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Motivation
MEgoHand: Generating hand-object motions from first-person views, instructions and initial states.

Wide Applications:
• Immersive virtual-real alignment in AR/VR.
• Robotic imitation learning from human demonstrations.

Key Challenges:
• Unstable and shifting viewpoints of egocentric views.
• Frequent self-occlusions of objects or hands.
• Strong perspective distortion and rapid scale changes because of close distance.
• Hard reasoning under partial observations and sparse visual cues.
Limitations of Existing approaches:
• Reliance on predefined 3D object priors (mass, geometry), limited generalization to novel objects.
• Multimodal approaches suffer from open-loop prediction errors, ambiguous generation or complex 

3D hand-object correlation pipelines.
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Related Work

Hand-Object Interaction (HOI) Prediction



Inputs:
• Task Description
• Egocentric RGB
• Initial MANO State
Outputs:
• Future MANO States

Introduction
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Dataset Integration 

We integrate and preprocess large-scale public datasets into a unified and standardized 
training corpus by filling the missing modalities: (1) MANO State Labels (2) Depth Input.



Dataset Integration 
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Inverse MANO Retargeting: recover hand meshes from joint keypoints
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Dataset Integration 

Inverse MANO Retargeting: recover hand meshes from joint keypoints



Dataset Integration 

Virtual RGB-D Rendering: synthesize depth images aligned with the RGB frames



Dataset Integration 

Virtual RGB-D Rendering: synthesize depth images aligned with the RGB frames
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Architecture Design

• Backbone: pretrained Eagle-2 [1], (SmolLM2 language + SigLIP-2 vision encoder)
• Decomposition: high-level ("cerebrum") reasoning and low-level ("cerebellum") DiT head

[1] Li, Zhiqi, et al. Eagle 2: Building post-training data strategies from scratch for frontier vision-language models. ARXIV 2025.



Architecture Design

• Depth Encoder: pretrained ResNet-50 (stack 3-channel depth image as inputs)
• Depth Input: real / rendered depth during training and estimated depth during inference
• Training Objective: conditional flow matching loss
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Decoding Strategy

Temporal Orthogonal Filtering (TOF)
A training-free decoding strategy to 
denoise predicted rotation sequences. 
• Temporal convolution aggregates 

all rotation and translation estimates
• resulting convolved rotation is then 

projected onto the closest valid 
SO(3) manifold via SVD.



Decoding Strategy
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In-Domain Evaluation



Cross-Domain Evaluation



Ablations on Depth

• MEgoHand is compatible with various depth estimators (UniDepth / DepthAnythingV2)
• Auxiliary depth supervision is imperative
• Metric depth is more sensitive to scenarios with drastic camera shifting.



Visualizations

MEgoHand consistently outperforms LatentAct with more accurate hand poses and finer 
geometric alignment, particularly in wrist pose and finger joint rotations. We analyze that 
metric depth inputs play an important role in the generation of higher precision.
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Conclusion

Contributions
• Standardized dataset pipeline (3.35M frames, 1.2K objects, 24K tasks) solving 

annotation/representation inconsistencies.
• First framework combining VLMs and depth for egocentric HOI motion generation.
• SOTA performance on 7 datasets, with robust generalization to novel domains.

Future Extensions
• Annotate more HOI datasets with pretrained Inverse MANO network to scale up.
• Use modern hand pose detectors (e.g., HaMeR, HaWor) to label in-the-wild videos.




