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Motivation
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• First-person views are particularly valuable for capturing detailed hand-object interactions, which are 
essential in skill-intensive tasks such as cooking, assembling, or playing instruments. 

• However, most existing resources are recorded from third-person views, primarily due to the limited 
availability of head-mounted cameras and wearable recording devices.
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Exo2Ego-V (NeurIPS 2024)

Multi-view Setting

Pre-defined Camera Pose

4Diff (ECCV 2024)

• Many existing approaches rely on input conditions.
• Multi-view setting, pre-defined camera pose, pure 2D-based generation, or given first egocentric frame.

• These assumptions make them impractical for scenarios where only single exocentric image is 
available.

Previous Works

Exo2Ego (ECCV 2024)

Pure 2D-based Generation

EgoExo-Gen (ICLR 2025)

Given First Egocentric Frame

...



Method
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• We introduce EgoWorld, a novel end-to-end framework that reconstructs high-fidelity egocentric views from a 
single exocentric image by leveraging rich multi-modal cues, including point clouds, 3D hand poses, and textual 
descriptions.

• Our two-stage pipeline integrates geometric reasoning and diffusion-based inpainting model that significantly 
enhances hand-object and scene generalization and semantic alignment for generating egocentric images.



Method

5

• Stage 1: We construct a point cloud by combining the input exocentric RGB image with a scale-aligned 
exocentric depth map, using the 3D exocentric hand pose for spatial calibration.
• This point cloud is then transformed into the egocentric view using a transformation matrix computed from the exo-ego 3D 

hand poses.

• Stage 2: After the projection of the point cloud, a egocentric sparse map is obtained and it is subsequently 
reconstructed into a dense, high-quality egocentric image using a latent diffusion model.
• To further enhance the semantic and geometric alignment of the hand-object reconstruction, we incorporate the text 

description and estimated egocentric hand pose during the reconstruction process.



Experimental Setup
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• Datasets

H2O TACO Assembly101 Ego-Exo4D

• Evaluation Metrics
• Frechet Inception Distance (FID): Distribution gap between 

generated and real images

• Peak Signal-to-Noise Ratio (PSNR): Pixel-wise reconstruction 
quality

• Structural Similarity Index Measure (SSIM): Perceptual 
structural similarity

• Learned Perceptual Image Patch Similarity (LPIPS): Learned 
perceptual difference

• Procrustes Analysis Mean Per Joint Position Error (PA-
MPJPE): Aligned 3D joint error

• CLIPScore: Image–text semantic alignment

• Baselines

• pix2pixHD: GAN-based image-to-image translation model

• pixelNeRF: NeRF-based novel view synthesis model

• CFLD: Pose-guided conditional latent diffusion model



Result #1: H2O w/ 4 Unseen Scenarios 
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• Comparison on 4 Unseen Scenarios in H2O (i.e., unseen objects, actions, scenes, and subjects) 



Result #2: TACO, Assembly101, Ego-Exo4D
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• Comparison on Challenging & Diverse Scenarios (i.e., TACO, Assembly101, and Ego-Exo4D)



Result #3: Real-World Scenarios
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• Comparison on Unconstrained Real-World Scenarios
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