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Figure 2: Overview of our EgoHandICL framework. Part A: Given a query image, we retrieve
templates via two complementary strategies. Pre-defined Visual Templates: a VLM classifies the
hand-involvement type and retrieves a template image of the same type. Adaptive Textual Templates:
we prompt the VLM to generate semantic descriptions, and retrieve a template image given textual
similarity. Part B: We encode image tokens Fi, structural tokens Fm, and text tokens Ft, respectively;
and then apply cross-attention to tokenize four structured sets of ICL tokens. Part C: We follow
a MAE-style design, where the template and query target tokens are partially masked to train the
Transformer. In inference, the query target tokens are fully masked for the Transformer’s prediction.

B), for both Itpl and Iqry, we estimate their coarse MANO parameters, collect their ground-truth
MANO parameters, and feed these four sets of MANO parameters (i.e., M̃tpl,M̃qry,Mtpl,Mqry)
into a MANO encoder, generating the structural tokens Fm that preserve 3D hand articulation
and shape priors. In addition, we encode Itpl and Iqry, respectively, with a pretrained ViT en-
coder (Potamias et al., 2025), capturing appearance and spatial details and generating the image
tokens Fi. Moreover, the VLM-generated semantic descriptions used for retrieval are embedded
as the text tokens Ft through a text encoder. Finally, we apply cross-attention to fuse the multi-
modal structural, image, and text tokens, producing unified ICL tokens for context-aware reasoning.
Specifically, after processing Itpl and Iqry, our ICL Tokenizer produces four sets of ICL tokens: T in

tpl
(representing “input” of “template”), T tar

tpl (representing “target” of “template”), T in
qry (representing

“input” of “query”), and T tar
qry (representing “target” of “query”). Together, these ICL tokens are

utilized in the transformer-based reconstruction model as contextual exemplars.

Masked Reconstruction for ICL. Masked Autoencoders (MAE) (He et al., 2022) have been widely
used in vision tasks, where part of the input tokens is randomly masked and a model is trained to re-
construct the missing ones. This architecture has proven effective for learning robust representations
and handling incomplete or ambiguous visual signals. However, there is a key challenge when ap-
plying it to the ICL paradigm: during training, the model has access to the ground truths of both the
template and the query samples; while in inference, the query target is unavailable, since it is exactly
what we aim to infer. To tackle this, prior ICL methods for vision tasks (Bar et al., 2022; Wang et al.,
2023; Fang et al., 2023) introduce masking into the target data during training: by partially masking
the targets of both template and query samples, the model is trained to predict under incomplete
supervision. As illustrated in Fig. 2 (Part C), our EgoHandICL employs a transformer trained for
masked reconstruction over ICL tokens. During training, we randomly and partially mask the target
tokens, i.e., the ICL tokens of T tar

tpl and T tar
qry, to simulate such incomplete supervision. In inference,

T tar
qry is fully masked (unavailable), yet the trained model can decode (reconstruct) the target of query

MANO parameters Mqry from the remaining ICL tokens of contextual exemplars. In summary,
this MAE-driven design offers an effective training-inference architecture for exemplar-conditioned
reasoning, enabling in-context hand reconstruction under challenging egocentric settings.

3.3 LOSS FUNCTION

We follow standard practices in parametric hand reconstruction and employ parameter-level (Lmano)
and vertex-level (LV ) supervisions to train our EgoHandICL to reconstruct 3D hand meshes:
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TL;DR
• The Bottleneck: Egocentric 3D hand 
reconstruction suffers from severe self-occlusion, 
depth ambiguity, and complex hand-object 
interactions. Prior methods rely on auxiliary cues but 
still fail under challenging egocentric scenarios.
• Core Insight: In-context learning (ICL) enables 
example-guided reasoning by conditioning on 
relevant exemplars.
• The Solution: We propose EgoHandICL, the first 
ICL framework for 3D hand reconstruction.
• Key Results: Achieves state-of-the-art on ARCTIC 
and EgoExo4D benchmarks, improving P-MPVPE 
by 31.1% (general) and 24.5% (bimanual) on 
ARCTIC, while reducing MRRPE by 12%. Also 
boosts EgoVLMs' hand-object interaction reasoning.Published as a conference paper at ICLR 2026

Table 1: Quantitative results on the ARCTIC dataset. We follow the standard evaluation protocol
and report both the joint- and vertex-level metrics.

General Setting Bimanual Setting
Method P-MPJPE→ P-MPVPE→ F@5↑ F@15↑ P-MPVPE→ MRRPE→
HaMeR (Pavlakos et al., 2024) 9.9 9.6 0.046 0.911 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

Table 2: Quantitative results on the EgoExo4D dataset. We follow the standard evaluation proto-
col and report the joint-level metrics.

General Setting Bimanual Setting
Method MPJPE→ P-MPJPE→ F@10↑ F@15↑ P-MPJPE→ MRRPE→
PCIE-EgoHandPose (Chen et al., 2024) 25.5 8.5 0.544 0.910 8.2 130.9
Potter (Zheng et al., 2023) 28.9 11.1 0.491 0.910 10.3 148.9
HaMeR (Pavlakos et al., 2024) 30.1 11.2 0.453 0.883 10.6 361.2
WiLoR (Potamias et al., 2025) 31.1 12.5 0.528 0.905 11.0 378.0

EgoHandICL (ours) 21.1 7.7 0.789 0.935 7.5 110.9

4.2 EXPERIMENT ANALYSIS

Experimental Results of 3D Hand Mesh Reconstruction. We use the ARCTIC dataset for both
joint- and vertex-level evaluations. As shown in Tab. 1, while WiLoR performs well when evalu-
ating only detected hands in the general setting, its accuracy drops in bimanual cases, often failing
to recover heavily occluded hands or confusing left/right identities (see the bottom case in Fig. 3).
Compared to the second best, EgoHandICL consistently improves PA-MPVPE by 31.1% and 24.5%
in the general and bimanual settings, respectively, and further reduces MRRPE by 12%. This in-
dicates our finding that, with in-context learning, EgoHandICL is particularly effective at resolving
egocentric occlusions and estimating spatial relations between the two hands. For the EgoExo4D
dataset (Tab. 2), where MRRPE is substantially higher than in the ARCTIC dataset due to dynamic
egocentric viewpoints, EgoHandICL again achieves notable gains with reduced errors, demonstrat-
ing strong spatial consistency between the two hands. Qualitative comparisons in Figs. 3 and 4
highlight that egocentric reconstruction involves not only single-hand accuracy but also maintain-
ing reasonable relative geometry between the two hands in rapidly changing egocentric views. In
general, our EgoHandICL consistently improves both visual accuracy and geometric fidelity across
scenarios with egocentric occlusions and bimanual interaction, providing a more robust solution for
real-world cases. Further discussions are provided in Appendix C.

Table 3: In-context reasoning analysis across different hand-involvement types. L, R, T, and N
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

In-context Reasoning Analysis. To verify the in-context reasoning abilities of the EgoHandICL
framework, as well as the effectiveness of our categorization of pre-defined visual templates, we
train variants of EgoHandICL on sub-datasets, each containing only a single hand-involvement type.
As shown in Tab. 3, each variant performs the best when the evaluation condition matches the hand
involvement type of its training templates. For example, Proposed-L achieves the lowest errors
when testing on the sub-dataset of the left-hand involvement type. However, this configuration also
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Figure 3: Qualitative results on the ARCTIC dataset. Note: In the bottom case, where the two
hands cross and the left hand is severely occluded, WiLoR (Potamias et al., 2025) reconstructs only
the right hand but mistakenly identifies it as the left.

introduces side effects: models trained only on a specific sub-dataset (e.g., Proposed-N) generalize
poorly to other types of samples (e.g., the Two Hands sub-dataset). To this end, our Proposed-Full
model, trained on all sub-datasets, achieves the best accuracy across all hand-involvement types,
demonstrating the synergistic benefits of in-context learning for stronger generalization and effective
adaptation to diverse scenarios.

Figure 4: Qualitative results on the EgoExo4D dataset (left) and self-captured cases (right).
Note: In the bottom-left case with a single heavily occluded hand, HaMeR (Pavlakos et al., 2024)
mistakenly reconstructs two hands, whereas WiLoR (Potamias et al., 2025) fails to reconstruct any.

Table 4: Comparison of different prompts for
adaptive textual templates retrieval. Results are
tested on the ARCTIC dataset.

Method P-MPJPE→ P-MPVPE→ F@5↑ F@15↑
W/o. Prompts 4.3 3.9 0.838 0.996
Des. Prompts 4.2 3.7 0.781 0.978
Reas. Prompts 3.9 3.7 0.766 0.975

Different Prompts for Retrieval. To assess
the role of adaptive textual templates, we com-
pare two prompting strategies for generating
retrieval texts via the VLM (Tab. 4). When
using only templates retrieved from the same
hand-involvement type without any adaptive
textual templates (W/o. Prompts), the model
achieves relatively stable performance on F@5
and F@15. Introducing adaptive textual tem-
plates with descriptive prompts (Des. Prompts:
e.g., “I am performing 3D hand reconstruction, please describe the interaction or occlusion details
in the egocentric image.”) reduces reconstruction errors by providing explicit cues about occlusions.
In particular, reasoning-style prompts (Reas. Prompts: e.g., “..., please provide guidance for han-
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Figure 5: EgoVLM’s hand–object interaction reasoning with and without EgoHandICL. By
incorporating our hand reconstructions as visual prompts, hand-related actions in egocentric videos
can be recognized reliably with finer details.

This suggests that excessive finetuning on egocentric data may bias EgoVLMs toward event-level
understanding at the cost of fine-grained hand–object interaction reasoning. To mitigate this issue,
we feed EgoHandICL’s reconstruction outputs to the EgoVLM as additional visual prompts, consis-
tently improving their hand-object interactions reasoning capabilities (an example shown in Fig. 5).
This exploration demonstrates the practical value of EgoHandICL for downstream applications.

6 CONCLUSION AND FUTURE WORK

We present EgoHandICL, a novel framework for egocentric 3D hand reconstruction with in-context
learning. Our method features three main components: (1) VLM-guided retrieval of exemplar tem-
plates; (2) an ICL tokenizer synergizing multimodal context; and (3) an MAE-based architecture
trained with specialized 3D geometric and perceptual constraints. Extensive experiments on bench-
marks and real-world applications validate the effectiveness of our approach. While effective, the
computational cost of the VLM-based retrieval presents a limitation for real-time deployment. In the
future, we plan to refine the training pipeline and generalize our EgoHandICL framework to broader
egocentric settings, such as 3D hand pose tracking and hand–object reconstruction.
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