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Generating whole-body grasping motion from the first-person perspective
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Abstract: Objective With the rapid development of intelligent robotics and virtual reality (VR) technologies, the demand
for simulating and generating natural human grasping motions has become increasingly urgent. Grasping motion, as a core
human-machine interaction behavior, is widely applied in service robots, surgical robots, and VR/AR interaction systems.
This paper aims to achieve the autoregressive generation of human grasping motion based on first-person perspective RGB
images, which means generating continuous, smooth, and physically reasonable grasping motion sequences frame by frame
relying on real-time visual input from the human’s first-person view. This task holds significant application value in fields
of intelligent robotics and virtual reality: for service robots, it enables more flexible and human-like object manipulation
without pre-built 3D models of target objects; for VR systems, it enhances the immersion and interactivity of virtual opera-
tions by simulating real grasping behaviors. Methods The key challenge of this task lies in the lack of object 3D models in
the input—traditional grasping motion generation methods often rely on accurate 3D geometric information of objects to plan
reasonable grasping poses, while first-person perspective RGB images only provide 2D visual information, making it diffi-
cult to infer the depth, shape, and physical properties of objects. Therefore, it is necessary to design an effective model to

infer natural and reasonable grasping actions relying solely on the first-person perspective images, ensuring the generated
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motions are both visually consistent with the input and physically plausible. To address the above challenges, this paper
proposes a Vision Transformer (ViT) architecture that integrates multi-modal information, breaking through the limitations
of traditional methods that only focus on single visual input. Specifically, the model extracts semantically rich visual fea-
tures through DinoV2, a pre-trained vision transformer with strong feature representation capabilities, replacing the tradi-
tional patch-based input method that easily loses global context information. DinoV2 can effectively capture the semantic
information of objects and the spatial relationship between hands and objects in first-person images, laying a foundation for
accurate motion inference. Meanwhile, the model encodes two key multi-modal information: action pose (including joint
angles and positions of the hand) and view direction (the spatial orientation of the first-person camera) , which are fed into
the transformer encoder together with visual features to achieve deep fusion of visual and motion information. The model
uses the Transformer’ s multi-head self-attention mechanism for global context modeling, enabling it to capture the depen-
dencies between consecutive motion frames and ensure the continuity and smoothness of autoregressive generation. In addi-
tion, to further improve the accuracy and rationality of grasping motions, the model incorporates auxiliary tasks of final
grasping pose prediction and hand contact label prediction: the final grasping pose auxiliary task guides the model to focus
on the target pose of the grasping action, while the hand contact label auxiliary task helps the model learn the contact rela-
tionship between the hand and the object. A composite loss function is designed to optimize the training process, combin-
ing the loss of motion sequence generation, final pose prediction, and contact label prediction to comprehensively improve
the model’ s performance. Experiments andResults To verify the effectiveness of the proposed method, extensive experi-
ments are conducted on the public dataset GRAB, which is a widely used benchmark dataset for human grasping motion,
containing a large number of first-person perspective RGB images and corresponding real grasping motion data. The experi-
mental evaluation focuses on two key indicators: the rationality of the grasping pose (whether the generated pose is suitable
for grasping the target object) and the overall motion quality (including smoothness, continuity, and consistency ‘with
visual input). The experimental results show that the method proposed in this paper significantly outperforms the existing
state-of-the-art methods in both indicators. Specifically, compared with the current mainstream ViT-based and CNN-based
methods, the proposed method reduces the pose error by 15.3% and improves the motion smoothness score by 21. 7%,
proving that the integration of multi-modal information and the design of auxiliary tasks effectively enhance the model’ s
ability to infer grasping motions from 2D visual input. Conclusions and Meanings This paper effectively addresses the
challenge of autoregressive generation of human grasping action sequences from egocentric RGB images by proposing a
Vision Transformer architecture that integrates multimodal information. This method breaks through the dependence of tra-
ditional methods on object 3D models, effectively resolving issues related to the accuracy and physical plausibility of action
generation in the absence of 3D models. The research conclusions not only provide a new technical approach for grasping
motion generation but also have important theoretical and practical meanings: theoretically, it enriches the research on
multi-modal fusion in vision-based motion generation and expands the application scope of Vision Transformer in human
motion simulation; practically, it provides technical support for the development of more intelligent robots and immersive
VR systems, promoting the popularization and application of human-machine interaction technologies in various fields. In
the future, this method can be further extended to more complex scenarios, such as grasping under dynamic environments
or multi-object interaction, to meet more practical application needs. Background and
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