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Abstract— Transferring manipulation skills from human
video demonstrations offers a scalable alternative to costly tele-
operation and kinesthetic teaching. However, reliable transfer to
robots with parallel-jaw grippers remains challenging due to the
morphological and kinematic gap between human hands and
robotic end-effectors. Existing grasp-transfer abstractions often
rely on sparse hand-object interaction (HOI) cues, while object-
centric pipelines typically depend on explicit geometric priors,
limiting their robustness to unseen objects, occlusions, and long-
horizon interactions. Therefore, we present HOMimic, a hand-
centric framework that distills manipulation structure from
human videos and transfers it into taxonomy-aware, executable
parallel-jaw gripper trajectories. Starting from recovered 3D
wrist motions and MANO hand poses, HOMimic introduces
a coarse-to-fine Semantic Keyframe Recognition strategy that
combines wrist-speed-based temporal proposals with vision
language model (VLM)-based semantic verification to identify
task-relevant contact segments. For cross-embodiment trans-
fer, HOMimic employs an affordance-centric, taxonomy-aware
grasp retargeting formulation that infers multi-modal parallel-
jaw grasps from hand parameterizations and visual interaction
cues, without requiring explicit object geometry.

I. INTRODUCTION

Transferring manipulation from human videos to robot-
executable motion has emerged as a promising approach to
alleviating the cost and scalability bottlenecks of teleoper-
ation and kinesthetic teaching. Due to their ease of col-
lection and rich hand-object interaction (HOI) cues, human
videos have increasingly been explored as a source of robot-
executable trajectories [1], [2], [3], [4], [5], [6].

Despite this promise, extracting transferable manipulation
structure from human videos remains challenging. For in-
stance, the morphology and kinematic mismatch between the
human hand and a parallel-jaw (PJ) end-effector makes direct
hand-to-gripper transfer nontrivial. Existing grasp transfer
abstractions are often overly coarse, relying on sparse fin-
gertip cues or thumb-index pinching geometry [7], [8], [9],
[10], [11]. Such approximations collapse diverse human
grasp types and neglect whole-hand, contact-dependent grasp
intent, limiting cross-embodiment generalization.

Besides, many approaches directly learn robot actions or
motion policies from video dynamics [12], [13], [14], [15],
[16], favoring observational imitation over explicit under-
standing of transferable contact phases and HOI patterns,
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Fig. 1: HOMimic, a manipulation retargeting framework
which may transfer human demonstrations with (i) diverse
grasp types (ii) multi-stage in-/off-contact keyframes to ex-
ecutable robot trajectories

which often limits generalization in diverse or long-horizon
demonstrations. Although some works study keypoint ex-
traction or temporal interaction localization [3], [17], for
instance, YOTO [3] primarily compresses noisy hand mo-
tion for downstream policy learning, whereas EgoLoc [17]
assumes simple interaction clips and is less reliable for multi-
stage or repetitive manipulation. Moreover, many pipelines
remain object-centric and rely on geometric priors and their
pose estimation results [18], [19], [20], [21], limiting appli-
cability under occlusion and unseen objects [22].

Therefore, we introduce HOMimic, a hand-centric frame-
work for transferring manipulation from human videos to
structured, taxonomy-aware and executable PJ trajectories.
Starting from recovered hand pose and wrist motion by
WiLoR [23], HOMimic identifies task-relevant contact seg-
ments leveraging the semantic understanding from vision-
language models (VLMs). Then, we apply a taxonomy-aware
retargeting module, instantiated with HOGraspFlow [24],
to infer multi-modal taxonomy-aware PJ grasps from hand
parametrizations and semantic cues. Finally, the transferred
grasps on each keyframe are connected and smoothed, con-
structing executable PJ trajectories.

In summary, our main contributions are threefold. First,
we present an interaction-aware framework for cross-
embodiment manipulation transfer from human videos to
executable PJ gripper trajectories. Second, we introduce a
coarse-to-fine contact segmentation strategy that combines
motion cues with VLM-based semantic reasoning to iden-
tify transferable contact segments. Third, we incorporate
an affordance-centric, taxonomy-aware grasp transfer formu-



lation that preserves whole-hand grasp intent and without
relying on explicit object geometry.

II. RELATED WORKS

A. Transferring manipulation from human videos

Transferring robot manipulation from human videos has
emerged as a scalable alternative to costly robot data collec-
tion. Prior works learn robot behaviors from human videos
either by directly training policies from video demonstrations
or by introducing structured intermediates such as hand
poses, keypoints, motion tracks, or contact cues [3], [7],
[17], [25], [26], [27], [28], [29], [30], [31], [32], [33], [34],
[35]. While these methods show that human videos provide
rich supervision for manipulation transferring, they mainly
focus on policy learning or coarse motion abstraction, rather
than explicitly identifying transferable contact segments and
distilling contact-aware manipulation structure from videos.

B. Cross-embodiment transfer and grasp retargeting

Another related direction studies how to bridge the gap
between human demonstrations and robot execution. Existing
methods do so by retargeting human hand motion to robot
actions, aligning human observations with robot views, or
transforming human videos into robot-compatible training
inputs [3], [25], [28], [29], [36], [2], [9], [37], [38], [39], [40],
[41], [42], [43], [44], [45]. In parallel, task-oriented grasping
and affordance-aware methods study grasp transfer and HOI-
aware grasp generation [8], [46], [47], [48], [49], [50]. How-
ever, many grasp synthesis pipelines remain object-centric
and rely on explicit geometric priors such as meshes, point
clouds, contact geometry, or object pose estimation [18],
[19], [20], [21], [51], [52], which can limit robustness in
unconstrained human videos.

III. METHODOLOGY

We address the task of extracting manipulation skills from
human videos and transferring them to a robot equipped
with a PJ gripper. Unlike prior pipelines that rely on ex-
plicit geometric priors on target objects, our hand-centric
approach is designed to achieve high-fidelity extraction and
cross-embodiment retargeting of human-object interactions
through an automated pipeline.

Figure 2 summarizes the overall pipeline of our approach,
which consists of three stages. Given video demonstrations,
Hand Pose Estimation (Sec. III-A) first recovers the 3D
wrist poses in the robot base frame together with the MANO
hand parameters [53] using WiLoR [23] and stereo trian-
gulation [54]. Semantic Keyframe Recognition (Sec. III-
B) then identifies task-relevant contact segments from the
extracted wrist trajectory through a two-stage query scheme.
Finally, Cross-Embodiment Trajectory (Sec. III-C) invokes
HOGraspFlow [24] at the start frame of each contact seg-
ment to retarget the human grasp to a PJ gripper, propagates
the resulting grasp along the localized wrist trajectory, and
outputs a smooth executable gripper trajectory.

A. Hand Pose Estimation

Given a stereo video sequence V = {(I}, I?)}L_,, for each
frame ¢, the Hand Pose Estimation module recovers the
wrist pose M; = (wy,q;) and the MANO hand parameters
H¢ = (04, Bt). Here, w; € R3 denotes the wrist orientation in
axis-angle form, ¢; € R? the 3D wrist position in the robot
base frame, 6, € R*® the MANO pose parameters whose
first 3 dimensions correspond to the global wrist orientation
and remaining 45 dimensions to the 15 finger joint rotations,
and 3; € R!° the MANO shape parameters. Following
Fig. 2, the estimator consists of three steps: monocular hand
reconstruction, wrist localization, and rotation averaging for
multi-view fusion.

In the first step, for each view n € {1,2}, WiLoR [23] is
used to estimate the MANO parameters (6", 5") from the
input image I;*. The corresponding 2D joint observations
from the stereo pair are then triangulated by Direct Linear
Transform (DLT) to recover the 3D hand joints, and the wrist
position g; is obtained as the reconstructed root joint.

After that, multi-view fusion is performed by rotation
averaging. Let g} and g? denote the quaternion converted
from the two wrist orientations g; and ¢?. The fused wrist
orientation is computed as:
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Finally, combining the triangulated position and fused
orientation yields the wrist pose M; = (w¢, ¢;), and together
with the MANO parameters H; = (6, 8¢), which form the
complete hand representation for each frame.

)

B. Semantic Keyframe Recognition

Given the frame-wise wrist poses M and the correspond-
ing hand orientation parameters 6, a coarse wrist trajectory
will be constructed to localize the contact segments C'. These
segments correspond to task-relevant HOI phases, which
serve as a structured basis for subsequent grasp retargeting
and trajectory transfer.

To improve robustness under and viewpoint variations, we
introduce a Two-Stage Query scheme that combines motion
analysis with visual semantic reasoning: the first stage (i.e.
Keyframe Detection) generates candidate intervals from
the wrist trajectory, and the second stage (i.e. In-Contact
Detection) refines them using hand-object spatial cues.

Based on consecutive wrist positions, a speed profile v; is
constructed from M, to characterize the motion magnitude
of the wrist: vy = ||g: — qe—1]|.

As illustrated in Fig. 2 (right), the Keyframe Detection
provides the speed profile and an analysis prompt to the
VLM!, to detect low-speed regions and produce valley
intervals Z. Then, the valid trajectory is partitioned into
a sequence of temporal segments Jj, consisting of both the
candidate valley intervals Zj, (e.g. the yellow interval in the
speed profile of Fig. 2) and the non-valley intervals between
them (e.g. the grey interval in the speed profile of Fig. 2), so

'We use Gemini 2.5 Flash [55] for prompting in this work
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Fig. 2: Pipeline for HOMimic.
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Fig. 3: HOGraspFlow [24], a flow matching-based grasp
retargeting framework that aims to transfer diverse human
grasp types to multi-modal parallel-jaw grasps.

that the entire trajectory is covered by alternating candidate
and non-candidate segments.

For In-Contact Detection, a representative keyframe is
extracted from the temporal midpoint of each segment Jj.
These keyframes are first cropped by the WiLoR’s hand
detection results and arranged into a numbered grid image.
Together with a predefined text prompt, they’re given to
VLM to determine whether genuine contact is present in each
segment. Based on the VLM output, every Jj, is assigned
a semantic label of either contact or non-contact, which
directly determines the gripper state. The final contact seg-
ments are then obtained by selecting the segments labeled as
contact and merging adjacent ones when necessary, yielding
Cr = [sk,er], where s; and e, denote the start and end
frame of the k-th contact segment, respectively.

C. Cross-Embodiment Trajectory Transfer

This stage converts the task-relevant segments into an
executable PJ gripper trajectory. Given the contact segments
C = {[sk, ex|} identified in the previous stage, a grasp pose
g% at the first frame sy, will be initialized of each segment us-

ing HOGraspFlow (Sec. IlI-C.a), and then propagate it along
the corresponding wrist trajectory obtain the gripper motion
G, which is further refined using an SF/(3)-aware Iterative
Extended Kalman Filter with a Rauch-Tung—Striebel (IEKF-
RTS) smoother [56] to yield the execution-ready output G
(Sec. III-C.b),

1) HOGraspFlow for Grasp Transfer:
HOGraspFlow [24] is an affordance-centric grasp retargeting
module that converts a single HOI RGB frame into multi-
modal executable PJ grasp poses, which do not require
explicit object geometry priors and infers grasp intent
directly from hand reconstruction and visual interaction
cues. The example outcomes of HOGraspFlow are shown
in Fig. 3.

For the k-th contact segment, we use the start frame sy,
together with the corresponding Hand Pose Estimation out-
puts M, and Hg, as the input to HOGraspFlow. Concretely,
the cropped hand-object image is processed by DINOv2 [57]
to extract a visual feature z;, while the estimated hand
pose and shape parameters are encoded into a hand feature
h;. These two modalities are fused by self-attention into a
single HOI-aware descriptor y;, which serves as a compact
intermediate representation of the local HOI semantics: y; =
SelfAttn([h;, z;]) € RP.

The fused descriptor is further regularized by two com-
plementary branches. First, a lightweight contact decoder
predicts per-vertex contact probabilities ¢; over the MANO
mesh. Second, a grasp taxonomy classifier predicts a prob-
ability distribution 7; over the 33 grasp types defined by
the GRASP taxonomy. A learnable codebook is then used to
construct a soft taxonomy-aware prior: 4; = Z,[le 5k Vk>
where 9; encodes the intended grasp category in a continuous
form, allowing the model to preserve multiple valid retar-
geted solutions while still constraining the overall structure
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Fig. 4: Success rate of keyframe and contact recognition.

of the pose distribution.

Conditioned on the HOI-aware descriptor y; and the
taxonomy-aware prior 4;, HOGraspFlow generates a set of
PJ poses:

95 = (pj> 05) ~p(g1v5,95),9 € SE(3) 2
by leveraging flow matching on the SFE(3) manifold [21]:

bv = do - eXpgps)(t'A¢),  (3)

where p; € R? is the gripper translation and ¢; € S is
the unit quaternion representing orientation. ¢’ € [0, 1] is the
discrete time step for iterative sampling on the estimated flow
geodesics.

Finally, given the grasp predicted at the contact onset sy,
denoted by g9, it is transformed to the world frame through
the corresponding hand poses M, in the world frame, and
used to initialize the subsequent trajectory transfer.

2) Trajectory Propagation and Smoothing: The initialized
grasp g\ at frame sy, should be propagated over the full con-
tact segment [sy, e;]. Following the rigid-coupling assump-
tion after contact establishment, the relative transformation
between the wrist poses and the retargeted gripper grasp is
kept constant within the same segment. Let Ty, (s;) denote
the wrist pose at the segment onset. The wrist-relative grasp
transform is computed as:

=Ty (t) Tw(sk)_lgg,

Applying this propagation to each contact segment and
concatenating the resulting segment-wise trajectory yields
the full gripper trajectory G.

Since the propagated trajectory G still contains high-
frequency noise from Hand Pose Estimation and temporal
propagation, we further smooth it using the IEKF-RTS
Smoother [56] on the SFE(3) manifold. The final PJ gripper
trajectory G preserves the task-relevant interaction pattern
of the human video while adapted to the target embodiment.
The examples of trajectory outcomes are illustrated in Fig. 5.

Pt’ = po + th¢OAp7

gk(t) t e [Sk, ek]. 4)

IV. EXPERIMENTS

We evaluate the proposed Semantic Keyframe Recog-
nition module by explicitly analyzing its two-stage query
design: (i) Keyframe Detection, which identifies candidate
low-velocity valley intervals from the wrist-speed profile,
and (ii) In-Contact Detection, which determines whether
each candidate segment corresponds to genuine hand-object
contact. (iii) Finally, we report the end-to-end total detection
success rate of the complete two-stage pipeline.

Pick the cap, draw a

@ circle, and place Pour the water

Rotate the cap twice

In Contact 'In Contact In Contactyin Contacﬁ In Contact

Fig. 5: Visualization of outcomes from HOMimic results:
(A) Smoothed robot trajectories and corresponding task de-
scriptions (B) For each task, we visualize the speed profiles,
recognized keyframes, and contact recognition results from
Gemini 2.5 flash.

As summarized in Fig. 4, the experiments are conducted
on 6 representative manipulation tasks that cover both single-
stage and multi-stage interaction patterns with varying de-
grees of occlusion and rotational complexity. The results
show that the first stage achieves strong valley localiza-
tion performance on structurally regular motions, while the
second stage yields high in-contact recognition accuracy
on tasks with clearer sustained contact. These indicate that
the proposed coarse-to-fine formulation effectively decouples
motion-based temporal proposal generation from semantic
contact verification, leading to robust recognition perfor-
mance even under substantial object occlusion (e.g. the small
red cap) and repeated interaction.

V. CONCLUSIONS

We presented HOMimic, a hand-centric framework for
transferring manipulation from human videos to executable
parallel-jaw gripper trajectories. Specifically, HOMimic com-
bines 3D hand pose recovery, VLM-based two-stage seman-



tic keyframe recognition for contact segment identification,
and taxonomy-aware grasp retargeting without relying on
explicit object geometry. Experimental results indicate ro-
bust recognition performance across diverse tasks, including
occluded and multi-stage interactions.
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VI. APPENDIX

We visualize the entire pipeline of HOGraspFlow [24] in
Fig 6 and the attended feature y; in Fig 7. The hardware
setups is visualized in Fig 8.
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Fig. 7: Visualizations of the feature maps from the HOGraspflow’s self-attention outcomes (y;) on 3 HOI datasets (in PCA),
including: HOGraspNet, OakInk and HO3D. Though HOGraspflow is a pure image-based grasp retargeting framework, it
understands the coarse geometric information by focusing on the HOI pixels without being explicitly trained on object/hand

segmentation.
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