Inspired by DINOv3 [57], we replace the absolute integer coordinates with normalized
coordinates that map all patch positions into a fixed [—1, 1] range regardless of the input resolution.
Specifically, given an input image with a patch grid of size H, x W, (where H, = H/p and
W, = W/p for patch size p), we compute the normalized coordinates for each patch (¢, j) as:

241 .24l
€Ty = — 1, y: — 1,
’ H, ’ Wy

“

where &;,7; € [—1,1]. The +1 offset in the numerator ensures pixel-center alignment, prevent-
ing boundary patches from collapsing onto £1. We normalize the height and width dimensions
independently, which preserves aspect ratio information and generalizes better to non-square inputs.
These normalized coordinates are then fed into the standard 2D RoPE computation to produce
position-dependent rotations for each query and key token in attention.

Analysis. The key advantage of normalized position encoding lies in converting resolution extrap-
olation into interpolation. With standard RoPE, an 8-patch training grid occupies integer indices
[0, 7]; at inference on a 16-patch grid, indices [8, 15] are entirely out-of-distribution. Normalized
RoPE maps both grids into [—1, 1], so inference-time coordinates are simply a denser sampling
of the same range. We verify this in Fig. 13: (a) normalized RoPE maintains consistently high
cross-resolution cosine similarity (> 0.95), whereas standard RoPE degrades significantly; (b, c¢)
the mean and standard deviation of encoding values remain stable under normalized RoPE, while
standard RoPE exhibits systematic mean drift.
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Figure 13: Analysis of normalized position encoding. (a) Average cosine similarity of center-
point RoPE encodings to other resolutions. Normalized RoPE maintains high cross-resolution
consistency (> 0.95), while standard RoPE degrades significantly. (b) and (c¢) show the mean
and standard deviation of encoding values across resolutions, respectively. Normalized RoPE
exhibits near-constant statistics, whereas standard RoPE shows systematic mean drift, confirming
that normalization converts position extrapolation into interpolation.

6.2.2 Explicit Normal Supervision for Depth Estimation

Motivation. In WorldMirror 1.0, the depth and normal prediction heads are independently su-
pervised without explicit geometric coupling between the two quantities. Moreover, real-world
multi-view datasets often contain noisy or incomplete depth annotations, while monocular depth
pseudo labels suffer from multi-view inconsistencies. These challenges motivate us to introduce an
alternative supervision pathway that explicitly couples depth with normals.

Method. We introduce a depth-to-normal loss (L42q) that converts predicted depth into surface
normals via back-projection and cross products, and supervises the derived normals against normal

targets. Specifically, given a predicted depth map D, and camera intrinsics K, we compute the
derived normal N; as:

&)

< . (0P, OP;
N;(x) = normalize ( 0 = oo

) y Pz = Kﬁllji . [U,’U, 1}T,

where partial derivatives are approximated by finite differences from four quadrant directions and
robustly aggregated. The loss is defined as the angular error between the derived and target normals:

1
m Z arccos

eV

N;(x) - Ni(z)

[, n — N —
" NG () | [N ()|

; (6)

where N; denotes the normal supervision target and V is the set of valid pixels. The choice of normal
target depends on the data source:

* Synthetic datasets: N; is obtained by applying the same depth-to-normal transform to the
ground-truth depth, which provides clean and multi-view consistent supervision.

« Real-world datasets: N; is the pseudo normal predicted by a monocular normal estimation
teacher model (see Sec. 6.3), which offers dense and reliable surface orientation supervision
without multi-view inconsistency.

Through this mechanism, the depth head receives effective geometric supervision from normals on
all datasets, even those lacking reliable depth ground truth.

6.2.3 Depth Mask Prediction

Real-world depth data frequently contains invalid pixels due to sensor noise, occlusion boundaries,
transparent surfaces, and sky regions. WorldMirror 1.0 handles pixel reliability through learned
confidence weights that modulate the training loss, but does not produce an explicit per-pixel validity
prediction at inference time, forcing downstream applications to rely on heuristic thresholds. To
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address this, we augment WorldMirror 2.0 with a dedicated depth mask prediction head that outputs
a per-pixel validity logit 7i2(x), trained with a binary cross-entropy loss:

—Wl| > [m*(x)logo(rm(x)) + (1 — m*(x))log(1 — o (rm(x)))], @
zeM

where m*(z) € {0, 1} denotes the ground-truth validity label and M is the set of pixels with known
validity. For synthetic datasets, ground-truth masks are derived from rendering pipelines where
invalid regions are precisely known. For real-world datasets, we generate pseudo labels by identifying
pixels with extreme depth values, large depth discontinuities, or sky regions. At inference time, the
predicted mask enables downstream applications to selectively filter invalid pixels, improving the
robustness of point cloud fusion and 3D reconstruction.

£mask =

6.3 Data Improvements

We expand the training data of WorldMirror 2.0 with two key additions. First, we incorporate high-
quality synthetic renderings from Unreal Engine scenes, which provide pixel-accurate ground-truth
geometry in diverse indoor and outdoor environments. Second, we adopt a normal-only pseudo-
label enhancement strategy for real-world datasets. A natural approach is to use monocular depth
estimators to produce pseudo depth labels; however, we observe that independently predicted per-view
depths introduce multi-view geometric inconsistencies (visible as point cloud layering artifacts).
Surface normals, by contrast, describe local orientation without requiring global metric consistency,
making them inherently more robust as pseudo labels in multi-view settings. We therefore employ
a monocular normal estimation teacher model to predict dense normals per view and use them as
pseudo supervision targets: directly for the normal head via an angular loss, and indirectly for the
depth head through the depth-to-normal loss L4, (Sec. 6.2.2).

6.4 Inference Efficiency Improvements

WorldMirror 1.0 runs on a single GPU with FP32 weights, which limits the maximum number of
views and resolution at inference time. WorldMirror 2.0 introduces three complementary acceleration
strategies to enable scalable multi-GPU deployment. First, we adopt sequence parallelism at two
granularities: token-level parallelism for the Transformer backbone, where the input token sequence is
partitioned across GPUs and redistributed via All-to-All collectives at each attention layer, and frame-
level parallelism for the DPT decoder heads, whose convolutional layers operate independently on
per-view feature maps and do not benefit from token-level partitioning—per-view features are instead
redistributed so that each GPU decodes a disjoint subset of complete frames. Second, following
VGGT-X [65], we apply selective mixed-precision inference by casting most parameters to BF16
while keeping a small set of precision-critical modules in FP32, halving the memory footprint with
negligible accuracy loss. Third, we employ fully sharded data parallelism (FSDP) to shard model
parameters across GPUs, with each Transformer block and DPT head wrapped as an independent
FSDP unit. These three strategies are complementary: sequence parallelism distributes computation
and activation memory, mixed-precision reduces per-element cost, and FSDP shards weight memory.
Together, they enable WorldMirror 2.0 to process substantially larger inputs while reducing per-GPU
memory consumption and wall-clock time (Sec. 8.2).

6.5 Training Strategy Improvements

Token-based Dynamic Batch Sizing. WorldMirror 1.0 independently samples the per-image
resolution and the number of views at each training iteration. Since GPU memory must accommodate
the worst-case joint maximum (i.e., highest resolution X maximum view count), this independent
sampling strategy leads to substantial GPU memory under-utilization in practice, as most sampled
configurations fall well below this ceiling.

We address this with a foken-budget-first strategy. Concretely, we fix a maximum token budget T«
per GPU (e.g., 25,000 tokens). At each iteration, we first sample the per-image resolution (pixel
count from a configurable range, e.g., S0K-500K) and aspect ratio, then compute the per-image token
countt = % X %. The maximum number of views is then derived as:

. T
Nmax = min (Ncap7 {TJ) , (8)
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Figure 14: The pipeline of depth alignment. We align the WorldMirror depth estimated from
generated keyframes with the panoramic point cloud. The point cloud is rendered as geometric
guidance, identifying reliable regions to supervise the linear alignment. The outlier detection process
effectively eliminated and corrected the alignment coefficients based on global statistics.

where N, is the architectural view-count cap (e.g., 48). The actual view count is uniformly sampled
from [Npin, NVinax]- When the sampled view count is smaller than Ny,,, multiple samples are packed
into the same GPU to fill the token budget, ensuring the tightly bounded token count for each GPU:

H
71total =Nx—x K S Tmaxa (9)
p p

where N is the total number of images on one GPU, including multiple samples. This design
consistently achieves near-full GPU memory utilization regardless of the sampled resolution, exposes
the model to more diverse resolution—view-count combinations during training, and eliminates
out-of-memory errors without conservative memory provisioning.

Multi-Stage Curriculum Learning. WorldMirror 1.0 employs a two-phase curriculum: geometry
heads are jointly trained first, then all geometry parameters are frozen while only the Gaussian head
is trained. In WorldMirror 2.0, we further decompose the geometry training into two sub-stages,
yielding a three-stage pipeline: Stage 1 trains all geometry heads using native annotations without
pseudo-label enhancement or the depth-to-normal loss; Stage 2 introduces the depth-to-normal loss
(Sec. 6.2.2), while significantly increasing the proportion of synthetic data to improve geometric
precision; Stage 3 freezes the backbone and all geometry heads, training only the 3DGS head
initialized from the depth head weights.

7 World Generation Stage IV: World Composition

Task Formulation. We define the input for this stage as a tuple containing the initial panorama
IPe™ (Sec. 3), its corresponding panoramic point cloud P?¢™ (Sec. 4.1), and the whole set of T,
novel keyframes {Vi}f;”i generated from WordExpand (Sec. 5) based on pre-defined trajectories

{ Ci}?;ﬁ (Sec. 4). The goal of World Composition is to integrate these inputs into a unified, navigable
3D representation. This process consists of two sequential steps:

1) Point cloud expansion (Sec. 7.1): constructing a globally aligned point cloud P by expanding
PPe” with generated keyframes.

2) 3D scene optimization (Sec. 7.2): training a 3DGS, initialized with the expanded point cloud P, to
synthesize the complete high-fidelity 3D world.
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Figure 15: Comparison of reconstructed point clouds. (a) Reference panoramic point cloud
estimated by MoGe2 [67]. (b-d) Results from state-of-the-art feedforward reconstruction methods:
Mapanything [32], DepthAnything3 (DA3) [40], and WorldMirror 2.0. (e) WorldMirror 2.0 with the
proposed depth alignment. Note that for all feedforward methods (b-d), the 10% of points with the
lowest confidence are filtered out, and sky points are manually cropped for better visualization.

7.1 Point Cloud Expansion
7.1.1 Reconstruction via WorldMirror 2.0

We employ the state-of-the-art feedforward reconstruction model, WorldMirror 2.0 (a core component
of HY-World 2.0, as detailed in Sec. 6), to reconstruct globally aligned point clouds and depth maps
for point cloud expansion, as illustrated in Fig. 14. Specifically, we first downsample a subset of 77
frames from the fully generated sequence of T, frames. Subsequently, WorldMirror 2.0 is applied to
estimate the per-frame depth and normal maps for this subset, conditioned on their respective camera
poses as geometric priors:

DN = 8 ({V,, Gy (Vi G ) (10)
where ®(-) denotes the WorldMirror 2.0 network; {V;, C; }]-Ti“‘l" represents the perspective views
and their corresponding camera parameters subdivided from the initial panorama I7*". Although
WorldMirror 2.0 is not explicitly tailored for panoramic reconstruction, it performs well when
combined with our generated keyframe sequences. Furthermore, we empirically demonstrate that
WorldMirror 2.0 benefits significantly from camera conditions, outperforming other state-of-the-art
feedforward reconstruction methods [32, 40] under identical conditional settings as verified in Fig. 15.

7.1.2 Depth Alignment

Although WorldMirror 2.0 generates high-quality depth maps {D;”}iT;’i, they suffer from scale
ambiguity and fail to align with the world coordinate of the panoramic point cloud P?*". Moreover,
while WorldMirror outperforms other feed-forward reconstruction methods under camera conditions,
it still struggles in highly challenging outdoor scenes, as illustrated in the third row of Fig. 15.
Therefore, we propose a robust alignment strategy to rectify WorldMiror depth D} into an aligned
depth map DY using the panoramic point cloud P?%"* as the geometric guidance.

Formally, we render P?*" from the viewpoint of C; to obtain the sparse guidance depth DY, as
illustrated in Fig. 14. The alignment process is formulated as:

D? = Palign (DT,vaMz) ’ (11)

where M; denotes the reliability mask for view ¢, indicating valid overlapping regions where the
alignment should be enforced. We define M, as the intersection across several empirical masks:

M; = M™ N M{ N M? 0 M? 0 M, (12)

where M and MY represent the valid projection regions of the WorldMirror confidence and the
panoramic guidance, respectively, with edge floaters removed. M enforces normal consistency,
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excluding regions where the angular deviation between the WorldMirror normal N7 and the derived
panoramic normal NY exceeds 90 degrees. To mitigate occlusion artifacts shown in the guidance
depth of Fig. 14, we employ a percentile-based statistical filter M? to discard outliers with significant

relative depth discrepancies. Finally, we omit the sky regions using the non-sky mask Mfky identified
by SAM3 [9] in video mode.

Subsequently, we perform a RANSAC-based linear alignment over the valid regions defined by M
to estimate a scale ~y; and shift /3;, yielding a transformation as D¢ = v, D™ + 3;2. Due to the high-
quality initial depth provided by WorldMirror 2.0, we empirically find that per-frame linear alignment
is sufficient for our scenarios, thus obviating the need for complex non-linear refinements [54, 21].
However, erroneous alignment coefficients may still occur, particularly when the valid guidance
masks are overly sparse or the camera trajectories are highly challenging. To address this, we propose
an outlier detection and revision strategy based on the global distribution of the alignment coefficients

{v, 6,-};:1'. Specifically, we set Q = 9 anchor depth values {Aq}qQ:1 uniformly distributed across the
scene’s depth range. For each frame 4, we compute the transformed anchor values V; , = v; 44 + B;.
The maximum relative deviation for each coefficient pair (v;, 5;) is then formulated as:

Vi,q — f}q

q Vq

V& = max (

) . Vg =medianjcqr, 71 (V)g), (13)

where V), represents the median transformed value of anchor g across all frames. Any coefficient
pair (v;, 8;) whose maximum relative deviation V"** exceeds the 90-th percentile is regarded as an
outlier. These outliers are then replaced by the nearest inlier coefficient pairs within the same video
sequence. If an entire sequence is detected as an outlier, we discard all its depth maps. Finally, upon
obtaining the aligned depth maps {Df}}iT;“i, we back-project them into 3D space to construct the
extended point cloud P“*. The union of this extension and the original panorama, P?%" U P<*, is

then further voxel-downsampled to yield the final expanded point cloud P e RNV*3,

7.2 3D Gaussian Splatting

Task Formulation. Given the panorama IP*", expanded point cloud P, and and a set of T.,
generated novel keyframes along with their corresponding camera parameters {V;, Cq;};frz”l‘, we
optimize a 3DGS model [33] to serve as the final scene representation.

Initialization. We initialize the 3DGS model using the expanded point cloud P. Each 3D Gaussian
is parameterized by a set of learnable attributes, including an opacity oy, € [0, 1], a center position
w;, € R**1 and a 3D covariance matrix X; € R3*3. Following [33], to ensure the covariance
matrix remains positive semi-definite during optimization, 3, is decomposed into a scaling matrix
S;. and a rotation matrix R, formulated as X, = RSy SkT.RkT.. Furthermore, we empirically
observe that the generated scenes exhibit negligible view-dependent effects. Therefore, instead of
employing Spherical Harmonics (SH) for appearance modeling, we adopt view-independent RGB
colors ¢, € R3 as the color features for each Gaussian, reducing both redundancy and complexity.

Growth Strategy and MaskGaussian. During the 3DGS training on generated data, we observe
a dilemma regarding the adaptive densification mechanism [33]. On the one hand, relying solely

on the initial point cloud P without densification leads to a conflict between rendering efficiency

and detail preservation. Specifically, P exhibits a spatially uneven distribution, over-populating
low-frequency regions (e.g., sky and flat surfaces) with redundant Gaussians that degrade real-time
rendering efficiency. While applying a uniform voxel downsampling (with a voxel size v) can mitigate
this redundancy, it severely undermines the reconstruction quality in high-frequency regions, which
inherently require denser Gaussian coverage to faithfully capture fine-grained textures. On the other
hand, enabling the standard growth strategy, which periodically densifies Gaussians via cloning and
splitting based on view-space positional gradients, successfully recovers these high-frequency details
but inevitably introduces severe floating artifacts (floaters). These artifacts predominantly originate
from sky regions, where the generated depth supervision is unavailable.

*In practice, we apply the alignment in the disparity space instead of the depth space for better foreground
alignment. To avoid confusion, we omit the disparity transformation for simplicity.

21



To resolve this dilemma and simultaneously achieve rendering efficiency and high-fidelity detail
reconstruction, we adopt a two-pronged approach. First, we segment the initial point cloud P into sky
and scene subsets, denoted as Py, and Pgcene, respectively. The standard growth strategy is applied
exclusively to Pgcene, €nabling necessary densification in texture-rich regions while strictly preventing
the sky from spawning floaters. To further eliminate redundant Gaussians in over-populated areas
and suppress residual floating artifacts, we integrate MaskGaussian [45]. Instead of relying on
heuristic hard-pruning, MaskGaussian models the existence of each Gaussian as a probabilistic entity.
Concretely, for the k-th Gaussian, a binary mask M, € {0, 1} is sampled via Gumbel-Softmax [25]
from learnable mask logits. This mask is then incorporated into the tile-based rasterizer through
a masked-rasterization scheme. For a given pixel x, the rendered color c(x) and transmittance
evolution 7}, are reformulated as:

N

C(X) :ZMkaUka, Tk+1 :Tk(l—MkO'k), (14)
k=1

where o}, denotes the opacity and 7}, is the accumulated transmittance of the k-th Gaussian in depth
order (77 = 1). When M}, = 0, the Gaussian’s color contribution is negligible, and it consumes no
transmittance. Crucially, thanks to the Gumbel-Softmax relaxation, it still receives gradients during
the backward pass, allowing for a dynamic reassessment of its importance as the scene optimization
evolves. To encourage sparsity, a squared loss regularizes the average mask activation:

1 ’
Lnask = Am (N;Mk) , (15)

which is added to the overall training objective Lgg. During training, Gaussians whose activation
probabilities consistently remain near zero are permanently pruned. This adaptive mechanism
preferentially eliminates redundant Gaussians in over-populated low-frequency areas while preserving
essential primitives in detail-rich regions. Consequently, it simultaneously accelerates rendering
speed and suppresses floaters through the implicit regularization induced by probabilistic masking.

Optimization and Losses. For the ¢-th training view, the 3DGS renderer produces an RGB image I,
and a depth map D,. The corresponding surface normal IN; is derived analytically as the normalized
spatial gradient of D;. The photometric objective is defined as:

Leotor = (1 — A1) L£1(I;, L) + At SSIM(I;, 1) + Aeo LPIPS(I,, 1), (16)

where the ground truth images I, are sampled from the union of views divided from the panorama
and the generated keyframes. Here, SSIM and LPIPS denote the structural similarity and perceptual
loss [29], respectively. To enforce geometric consistency, we introduce a geometric loss:

Egeo = )\d [,1(]51‘, D;l) =+ An (1 — COS(IQ]-,L‘,N,'))7 (17)

where cos(-) denotes the pixel-wise cosine similarity. To mitigate computational overhead, depth

supervision is applied sparsely, restricted to the partially aligned depth maps {D?};TF:l' (Sec. 7.1). In
contrast, the high-quality normal maps {Ni}iT;”i estimated by MoGe2 [67] are inherently alignment-
free. This property enables them to be applied across all frames, providing a dense and robust
geometric constraint. Furthermore, following [75], we incorporate a scale regularization term Ly, to
penalize excessively sharp Gaussians, encouraging more isotropic shapes. The overall 3DGS training
objective is thus given by:

EGS = Ecolor + Lgeo + ﬁreg + ‘Cmask~ (18)

Mesh Extraction. To support downstream applications such as collision detection and physics
simulation, we further extract a mesh from the optimized 3DGS representation. Specifically, we
render RGB images and depth maps from all training views and integrate them into a Truncated
Signed Distance Function (TSDF) volume. The final mesh is extracted via the marching cube
algorithm [46]. To improve mesh quality, we remove small disconnected components and apply mesh
simplification, which effectively suppresses floating artifacts and reduces storage overhead.
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Table 4: Quantitative comparisons on text-to-panorama (T2P) and image-to-panorama (I2P).

Text-to-Panorama (T2P) Image-to-Panorama (12P)
Metric DiT360 Matrix3D HY-World 1.0 HY-Pano 2.0 | CubeDiff GenEx HY-World 1.0 HY-Pano 2.0
CLIP-T / CLIP-I1 1 0.248 0.238 0.250 0.258 0.828 0.831 0.831 0.844
Q-Align Qual (Persp) T | 3.788 2.983 3.992 4.103 2.938 2917 3.317 4.026
Q-Align Qual (Equi) 4.436 4.258 4.493 4.403 3.814 3.868 4.076 4.277
Q-Align Aes (Persp) 2.882 2.126 3.404 3.376 2.319 2.445 2.638 3.208
Q-Align Aes (Equi) T 4.072 3.880 4.186 4.247 3.645 3.646 3.767 4.056

8 Results: Multi-Modal World Creation

8.1 World Generation from Text or Single Image

In this section, we comprehensively evaluate the world generation pipeline of HY-World 2.0. We first
assess its individual components: panorama generation (Sec. 8.1.1), trajectory planning (Sec. 8.1.2),
world expansion (Sec. 8.1.3), and 3DGS (Sec. 8.1.4). Then, the final outputs of the integrated system
will be showcased in Sec. 8.1.5.

8.1.1 Results & Analysis of HY-Pano 2.0

For both qualitative and quantitative comparisons, we evaluate the panorama generation of HY-Pano
2.0 against several state-of-the-art approaches across text-to-panorama (T2P) and image-to-panorama
(I2P). For T2P, we compare with DiT360 [17], Matrix3D [80], and HY-World 1.0 [23]. For I2P, we
compare with CubeDiff [30], GenEx [47], and HY-World 1.0 [23].

Quantitative Results. Tab. 4 presents the quantitative comparison for both T2P and I12P tasks. We
evaluate generated panoramas using multiple complementary metrics. CLIP-T [52] (T2P) and CLIP-
I [52] (I2P) measure text-image and image-image alignment, respectively. Q-Align [73] provides
both perceptual quality (Qual) and aesthetic (Aes) scores based on a large multi-modal model aligned
with human ratings. For all applicable metrics, we report results on both the equirectangular (Equi)
panorama and averaged perspective (Persp) projections, where each panorama is projected onto 12
perspective faces. As shown in Tab. 4, HY-Pano 2.0 achieves the best scores on the majority of metrics
across both tasks. For T2P, it obtains the highest CLIP-T score and leads on most Q-Align quality
and aesthetics measures. For I2P, it ranks first on all five metrics, with notable improvements over
HY-World 1.0 in both perceptual quality and aesthetics. These results demonstrate that HY-Pano 2.0
exhibits stronger adherence to input signals (text prompts or reference images), improved fine-grained
detail quality, and enhanced aesthetic score compared to prior methods.

Qualitative Results. We first show some generated panoramas conditioned on image and text
inputs in Fig. 16. Then, we present qualitative comparisons for T2P and I2P in Fig. 17 and Fig. 18,
respectively. Compared to existing methods, HY-Pano 2.0 generates panoramas with more structurally
coherent layouts, exhibiting plausible spatial arrangements and consistent geometric structures across
the full 360° field of view. In terms of visual aesthetics, our results demonstrate superior color
harmony, lighting consistency, and overall artistic quality. Furthermore, HY-Pano 2.0 produces
notably finer details, including sharper textures, cleaner object boundaries, and richer high-frequency
content, leading to more realistic and visually appealing panoramas.

8.1.2 Results & Analysis of WorldNav

We present qualitative comparisons in Fig. 19 to intuitively demonstrate the necessity of each trajectory
planning component. Training 3DGS solely on panoramic views (Fig. 19b) inevitably suffers
from massive geometric voids and poor rendering quality. By sequentially integrating views from
different trajectories, the scene completeness progressively improves. Specifically, regular trajectories
(Fig. 19¢) break the limitation of a fixed viewpoint, providing expanded observations that eliminate
most large-scale artifacts. However, regular paths often fail to cover occluded structures, leaving
the sides and backs of specific objects (e.g., the car, cabin, and arcade machine) incomplete. This
limitation is effectively resolved by introducing surrounding and reconstruction-aware trajectories
(Fig. 19d), which explicitly target and complete these complex structures. Furthermore, wandering
trajectories (Fig. 19e) enhance the textural details of distant walls and floors, enabling good roaming
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Input Generated Panorama Rendered View

Figure 16: Visual results of panorama generation by HY-Pano 2.0. Our model supports both text
and images of various resolutions as inputs.
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Input Generated Panorama Rendered Views

Figure 17: Qualitative comparison on the text-to-panorama (T2P) task. Our method outperforms
previous approaches in terms of layout coherence, fine-grained details, and overall visual aesthetics.

experiences. Finally, aerial trajectories (Fig. 19f) incorporate additional bird’s-eye view (BEV)
observations, improving the freedom of the 3D world’s viewpoint changing.

8.1.3 Results & Analysis of WorldStereo 2.0

Results of Single-View Scene Reconstruction. Following WorldStereo [62], we evaluate World-
Stereo 2.0 on the single-view scene reconstruction benchmark in Tab. 5, utilizing the out-of-
distribution Tanks-and-Temples [35] and MipNeRF360 [5] datasets. For quantitative evaluation, we
compare our results against pseudo ground-truth point clouds reconstructed via Multi- View-Stereo [7]
from real multi-view images. To rigorously test our method, we introduce more challenging camera
trajectories than the original benchmark: closed-loop paths for object-centric scenes and manually
designed, explorable routes for large-scale forward-facing scenes. This significantly increases the
difficulty of maintaining multi-view consistency. As demonstrated in Tab. 5, WorldStereo 2.0 achieves
the highest point cloud F1 and AUC scores, surpassing all video-based and 3D-based competitors.
Although single-view generative reconstruction inherently suffers from high uncertainty, these su-
perior geometric metrics confirm that our approach successfully synthesizes highly consistent and
physically plausible 3D structures.

25

Matrix3D

HY-World-1.0

DiT360

HY-Pano 2.0



Input Generated Panorama Rendered Views

Figure 18: Qualitative comparison on the image-to-panorama (I2P) task. Our method outperforms
previous approaches in extension plausibility, content richness, and overall quality.

Results of Camera Control Capability. We quantitatively evaluate the camera control capability
of WorldStereo 2.0 in Tab. 6, while ablation studies are performed in Tab. 7. Both evaluations are
applied with 100 out-of-distribution images selected from [15] with challenging trajectories. Notably,
WorldStereo 2.0 outperforms all video-based competitors by achieving the lowest errors across
all camera metrics. Furthermore, it also delivers superior visual quality and semantic alignment.
For the ablation study in Tab. 7, since Keyframe-VAE introduces significant changes to the latent
representations, directly applying it without training the main network is unfair and yields limited
improvements. Therefore, we unlock the main DiT for full training (freezing “None”). Compared with
the Video-VAE baseline, the fully trained Keyframe-VAE significantly improves visual quality, user-
perceived camera control, and most camera metrics. Moreover, we provide qualitative comparisons
in Fig. 8, which further support this conclusion. However, we observe an obvious trade-off between
performance and generalization for the trainable parts of the main DiT. While full model training
maximizes visual metrics, it leads to inferior camera precision and suboptimal user study quality. We
find that this is due to overfitting issues, where the global image style slightly drifts during video
generation. To address this, we selectively freeze specific layers. As shown in the blue row, freezing
the cross-attention and FFN layers achieves the best balance. It effectively mitigates the overfitting,
yielding the most precise camera control with the lowest RotErr, TransErr, and ATE, while attaining
the highest user preference for visual quality (64.39%).
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(a) Panorama (b) Panoramic views only (c) +Regular Traj. (d) +Surround & Recon. Traj. (e) +Wander Traj. (f) +Aerial Traj. (full)

Figure 19: Qualitative ablation results of trajectory planning. Relying solely on panoramic views
(b) results in severe artifacts and incomplete geometry. By sequentially integrating views generated
from (c) regular, (d) surrounding & reconstruction, (e¢) wandering, and (f) aerial trajectories, our
method progressively eliminates blind spots, refines complex object structures, and enhances overall
scene completeness. Please zoom in for details.

Table 5: Point cloud results of one-view-generated 3D reconstruction. Precision measures the
percentage of generated points that fall within a distance threshold of ground-truth points, while
Recall measures the percentage of ground-truth points covered by generated points. The F1-score is
their harmonic mean, and AUC denotes the area under the curve across varying distance thresholds.

Methods Tanks-and-Temples [35] MipNeRF360 [5]

PrecisionT Recallf Fl1-Scoret AUCT Precisionf Recallf FIl-Scoref AUC?T
SEVA [87] 33.59 35.34 36.73 51.03 22.38 55.63 28.75 46.81
Gen3C [54] 46.73 25.51 31.24 42.44 23.28 75.37 35.26 52.10
Lyra [4] 50.38 28.67 32.54 43.05 30.02 58.60 36.05 49.89
FlashWorld [39] 26.58 20.72 22.29 30.45 35.97 53.77 42.60 53.86
WorldStereo 2.0 43.62 41.02 41.43 58.19 43.19 65.32 51.27 65.79

WorldStereo 2.0 (DMD) 40.41 44.41 43.16 60.09 42.34 64.83 50.52 65.64

Table 6: Quantitative results of camera control capability. We evaluate performance across camera
metrics and visual quality. Methods labeled with * indicate that the model is only trained with camera
control (domain-adaption) without memory capabilities.

Methods Camera Metrics Visual Quality
RotErr) TransErr] ATE| Q-Alignt CLIP-IQA+t Laion-Aest CLIP-It

SEVA [87] 1.690 1.578 2.879 3.232 0.479 4.623 77.16
Gen3C [54] 0.944 1.580 2.789 3.353 0.489 4.863 82.33
WorldPlay [60] 3.481 1.288 2.722 3.628 0.552 5.103 86.79
WorldCompass [70] 3.452 1.068 2.379 3.615 0.548 5.111 85.51
WorldStereo [62]* 0.762 1.245 2.141 4.149 0.547 5.257 89.05
WorldStereo 2.0* 0.492 0.968 1.768 4.205 0.544 5.266 89.43

Table 7: Camera control ablation studies of WorldStereo 2.0. We evaluate performance across
camera metrics, visual quality, and user study. Given the misalignment between the commonly used
metrics and human perception, we prioritize user study results for model selection. The red row
indicates the baseline (camera control of WorldStereo [62]), while the blue row denotes our final
domain-adaption setting.

Frozen Parts VAE Types Camera Metrics Visual Quality User Study
RotErr| TransErr] ATE| Q-AlignT CLIP-IQA+7T Laion-AesT Camera Quality?
Main DiT Video-VAE 0.762 1.245 2.141 4.149 0.547 5.257 84.85% 46.46%
Main DiT Keyframe-VAE 0.768 1.149  2.027 4.060 0.520 5.210 - -
None Keyframe-VAE 0.578 1.115 2.245 4.237 0.554 5.278 93.81% 60.61%
Cross-Attn Keyframe-VAE 0.684 1.243  2.111 4.181 0.538 5.235 93.13% 60.95%
Cross-Attn + FFN Keyframe-VAE  0.492 0968 1.768 4.205 0.544 5.266 92.44% 64.39%
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Table 8: Memory and distillation ablation studies of WorldStereo 2.0. PSNR,,, and SSIM,,, are
computed within valid warping mask regions to evaluate consistency. The configuration A* denotes a
variant where the SSM incorporates reference features via temporal concatenation rather than spatial
concatenation. Settings of our final memory and distilled models are colorized in green and

. Photometric Metrics Consistency Camera Metrics

Configuration

PSNR?T SSIMt LPIPS] PSNR,, T SSIM,, T RotErr| TransErr| ATE]
Camera control baseline 16.13 0474 0.349 28.81 0.448 0.396 0.053  0.071
GGM and SSM++ (A) 2094 0.640 0.170 30.27 0.623 0.407 0.047  0.046
Trainable FFN (A,B) 21.56  0.667 0.162 30.44 0.624 0.351 0.036  0.035
Pointcloud augmentation (A,B,C) 21.36  0.632 0.163 30.72 0.619 0.360 0.050  0.053
Reference augmentation (A,B,C,D) 20.86 0.639 0.165 30.66 0.636 0.322 0.049  0.067
Camera embedding (A,B,C,D,E) 21.06 0.639 0.164 30.58 0.617 0.329 0.042  0.048

*

Temporal-concated SSM (A*,B,C,D,E) 19.83 0.581 0.219 29.77 0.571 0.545 0.087 0.114
Doubled batch-size (64) (A,B,C.D,EF) 21.63 0.669 0.156 30.76 0.647 0.296 0.036  0.041

Q|T>mgQwy

After post-distillation (A,B,C,D,E.EG) 21.84 0.669 0.165 30.93 0.656 0.316 0.052  0.072

(a) Panoramic Pcd. (b) video2world Pcd. (~5h)  (c) Our Pcd. (~1.7min) (d) video2world 3DGS (e) Our 3DGS

Figure 20: Point clouds and 3DGS comparisons with video2world [21]. “Pcd.” denotes point
cloud. For each scene, both methods are evaluated within 300 images generated by WorldStereo 2.0.

Ablation Studies of Memory Training and Distillation. We comprehensively evaluate the memory
training and post-distillation in Tab. 8. Incorporating GGM and SSM++ (Config A) substantially
improves the photometric quality and multi-trajectory consistency. Furthermore, unfreezing the
FFN (Config B) significantly enhances camera control precision. To mitigate overfitting to point
cloud guidance and retrieved reference views, we introduce several augmentation strategies (Configs
C and D, detailed in Sec. 5.2.3) to these conditions. While these regularizations cause a little
gap in clean-data metrics, they are crucial for overall robustness and maintain highly competitive
performance. Moreover, we validate our spatial-stereo stitching design in SSM. Replacing it with
temporal concatenation (Config A*) severely degrades performance across all metrics. Additionally,
scaling the training batch size to 64 (Config F) stabilizes training, yielding consistent improvements.
Finally, after applying DMD post-distillation (Config G), the model not only retains comparable
camera control but even slightly improves photometric and consistency metrics.

8.1.4 Results & Analysis of World Composition

Reconstruction and Alignment. While Sec. 7.1 establishes the effectiveness of WorldMirror 2.0 in
point cloud expansion with known camera poses, we further evaluate our overall composition pipeline
against the concurrent world reconstruction method, video2world [21] in Fig. 20. To ensure a fair
comparison, both methods are evaluated on 300-view images generated by WorldStereo 2.0, which
reaches the memory limit of an NVIDIA H20 GPU for video2world. As illustrated in Fig. 20, although
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Table 9: 3DGS ablation studies averaged over 10 scenes. | denotes that the adaptive densification
is restricted to non-sky regions.

Voxel Downsample Adaptive Densification MaskGaussian GS Number PSNR{ SSIM{ LPIPS|
6.000M 25.176  0.751  0.209

v 1.000M 24.504  0.720  0.276
v v 5.254M 25.158  0.750  0.210
v v v 1.383M 25.017 0.747  0.216
v vt v 1.381M 25.023 0.747  0.215

video2world produces impressive point clouds via feature-matched Iterative Closest Point (ICP),
this process is inherently difficult to parallelize, resulting in a prohibitive computational overhead of
approximately 5 hours per scene. In contrast, our lightweight linear alignment fully leverages camera
pose priors to achieve comparable reconstruction quality in less than 2 minutes. Furthermore, our
final 3DGS reconstructions exhibit superior geometric and textural details, largely attributed to the
tailored optimization strategies proposed in Sec. 7.2. Notably, because our WorldStereo 2.0 generates
sequences with significantly higher visual consistency than SEVA [87], the complex non-rigid aware
3DGS required by video2world [21] becomes unnecessary in our pipeline. Additionally, we observe
that the SH optimization often leads to undesirable color artifacts rendered in novel views (see
Fig. 20(d)). Consequently, our pipeline adopts a direct RGB optimization, which proves to be more
robust and effective for generative scenarios.

Gaussian Splattings. We ablate each component of the proposed 3DGS pipeline across 10 scenes,
evaluating each on a 20-view validation set (Tab. 9). The baseline initializes from 6M Gaussians
randomly sampled from the expanded point cloud P, yielding the highest quality (PSNR 25.176) but
incurring substantial rendering overhead. Applying voxel downsampling alone reduces the Gaussian
count to 1M, but at a severe cost to quality—a 0.68 dB drop in PSNR and a 32% increase in LPIPS—
confirming that uniform decimation disproportionately degrades detail-rich regions. Enabling adaptive
densification restores the quality to near-baseline levels (PSNR 25.158), yet inflates the count to
5.254M, largely negating the efficiency gains of downsampling. Integrating MaskGaussian resolves
this trade-off: redundant Gaussians in low-frequency areas are pruned, reducing the count by 73.7%
(from 5.254M—1.383M) with only —0.14 dB PSNR degradation. Further restricting densification to
non-sky regions suppresses floaters where depth supervision is unavailable. The full configuration
retains comparable visual quality while reducing 77% Gaussian count compared to the baseline.

8.1.5 Full Results & Comparison with Marble

Explorable and Interactive Worlds. As illustrated in Fig. 21, HY-World 2.0 yields comprehensive
multi-modal 3D assets, encompassing panoramas, aligned point clouds for 3DGS initialization, high-
fidelity 3DGS renderings, and extracted geometric meshes. Crucially, these rich 3D representations
transcend static visualization, serving as foundational environments for explorable and interactive 3D
worlds (see Fig. 22). By leveraging the meshes extracted from 3DGS as underlying collision proxies,
our system supports real-time physical feedback and spatial interactions. To ensure seamless user
experiences and rapid scene loading, we optimize these meshes into lightweight topological structures.
This deliberate design strikes a balance between physical plausibility and efficiency, paving the way
for downstream applications in gaming, virtual reality, and embodied Al.

Comparisons with the State-of-the-art. We compare our approach against the closed-source
commercial world model, Marble [72]>. The comparison is conducted under two settings: using
identical panoramic inputs (Fig. 23) and using the same perspective conditions (Fig. 24). While
Marble can produce impressive 3DGS results, it usually deviates from the input guidance, resulting
in noticeable discrepancies and lower fidelity in regions explicitly covered by the panoramic or
perspective conditions. In contrast, our method achieves high-fidelity results that strictly adhere to the
provided conditions. Furthermore, our generation outperforms Marble in terms of detail preservation
and geometric consistency of novel views. As illustrated from Fig. 23 and Fig. 24, our results
maintain superior structural integrity and smoother textures across fences, cars, furniture, mountains,

*In this report, we compare our method with Marble 1.0 (as of March 30, 2026).

29



Figure 21: Results of the overall world generation pipeline. Each scene is visualized across two
rows. The top row displays, from left to right: the generated panorama, the aligned point clouds, a
global overview of splattings, and the extracted coarse mesh. The bottom row showcases novel views
rendered from various viewpoints.
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Figure 22: Interactive exploration within the generated 3D worlds of HY-World 2.0. By
controlling virtual agents, users can navigate complex geometric structures (e.g., stairs and indoor
layouts) with real-time collision detection and physically plausible feedback, demonstrating the
readiness of our results for interactive applications.

Table 10: Runtime of each component in HY-World 2.0 for one single world generation. “Recon”
means reconstruction. All efficiency evaluations are performed using NVIDIA H20 GPUs.

Stage Panorama  Trajectory Plan ~ World Expansion  Recon and Align 3DGS  Total
Time (sec) 15s 182s 286s 102s 127s  712s

and arcade machines, whereas Marble suffers from severe blurring and geometric missing under large
viewpoint changes.

Runtime Analysis. We evaluate the overall runtime of HY-World 2.0 on NVIDIA H20 GPUs, as
detailed in Tab. 10. By integrating systematic efficiency optimizations, the end-to-end pipeline for
generating a complete 3D world is accelerated, requiring only 10 minutes. Specifically, we employ
Sequence Parallelism (SP) to distribute all model inference stages, including panorama generation,
Keyframe-VAE, WorldStereo 2.0, and WorldMirror 2.0. Furthermore, the overall efficiency is
improved by incorporating other acceleration techniques, such as SageAttention2 [85], FP8 mixed-
precision inference, and step caching mechanisms [42].

8.2 World Reconstruction from Multi-View Images or Video

We evaluate WorldMirror 2.0 as a standalone reconstruction foundation model on comprehensive
benchmarks covering point map reconstruction (Tab. 11), camera pose estimation, depth estimation,
novel view synthesis (Tab. 12), and surface normal estimation (Tab. 13). All tasks are evaluated at
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Figure 23: Qualitative comparison with Marble [72] using the same panoramic inputs. The
input panoramas are displayed on the left. For each scene, we present novel view renderings from
the generated 3DGS models of both methods. Compared to Marble, our approach achieves higher
fidelity to the input conditions, sharper textures, and superior geometric consistency across diverse
viewpoints. Please zoom in for details.

three inference resolutions, i.e., low (189 x 259), medium (378 x 518, the default of WorldMirror 1.0),
and high (756 x 1036), to validate the resolution generalization enabled by normalized position
encoding (Sec. 6.2.1).

A consistent finding across all tasks is that WorldMirror 1.0 suffers from severe performance degrada-
tion at high resolution due to position extrapolation (e.g., camera pose AUC @30 drops from 86.13
to 66.29; 7-Scenes point map accuracy degrades from 0.043 to 0.079), whereas WorldMirror 2.0
maintains, and often improves, performance from medium to high resolution across every benchmark.
Beyond the multi-resolution improvements, we further evaluate the effectiveness of flexible geometric
prior injection (Sec. 8.2.2) and the inference efficiency optimizations introduced in Sec. 6.4.

8.2.1 Results & Analysis of WorldMirror 2.0

Point Map Reconstruction. We evaluate point map reconstruction on scene-level datasets (7-
Scenes, NRGBD) and an object-level dataset (DTU), following the same sequence mappings as [69].
As shown in Tab. 11, WorldMirror 1.0 at medium resolution already surpasses all baselines. World-
Mirror 2.0 further improves at every resolution: at medium, it reduces the 7-Scenes accuracy error
from 0.043 to 0.033; at high, the gap is even more pronounced (0.079—0.037). Incorporating
geometric priors yields additional gains, with WorldMirror 2.0 at high resolution with all priors
achieving the best overall results on 7-Scenes and DTU.

Camera Pose, Depth, and Novel View Synthesis. In Tab. 12, we jointly report camera pose estima-
tion and depth estimation on RealEstate 10K, and novel view synthesis averaged across RealEstate 10K
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(a) Perspective input image (b) Generated panorama (c) 3DGS rendered from various viewpoints

Figure 24: Qualitative comparison with Marble [72] using the same input image. (a) displays
input perspective images. For each scene, we compare both (b) generated panoramas and (c) 3DGS
renderings. Compared to Marble, our approach better adheres to the input views while achieving
comparable quality and superior completeness in 3DGS. Please zoom in for details.

and DL3DV, following the protocol of [69]. For camera pose, WorldMirror 2.0 improves AUC@30
over WorldMirror 1.0 at every resolution: low (80.55—83.43), medium (86.13—86.48), and
high (66.29—86.89). The high-resolution gain of over 20 points being particularly striking. For
depth, WorldMirror 2.0 consistently reduces AbsRel (medium: 0.178—0.167; high: 0.195—0.162)
and achieves the best §<1.25 accuracy (0.815 at high resolution). For novel view synthesis, World-
Mirror 1.0 at high resolution suffers a dramatic quality collapse (PSNR from 21.34 to 17.78), whereas
WorldMirror 2.0 maintains stable performance across resolutions (PSNR of 20.14/20.07/19.98 at
low/medium/high) and achieves the best SSIM (0.726 at high resolution), confirming that higher-
resolution inference improves structural fidelity.

Surface Normal Estimation. Following [3], we evaluate surface normal estimation on Scan-
Net [12], NYUv2 [56], and iBims-1 [36]. As shown in Tab. 13, WorldMirror 2.0 achieves the
best results across all three benchmarks at medium resolution, surpassing dedicated single-task
methods. The improvements of both depth and normal estimation are consistent with the explicit
depth-to-normal supervision (Sec. 6.2.2) and pseudo-normal enhancement (Sec. 6.3), which jointly
strengthen geometric coupling between depth and normal predictions. The resolution generalization
remains consistent: WorldMirror 2.0 at high resolution (ScanNet mean error 12.5) closely matches its
medium-resolution optimum (12.3), whereas WorldMirror 1.0 degrades from 13.8 to 17.6.
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Table 11: Point map reconstruction on 7-Scenes, NRGBD, and DTU. Both Acc. (}) and Comp. ()
are lower-is-better. Baseline methods are evaluated at M resolution. WorldMirror 2.0 generalizes
across multiple resolutions. “+ all priors” denotes additionally providing camera pose, intrinsics, and
depth as input. “L/M/H”: low (182x252), medium (378x518), high (756 x 1036) resolution. Best
results are highlighted.

7-Scenes (scene) NRGBD (scene) DTU (object)
Method Acc. | Comp. | Acc. | Comp. | Acc. | Comp. |
Mean  Med. Mean  Med. Mean  Med. Mean  Med. Mean  Med. Mean  Med.
Fast3R [77] 0.096 0.065 0.145 0.093 0.135 0.091 0.163 0.104 3340 1919 2929 1.125
CUT3R [66] 0.094 0.051 0.101  0.050 0.104 0.041 0.079 0.031 4742 2.600 3400 1.316
FLARE [86] 0.085 0.058 0.142 0.104 0.053 0.024 0.051 0.025 2.541 1468  3.174 1420
VGGT [65] 0.046  0.026  0.057 0.034 0.051 0.029 0.066 0.038 1.338 0779 1.896  0.992
3 [69] 0.048 0.028 0.072  0.047 0.026 0.015 0.028 0.014 1.198  0.646 1.849  0.607
WorldMirror 1.0
L 0.043  0.029 0.055 0.029 0.046  0.027 0.049 0.026 1.476  0.889 1.768 0917
L +all priors 0.021 0.014 0.026 0.016 0.022 0.015 0.020 0.014 1.347 0.854 1.392  0.865
M 0.043  0.026 0.049 0.028 0.041 0.020 0.045 0.019 1.017 0.564 1.780  0.690
M+all priors  0.018 0.011  0.023 0.014 0.016 0.011 0.014 0.010 0735 0461 0935 0.550
H 0.079  0.052 0.087 0.051 0.077  0.047 0.093 0.051 2.271 1.083  2.113  0.825

H+all priors  0.042 0.024 0.041 0.024 0.078 0.053 0.082 0.051 1.773 0792 1478 0.782
WorldMirror 2.0

L 0.041  0.027 0.052 0.027 0.047 0.028 0.058 0.035 1352 0.824  2.009 0.880
L +all priors 0.019 0.012 0.024 0.014 0.017 0.011 0.015 0.010 1.100  0.748 1.201  0.774
M 0.033 0.020 0.046 0.026 0.039  0.024 0.047 0.027 1.005 0545 1.892  0.681
M+all priors  0.013  0.008 0.017 0.011 0.013  0.009 0.013  0.009 0.690 0458 0.876  0.506
H 0.037  0.025 0.040 0.023 0.046  0.026 0.053  0.030 0.845 0426 1904 0.632

H+all priors  0.012 0.008 0.016 0.010 0.015 0.010 0.016 0010 0554 0343 0771 0.398

Table 12: Results of camera pose estimation and depth estimation (left); Results of novel view
synthesis (right). Camera pose and depth are evaluated on RealEstate10K; novel view synthesis is
averaged across RealEstate10K and DL3DV. 1/ indicate higher-/lower-is-better. Baseline methods
are evaluated at M resolution. WorldMirror 2.0 generalizes across multiple resolutions. “L/M/H”

denote low / medium / high inference resolution. Best results are highlighted.

Camera Pose (Avg.) Depth (Avg.) NVS (Avg.)

Method .

AUC@301 RTA@301 AbsRel| 6<1.251 Method PSNRT SSIM LPIPS|
Fast3R [77] 61.68 81.86 0.353 0.666 -
CUT3R [66] 81.47 95.10 0.260 0.704 FLARE [86] 1584 0.545 0.500
FLARE [86] 80.01 95.23 0.445 0.551 AnySplat [28] 18.57 0.626 0.255
VGGT [65] 77.62 93.13 0.256 0.789 -
3 [69] 85.90 95.62 0.151 0.805 WorldMirror 1.0 (L) 20.38 0.658 0.163
WorldMirror 1.0(L) _ 80.55 9368 0225 0751 WorldMirror 1.0 (M)~ 21.34 0709 0.181
WorldMirror 1.0 (M) 86.13 95.47 0.178 0.812 WorldMirror 1.0 (H) ~ 17.78 0.659 0.379
WorldM?rror 1.0 (H) 66.29 89.62 0.195 0.797 WorldMirror 2.0 (L) 20.14 0.679 0.149
WorldMirror 2.0 (L) 83.43 94.79 0.199 0.770 WorldMirror 2.0 (M) 2007 0.680  0.186
WorldMirror 2.0 (M)~ 86.48 95.55 0.167 0.806 OridVIrTor = . . -
WorldMirror 2.0 (H) 86.89 95.34 0.162 0.815 WorldMirror 2.0 (H) ~ 19.98  0.726 0.235

Qualitative Results. We present visual comparisons between WorldMirror 1.0 and 2.0 in Fig. 25
and Fig. 26. As shown in Fig. 25, WorldMirror 2.0 produces sharper and more geometrically coherent
surface normals, with finer structural details and fewer artifacts in complex regions. The reconstructed
point clouds of WorldMirror 2.0 also exhibit tighter multi-view consistency, reflecting the geometric
coupling enforced by the depth-to-normal supervision (Sec. 6.2.2) and more robust invalid-pixel
handling via the depth mask prediction head (Sec. 6.2.3).

Fig. 26 further examines multi-resolution robustness under both dense (32 views) and sparse (8
views) input configurations. WorldMirror 1.0 produces reasonable point clouds at medium resolution
(518 % 518), but suffers from severe geometric degradation at high resolution (1036 x 1036); under
the dense 32-view setting, the point cloud structure collapses entirely. In contrast, WorldMirror 2.0
maintains stable and coherent reconstructions across all tested resolutions, directly validating the
effectiveness of normalized position encoding (Sec. 6.2.1) for flexible resolution inference.
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Input Normal-1.0 Normal-2.0 Point Cloud-1.0 Point Cloud-2.0
- o o

Figure 25: Visual comparison of WorldMirror 1.0 and 2.0. We compare predicted surface normals
and reconstructed point clouds. WorldMirror 2.0 produces more accurate normals with finer structural
details and more consistent multi-view point clouds.

Input Point Cloud-1.0 Point Cloud-2.0

(32 views) 518x518 518x518 1036x1036

(8 views) 392x518 784x1036 392x518 784x1036

Figure 26: Multi-resolution point cloud comparison of WorldMirror 1.0 and 2.0. We evaluate
under dense (32 views, top) and sparse (8 views, bottom) settings at different inference resolutions.
WorldMirror 1.0 degrades severely at high resolution, while WorldMirror 2.0 maintains consistent
reconstruction quality across all resolutions.
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Table 13: Surface normal estimation on ScanNet, NYUv2, and iBims-1. We compare with both
regression-based and diffusion-based approaches. 1/ indicate higher-/lower-is-better. Baseline
methods are evaluated at M resolution. WorldMirror 2.0 generalizes across multiple resolutions.
“L/M/H” denote low / medium / high inference resolution. Best results are highlighted.

ScanNet NYUv2 iBims-1
Method ° o o
mean] med] 22.5°1T mean] med] 22.5°17 mean| med] 22.5°7
OASIS [11] 32.8 28.5 38.5 29.2 23.4 48.4 32.6 24.6 46.6
EESNU [2] - - - 16.2 8.5 77.2 20.0 8.4 73.4
Omnidata v1 [16] 22.9 12.3 66.1 23.1 12.9 66.3 19.0 7.5 76.1
Omnidata v2 [31] 16.2 8.5 79.5 17.2 9.7 76.5 18.2 7.0 77.4
DSine [3] 16.2 8.3 78.7 16.4 8.4 77.7 17.1 6.1 79.0
GeoWizard [18] 16.7 9.5 78.3 19.5 11.7 74.5 20.4 94 76.4
StableNormal [82] 16.0 9.9 81.5 18.5 11.2 71.5 179 8.5 80.4

WorldMirror 1.0 (L) 14.4 74 81.5 16.0 8.2 78.7 19.0 72 76.3
WorldMirror 1.0 (M) 13.8 73 82.5 15.1 8.0 80.1 16.6 6.4 80.1
WorldMirror 1.0 (H) 17.6 12.5 76.2 19.1 13.3 72.4 19.2 10.9 76.9
WorldMirror 2.0 (L) 12.7 6.8 83.7 14.4 7.8 80.4 15.6 6.2 80.4

WorldMirror 2.0 (M) 12.3 6.5 84.3 13.9 7.6 81.4 14.2 5.6 82.4
WorldMirror 2.0 (H) 12.5 6.8 84.2 14.0 7.8 81.4 14.5 6.1 82.0

(a) Accuracy ! (b) Completeness |

Avg. Accuracy

None Intrinsics Depth Camera All None Intrinsics Depth Camera All
Pose Priors Pose Priors

I Pow3R (pro) I MapAnything B WorldMirror 1.0 I WorldMirror 2.0

Figure 27: Comparison with Pow3R and MapAnything under different prior conditions. All
methods are evaluated at high resolution (756 < 1036). Results are averaged on 7-Scenes, NRGBD,
and DTU datasets. Pow3R (pro) refers to the original Pow3R with Procrustes alignment. WorldMirror
2.0 demonstrates stronger geometric reasoning and 3D prior integration capabilities at high resolution.

8.2.2 Inference-Time Evaluation

Geometric Prior Injection. A distinctive feature of WorldMirror is its ability to flexibly incor-
porate geometric priors, including camera poses, intrinsics, and depth maps, through Any-Modal
Tokenization (Sec. 6.1). We compare WorldMirror 1.0 and 2.0 with prior-guided methods Pow3R [26]
and MapAnything [32] under different prior conditions at high resolution (Fig. 27). WorldMirror 2.0
consistently outperforms all alternatives, with the largest improvements appearing in the camera-
conditioned and all-priors settings. Camera poses capture the global geometric layout, calibrated
intrinsics resolve metric scale ambiguity, and depth priors provide pixel-level constraints; combining
all priors yields synergistic gains.

The practical benefit of this prior integration is further demonstrated in our world generation pipeline.
As illustrated in Fig. 15, when conditioned on the same camera poses, WorldMirror 2.0 produces sig-
nificantly more coherent and globally consistent point clouds than MapAnything [32] and DepthAny-
thing3 [40], both of which exhibit noticeable structural inconsistencies. This confirms that World-
Mirror 2.0’s learned multi-modal tokenization enables more effective utilization of geometric cues,
making it well-suited as the reconstruction backbone for world generation.
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Table 14: Inference efficiency of WorldMirror 2.0. We report GPU memory (GB) and wall-clock
time (s) for different numbers of input views at 518 x 378 resolution. “Baseline” refers to single-GPU
FP32 inference (WorldMirror 1.0 setting). SP denotes Token/Frame Sequence Parallelism. All
measurements on NVIDIA H20 GPUs.

. 32 views 64 views 128 views 256 views
Configuration #GPUs
Mem. (GB) Time(s) Mem. (GB) Time(s) Mem. (GB) Time(s) Mem. (GB) Time (s)

Baseline (FP32, 1 GPU) 1 24.95 2.45 38.56 6.27 59.26 18.00 OOM OOM
+ BF16 1 15.10 2.11 25.06 5.65 41.73 16.96 75.05 56.96
+ SP (x2 GPUs) 2 26.32 1.59 41.31 3.73 64.75 10.53 OOM OOM
+ SP (x4 GPUs) 4 25.55 1.09 39.71 2.38 61.53 6.27 OOM OOM
+ SP + BF16 (x4 GPUs) 4 15.81 0.96 26.44 2.21 44.47 5.65 80.54 17.69
+ SP + BF16 + FSDP (x4 GPUs) 4 14.04 0.93 24.67 2.20 42.71 5.60 78.78 17.52

Inference Efficiency. We benchmark the inference efficiency optimizations of WorldMirror 2.0
introduced in Sec. 6.4. Tab. 14 reports per-GPU memory consumption and wall-clock inference
time across different view counts at 518 x 378 resolution, measured on NVIDIA H20 GPUs. The
single-GPU FP32 baseline runs out of memory (OOM) at 256 views. BF16 mixed-precision in-
ference reduces per-GPU memory by approximately 40% (e.g., 128 views: 59.26 GB—41.73 GB)
and critically enables 256-view inference (75.05 GB) that is infeasible under FP32. Sequence paral-
lelism (SP) provides substantial speedups by distributing computation across GPUs (e.g., 128 views:
18.00s—6.27s with 4-GPU SP). The full combination of SP, BF16, and FSDP on 4 GPUs achieves
the best trade-off: 128 views in 5.60s with 42.71 GB per GPU (a 3.2x speedup and 28% memory
reduction over the baseline), and 256 views in 17.52s with 78.78 GB per GPU. These complementary
strategies enable WorldMirror 2.0 to scale to substantially larger input configurations within practical
memory and latency constraints.

9 Conclusion

In this report, we present HY-World 2.0, a comprehensive multi-modal world model framework
that bridges the longstanding gap between 3D world generation and reconstruction. By dynamically
adapting to diverse input modalities—ranging from sparse texts and single images to dense multi-view
videos—our framework establishes a unified paradigm for offline 3D world modeling. To achieve
this, we introduced a four-stage pipeline. We scaled up panorama generation (HY-Pano 2.0) for
high-fidelity world initialization and designed a semantic-aware trajectory planning (WorldNav) to
guide optimal, collision-free routes for scene exploration. Furthermore, we significantly upgraded
our generative world expansion (WorldStereo 2.0) by operating in a keyframe-latent space with
spatially consistent memory. Finally, we employ the world composition via our enhanced 3D
reconstruction foundation (WorldMirror 2.0) to produce geometrically accurate and navigable
3DGS assets. We also propose a high-performance 3DGS rendering platform (WorldLens) to
enable interactive exploration of 3D worlds with character support and lighting control. Extensive
evaluations demonstrate that HY-World 2.0 achieves state-of-the-art performance among open-source
approaches, delivering visual quality, geometric consistency, and exploratory capabilities that are
highly competitive with leading closed-source commercial models.
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