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TL:DR

* The Bottleneck: Egocentric 3D hand

reconstruction suffers from severe self-occlusion,

EgoHandICL Framework

Part A - Template Retrieval Part B - ICL Tokenizer Part C - Training and Inference
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Table 1: Quantitative results on the ARCTIC dataset. We follow the standard evaluation protocol Table 3: In-context reasoning analysis across different hand-involvement types. L, R, T, and N

and report both the joint- and vertex-level metrics.

General Setting Bimanual Setting
Method P-MPJPE| P-MPVPE| F@5f F@15 P-MPVPE| MRRPE]
HaMeR (Pavlakos et al., 2024) 9.9 9.6 0.046 0911 9.9 10.1
WiLoR (Potamias et al., 2025) 5.5 5.5 0.524  0.994 5.7 9.8
WildHand (Prakash et al., 2024) 5.8 5.6 0.746  0.928 4.9 7.1
HaWoR (Zhang et al., 2025b) 6.2 6.1 0.474  0.896 6.0 8.6
EgoHandICL (ours) 4.0 3.8 0.801 0.996 3.7 6.2

denote training on the left-hand, right-hand, two-hand, and non-hand involvement type sub-dataset,
respectively. Results are tested on the ARCTIC under these four sub-dataset divisions.

Type Left Hand Right Hand Two Hands Non Hand
Method P-MPJPE| P-MPVPE| P-MPJPE| P-MPVPE| P-MPJPE| P-MPVPE| P-MPJPE| P-MPVPE]
Proposed - L 4.6 4.4 4.6 4.5 5.1 4.8 5.2 5.1
Proposed - R 4.8 4.5 4.1 4.4 5.0 4.8 5.2 5.2
Proposed - T 4.7 4.6 4.9 4.4 4.3 4.2 5.0 5.1
Proposed - N 4.9 4.7 5.3 5.1 5.5 5.1 5.0 5.0
Proposed - Full 4.5 4.3 4.0 3.9 3.9 3.7 4.7 4.5

... The right hand performs the primary task of mixing the rice. ... The right hand uses a
utensil to interact with the rice, moving it in circular motions to ensure thorough mixing.

@ with visual prompts %,:. ) %) & by EgoHandICL.

... Both hands appear to be working in tandem, ... The right hand is the primary actor,
using its fingers to press and shape the rice within the bowl. ... the right hand would
likely have been moving rhythmically, pressing and shaping the rice.




