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Fig. 1: We present a framework for generating hand-object interaction (HOI) motions conditioned on egocentric observation,
text command, and 3D scene context. Our method extracts HOI data from large-scale egocentric videos to learn a grasping
prior, then generates manipulation trajectories that respect scene constraints and language instructions. The generated HOI
sequence can be retargeted to robot hands for execution in the real world.

Abstract—Recent vision-language-action (VLA) models can
generate plausible end-effector motions, yet they often fail in
long-horizon, contact-rich tasks because the underlying hand-
object interaction (HOI) structure is not explicitly represented.
An embodiment-agnostic interaction representation that captures
this structure would make manipulation behaviors easier to
validate and transfer across robots. We propose FlowHOI, a
two-stage flow-matching framework that generates semantically
grounded, temporally coherent HOI sequences, comprising hand
poses, object poses, and hand-object contact states, conditioned
on an egocentric observation, a language instruction, and a 3D
Gaussian splatting (3DGS) scene reconstruction. We decouple
geometry-centric grasping from semantics-centric manipulation,
conditioning the latter on compact 3D scene tokens and a
motion—text alignment loss to semantically ground the generated
interactions in both the physical scene layout and the language

instruction. To address the scarcity of high-fidelity HOI supervi-
sion, we introduce a reconstruction pipeline that recovers aligned
hand-object trajectories and meshes from large-scale egocentric
videos, yielding an HOI prior for robust generation. Across the
GRAB and HOT3D benchmarks, FlowHOI achieves the highest
action recognition accuracy and a 1.7 x higher physics simulation
success rate than the strongest diffusion-based baseline, while
delivering a 40 x inference speedup. We further demonstrate real-
robot execution on four dexterous manipulation tasks, illustrating
the feasibility of retargeting generated HOI representations to
real-robot execution pipelines. Code and dataset will be released
upon paper acceptance.

I. INTRODUCTION

Robotic manipulation in everyday household environments
is fundamentally interaction-centric [27, [73]: task success



depends on how the robot establishes and maintains interaction
with a target object under clutter, contact constraints, and task
semantics. Common manipulation tasks such as opening a
lid, pouring from a container, or placing an object require
complex hand-object interactions that unfold over time [9].
These interactions are not fully characterized by the robot’s
end-effector trajectory alone, but by the underlying context
of interaction: where contact occurs given the surrounding
scene geometry, how stable contact is achieved and preserved,
how the object’s pose or state evolves under interaction, and
whether this evolution is semantically consistent with the
intended language instruction and the scene affordances.

Recent vision-language-action (VLA) models [49, 10, [101]],
fine-tuned from large VLMs [4] |80, |6} 159]], generate plausible
end-effector trajectories but struggle with contact-rich, long-
horizon dexterous tasks [110]. This motivates a semanti-
cally grounded, embodiment-agnostic intermediate represen-
tation [76, [102]] that explicitly encodes how contact is es-
tablished and transitioned to induce language-specified state
changes [41], decoupling manipulation from robot-specific
control and facilitating transfer across embodiments.

In this work, we propose FlowHOI, a two-stage flow-
matching framework for producing semantically grounded
hand-object interaction (HOI) sequences. Given an initial ego-
centric observation, a language instruction, and a 3D Gaussian
splatting (3DGS) scene reconstruction, FlowHOI generates
temporally coherent and physically plausible HOI sequences
comprising hand poses, object poses, and hand-object contact
states, all anchored in the observed scene context and aligned
with the language instruction. The resulting HOI represen-
tation provides a natural interface for enforcing geometric
and physical constraints and can be retargeted to downstream
robotic dexterous manipulation, leading to improved physical
plausibility and robustness [38| [67]].

Building such a model raises three central challenges:
(i) Geometric stability vs. semantic grounding. Long-
horizon interactions must maintain contact stability while
producing motions that are semantically grounded in both the
language instruction and the surrounding 3D scene; naively
entangling these two objectives causes the model to compro-
mise between them, resulting in contact drift or semantically
inconsistent motions. Inspired by how humans first establish
a stable grasp before manipulating objects [43], we decom-
pose generation into a geometry-centric Grasping stage and
a semantics-centric Manipulation stage. The Grasping stage
leverages a pretrained grasping prior to produce contact-stable
initializations; the Manipulation stage conditions on compact
3D scene tokens extracted from the reconstructed scene and
employs a motion-text alignment loss, grounding the generated
object state changes in both the physical scene layout and the
language instruction. (ii) Inference efficiency. Diffusion-based
HOI generators [18, 154} 136} 194] require tens to hundreds of
denoising steps, taking 3—7 s per sequence, which is prohibitive
for real-time downstream planning. We adopt conditional flow
matching, reducing inference to 0.16s per sequence (up to
40x speedup) while maintaining temporally coherent and

physically plausible generation. (iii) Data scarcity. High-
fidelity HOI supervision is scarce because hand-object inter-
actions are high-dimensional, frequently occluded, and tightly
coupled with contact dynamics [25, [104]. We address this
by introducing a reconstruction pipeline that recovers aligned
hand-object trajectories and meshes from large-scale egocen-
tric videos [37]. The resulting dataset enables the learning of
robust HOI priors with strong generalization across objects
and tasks.

To the best of our knowledge, FlowHOI is the first method
to formulate HOI generation as a unified, conditional flow-
matching process in a semantics-grounded way. In summary,
our contributions are:

o We introduce a two-stage HOI generation framework
that decouples geometry-centric grasping from semantics-
centric manipulation and employs flow matching for
efficient generation, achieving up to 40x speedup over
prior diffusion-based methods.

o« We design a reconstruction pipeline to extract large-
scale, high-fidelity HOI data from egocentric videos,
enabling the learning of a robust HOI prior that improves
generalization across objects and tasks.

e On GRAB and HOT3D benchmarks, FlowHOI achieves
the highest action-recognition accuracy and a 1.7 x higher
physics-simulation success rate (55.96% vs. 33.03%) over
the strongest baseline, while reducing interpenetration
volume by up to 21%. We further validate the physical
feasibility of generated HOI via retargeting and demon-
strate effectiveness on real-world dexterous manipulation
tasks.

II. RELATED WORK

Hand-Object Interaction Generation. Synthesizing articu-
lated hand-object motions under realistic contact has been sup-
ported by both mocap- and vision-based datasets [S0, (95| 64}
23, 15]]. Early kinematic methods leverage contact-aware priors,
optimization, or implicit representations to reduce interpene-
tration [35, 129, |55, 44, often with latent-variable models in
canonical object spaces [41} 96, [106} [109]. Physics-based RL
approaches ensure dynamic feasibility but scale poorly across
objects and suffer from sim-to-real gaps [L1, 90]. Recent
diffusion methods [26l 162, [13] improve temporal coherence,
yet DiffH20 [18] still suffers from physical artifacts, semantic
inconsistencies, and slow inference, and LatentHOI [54] re-
mains limited in interaction length and data scale. We instead
propose a flow matching framework that explicitly models
distinct grasping and manipulation phases, achieving faster
generation with improved physical plausibility and semantic
alignment.

Robot Learning from Human Videos. Learning manipu-
lation from human videos [71} 47, [75] is scalable but faces
an embodiment gap. Egocentric datasets [} 20} [81]] partially
bridge this gap, while VLA models [49} [10} [101]], language-
conditioned policies [3| 34], and video generation [[7, |99} [72}
28] map perception to actions but lack explicit interaction
structure. We instead acquire a robot-agnostic HOI sequence



prior as a motion script that can be retargeted to different
embodiments.

Human Motion Synthesis. Diffusion-based methods [98] 145}
16] generate realistic motions from text [32} [83, [107] or action
labels [31} 82]. Extending to HOI requires jointly modeling
contact-constrained trajectories with dedicated datasets [52}
8l 166]] that remain limited in scale [69, [32]], and existing
methods [103} 153} [79| [100] primarily target full-body motion.
Our work generates fine-grained hand-object interactions with
a data pipeline that recovers HOI motions from egocentric
videos [37] to address data scarcity.

III. PRELIMINARY: FLOW MATCHING

In this section, we briefly review the flow matching frame-
work for generative modeling [61]]. Let ¢(x) denote the un-
known data distribution over x € R and let py(x) = N(0,1)
be a simple prior. Flow matching learns a time-dependent
vector field v(x,7) that transports samples from py to a
target distribution p; ~ ¢ along a continuous probability path
{pr}+e[o,1)- This transport is defined by the neural ODE [[15]:

L o0 =V, 0.7, 0 =x O

where ¢_ is the flow map. Since directly matching the
marginal vector field of p; is generally intractable, conditional
flow matching (CFM) [61] instead constructs a tractable condi-
tional path p, (x | x;) for each data sample x; ~ g. A standard
choice is the optimal-transport path with linear interpolation:

xg ~N(0,I), 7 ~ U[0,1],

(2)
where o, > 0 is a small constant that controls the residual
stochasticity at the end of the flow. Under this path, the
conditional vector field admits a closed form:

X, = (1—(1—0min)T)X0+T X1,

X1 — (1 - Umin>x‘r
1-— (1 - a'min)T .

We parameterize the vector field with a neural network
vy(x, T, c), optionally conditioned on side information c. The
flow matching objective regresses the network vector field to
this target:

3)

u,(x, | x1) =

£FM = IExl,xo,T |:||V0(X777—a C) - uT(XT | Xl)Hz:| . (4)

At inference time, sampling starts from x(0) = x¢ ~ po and
integrates Eq. (I) to 7 = 1 using a numerical ODE solver.
Euler discretization with K steps yields:

1 k

AT=—, T = —.

Xit1 = Xk + AT Vo(Xp, T, €), 72 %
(5)

IV. METHODOLOGY

In this section, we present our flow-based HOI motion
generation conditioned on a single-frame initial egocentric
observation, text command, and 3D scene context. As il-
lustrated in Fig. 2] our framework consists of two stages:
a Grasping stage that generates approach-and-grasp motions
from a pretrained prior fine-tuned on reconstructed egocentric

HOI data, and a Manipulation stage that produces subsequent
interaction motions conditioned on 3D scene context and
language instructions.

A. Problem Formulation

We address HOI motion generation in practical scenarios.
Given the first egocentric observation I, from which we extract
the initial hand-object state X;j,; and object geometry M,
an action description 7', and a 3DGS scene representation
G, our goal is to generate a temporally coherent hand-object
interaction motion over N frames. We denote the object pose
at frame ¢ as Oy, and the left and right hand states as Hf5 and
Hj, respectively. The full HOI trajectory is defined as

x = {(H}, HJ,0,)} V! € RV, (©)

where D denotes the per-frame feature dimension of the hand
and object representations. Given a dataset of M paired inter-
actions {(x(¥,c()}M | our objective is to learn a conditional
generative model pyg(x | c), where c is the conditioning
information composed of encoded Xjni, M, T, and G.
Data Representation. Following prior work [18], we use
a compact canonical representation that couples hands and
objects while remaining robust to global placement. At each
frame t, the object pose is represented as translation and
rotation:

O, = (pf,ry), p?cR® r?cRE (7
where r{ denotes the continuous 6D rotation representa-
tion [L11]. Each hand h € {l,r} is parameterized in
MANO [92] space as

[

H} = (B}, rt,07,s}") € R™, ®)
with f)? € R3 the hand root translation, } € RS the global
hand orientation, 8" € R2* the MANO pose coefficients
in PCA space, and s € R?! the per-joint signed distance
(SD) vectors to the object surface. Specifically, let j Zt €R3
denote the 3D position of joint k € {1,...,21} for hand h at
frame ¢, and let M; be the posed object mesh (obtained by
transforming M with O;). Each entry of s,’} is defined as
.h, .h,
sﬁk:jkt_HMt(Jkt)v )]
where ITp4, (-) returns the closest point on the object surface.
To align with the two-stage pipeline, we anchor global
translations at the transition frame ¢, = N, — 1, where N,
denotes the number of grasping-stage frames. Specifically, we
express hand root translations p! relative to the object position
Py,
P =pi -}, (10)
This reduces variance across scenes and objects while keeping
the interaction dynamics in a consistent reference frame.
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Fig. 2: Overview of our framework. Given an egocentric observation, text command, and 3D scene context, our method
generates hand-object interaction motions through a two-stage pipeline: (1) a grasping stage that generates hand motion to
approach and grasp the object, fine-tuned by reconstructed high-fidelity hand-object interaction data from large-scale egocentric
videos, and (2) a manipulation stage that generates the subsequent interaction conditioned on scene and language.

B. Hand-Object Data Reconstruction from Egocentric Videos

Existing HOI datasets are orders of magnitude
smaller than full-body MoCap collections due to severe
self-occlusion and tightly coupled contact dynamics in ego-
centric views. To bridge this gap, we build a reconstruction
pipeline (Fig. [3) that converts raw egocentric videos from
EgoDex [37]], which provides RGB streams, camera param-
eters, text descriptions, and tracked hand keypoints but no
object annotations, into high-fidelity HOI training data used
exclusively to pretrain our grasping prior (Sec. [V-C).

The pipeline consists of three steps. (1) Transition detec-
tion: we smooth wrist trajectories and identify the grasp-to-
manipulation transition via local speed minima and direction
change. (2) Object reconstruction: we segment the target
object with SAM3 [[12]], estimate metric depth with DepthAny-
thing3 [60], and reconstruct a mesh with SAM3D [17] from
pre-transition frames where the object is static. (3) Hand-
object alignment: we fit MANO meshes via inverse kinemat-
ics, optimize an object translation offset to satisfy fingerpad
contact and non-penetration constraints at the transition frame,
and propagate the alignment to all frames. Full algorithmic
details, loss formulations, and hyperparameters are provided
in the supplementary material.

C. Two-Stage Hand-Object Interaction Generation

We naturally decompose HOI into two distinct phases:
Grasping and Manipulation. Following the temporal decou-
pling strategy in DiffH20 [18], we also adopt a two-stage
generation pipeline that explicitly models the two phases using
specialized modules. This design allows each stage to effec-
tively leverage the most relevant phase-specific conditioning
signals: geometry and reachability for grasping, and action
semantics and scene context for manipulation.

Initial Processing. Given the first egocentric observation I,
we estimate the initial hand pose using an off-the-shelf hand
tracker [85]] and reconstruct the target object mesh together
with its 6D pose in the initial camera frame via SAM3D [17].
The estimated hand and object states are transformed into a
common world coordinate frame, defined by the first camera’s
extrinsics, yielding the initial state X = (O, Hlo, Hj). The
object geometry M is encoded using a Basis Point Set (BPS)
representation [86], while the action description T' is encoded
by a frozen T5-Large [89] text encoder.

To incorporate rich scene context, we reconstruct a 3D scene
representation using 3D Gaussian Splatting (3DGS) from the
egocentric video [30, [68], with moving hands and objects
masked out during reconstruction. From the reconstructed 3D
scene, we sample Ng 3D points (Gaussian centroids) via
Farthest Point Sampling (FPS) [21], denoted as X € R™Vs*3,
For the ¢-th scene point, we extract two complementary feature
modalities: (i) a geometric embedding e; € R capturing
local spatial structure via Concerto [108]], and (ii) a semantic
embedding u; € R% obtained from the language-aligned
scene representation of SceneSplat [58]. Stacking both feature
types across all sampled scene points yields

E e RN-¥d U e RN:x, (11)

We further fuse semantic and geometric cues using a linear-
complexity gated fusion mechanism adapted from [39]]. Specif-
ically, both modalities are linearly projected into a shared
latent space of dimension dj, with:

]::" = q)e(E)a INJ = (I)u(U)a (12)

and combined via a learnable channel-wise gate a € R% («
is a learnable vector):

F=E+o(a)®U, (13)
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Fig. 3: Hand-object data reconstruction pipeline. Given an egocentric RGB video, we detect the grasp-to-manipulation
transition frame from wrist motion cues, reconstruct the 3D object mesh from pre-transition frames via segmentation and
metric depth estimation, and align the MANO hand mesh with the object under contact and non-penetration constraints to
produce an aligned HOI sequence. See supplementary material for the detailed pipeline.

where o(-) denotes the sigmoid function and ® element-wise
multiplication. This formulation enables adaptive modulation
of semantic information and geometric structure while pre-
serving linear memory and compute complexity.

To explicitly encode spatial layout, we concatenate a Fourier
positional encoding v(X) € R? of the 3D point coordinates
and apply a final projection to get the hybrid scene tokens:

P = U([F,7(X)]) € RN:xds, (14)

where ds denotes the dimension of the scene token. Although
P has encoded dense local scene context, in the transformer
backbone each per-frame feature of the noisy trajectory serves
as a motion token, and the scene tokens are injected via cross-
attention. Directly attending to all Ny scene tokens for each
of the N motion tokens would incur a cost of O(N - Ng).
To address this, we employ a Perceiver bottleneck [40] to
compress the hybrid scene tokens into a compact set of latent
tokens:

Siocal = Perceiver(P; Qg) € RE* s, (15)

where Q € RZ*9s denotes learnable latent queries and L <
N;. This bottleneck reduces the per-layer attention complexity
to O(L-Ng+ N - L) while preserving interaction-relevant local
geometric and semantic structure.

In addition to the local context, a global scene token
Seiobal € R%ds s used to encode the coarse layout of
the scene. Following prior scene-aware motion generation
practice [42], we voxelize the reconstructed 3D scene into
a coarse occupancy grid V € {0, 1}H=>*Hs>Hy yia uniform
grid sampling and encode the voxelized 3D scene via a vision
transformer (ViT):

Sgiobat = VIT(V) € R, (16)

The global and local representations play complementary
roles: Syjopa provides a holistic structural prior, encouraging
globally consistent motion generation and avoiding catas-
trophic collisions, while Sj,c, captures fine-grained geometric
and semantic constraints tied to specific interaction regions.
Grasping Stage. In the grasping stage, the target object is
static and we generate only the hand motion that approaches
the object and establishes contact. We adopt an z-prediction
variant of conditional flow matching for improved temporal
stability [56]]; details and ablations are provided in the supple-
mentary material.

Since the object is static during grasping, only the hand
state is generated. Let x9 = (H',H") € RNs*Pn denote
the grasping-stage hand states, where D}, is the per-frame
hand feature dimension. The conditioning signal for grasping
motion generation is defined as:

c? = {BPS(M); T5(Ty); Xinit }, (17

where Ty is a grasp-focused sub-instruction extracted from
the full action instruction 7" using an MLLM [2]], and T5(-)
is the TS5-Large [89] text encoder. This explicitly removes
manipulation-related semantics from the grasping conditioner,
preventing interference from manipulation during grasping.
Xinit provides the initial hand state and is concatenated to
the noisy motion token at each sampling step to anchor the
generation.

Following conditional flow matching (Eq.2), we sample x¢,
T € [0, 1] along the linear interpolation path between Gaussian
noise xo ~ A(0,I) and the ground-truth grasping sequence
x{. Instead of directly regressing the velocity u,, we train a
network f7(-) to predict the clean target x{:

2
ﬁgow = ET,XO,X§ [erg(xg,r, c?) — X£1]||2:| . (18)
The velocity field is then derived via Eq. (3):
9 (x9 9) — (1 — - Vx9
VE(x2, 7, ) = 10 Oty me?) = (1= omn)X? g

1— (1= omm)7
To enhance the controllability of motion generation under text
instructions and ensure semantic grounding, we additionally
introduce a contrastive alignment loss inspired by TMR [|84]:

1
£align = 5 (chm + £m2t) 3 (20)

where Ly and Ly, are symmetric InfoNCE [74] losses that
align text and motion embeddings in a shared latent space.
The total training loss is:

‘Cgrasp = Egow + )\align['a]igm 21

with Agign = 0.1. At inference, we integrate the derived vector
field from 7 = 0 to 7 = 1 using Euler integration to obtain the
denoised grasping trajectory, which terminates at the transition
frame t,.

Manipulation Stage. Unlike grasping, manipulation requires
reasoning over longer horizons, where the object must be



moved in a task-consistent manner while preserving the es-
tablished grasp and respecting scene constraints. To achieve
consistency between the two stages, in our manipulation gen-
erator, we generate a complete HOI sequence x™ € RV*D,
encompassing both the grasping and manipulation stages. The
generation process is conditioned on the previously generated
grasping trajectory to ensure consistency.

The grasping trajectory xﬁ)’ t] is treated as a known prefix,
and only the post-grasp motion is modeled stochastically.
The manipulation generator is conditioned on object geometry
M, language instruction T, scene context (Siocal; Sgiobat), and
the grasp transition state xfg (the terminated state along the
previously generated grasping trajectory x9):

¢ = {BPS(M)a T5(T)7 Stocal; Sglobal; ng }

A temporal mask M € {0, 1}V separates the fixed grasping
segment (M; = 0 for ¢t < ¢,) from the future manipulation
segment (M, = 1 for ¢ > t,). During inference, at each Euler
integration step with flow time 7, the grasping prefix x[907 to]
is softly inpainted into the noisy trajectory by replacing the
grasping segment with the previously generated result:

i?:h&@x?+(L—ND®x%%P

(22)

T <0.9, (23)

so that the manipulation network always observes the correct
grasping context while generating future frames. The inpaint-
ing is disabled for 7 > 0.9 to allow the model to refine
the full sequence without interference in the final integration
steps. During training, the model is optimized with a masked
objective applied only to the manipulation portion.

To enforce the continuity between the grasping and manip-
ulation phases, the transition state xfg is imposed as a hard
constraint. For each ODE-based sampling in flow matching,
we explicitly clamp the transition state:

X' [tg]  x{ . 24

The combination of the subsequence soft inpainting and hard
constraint ensures smooth and physically consistent generation
of the complete HOI sequence, while preserving the generation
model’s ability to jointly reason over the entire interaction.
Our subsequence inpainting strategy is conceptually related
to the inpainting mechanism used in DiffH20 [18]. However,
while DiffH20 formulates inpainting at the level of discrete
diffusion steps, we realize this idea within a continuous-time
conditional flow matching framework and enforce transition
consistency through ODE-level hard constraints.

The manipulation network f;" is also trained with ;-
prediction using a masked loss:

o = Eroocp [IIM O (f5 (&2, 7,0™) = x5 (25)

where the loss is applied only to the unknown manipulation
portion of the sequence to prevent trivial copying of the
inpainted grasping motion. Similarly, the total training loss
for the manipulation stage is:

m
flow + )\align ['align 5

where Lajign is the contrastive alignment loss (Eq. [215[)

Emanip = (26)

V. EXPERIMENTS
A. Datasets

We evaluate our method on two datasets, namely
HOT3D [5] and GRAB [95]. We pretrain our grasping
model with our curated EgoDex [37] dataset as described in
Sec. we solely use it for training the grasping prior
model and exclude it in our evaluations. GRAB [93] provides
high-fidelity hand-object motion capture and is used for quan-
titative evaluation without scene context. HOT3D [5] offers
real-world egocentric recordings with accurate hand and object
pose annotations and reconstructed 3D scenes, enabling scene-
conditioned evaluation and generalization to unseen objects.
Note that both GRAB and HOT3D datasets do not provide 3D
scene reconstructions or natural language action descriptions;
details of our reconstruction and annotation procedures are
provided in the supplementary material.

B. Implementation Details

Our model is implemented in PyTorch [77] and trained on
an RTX 6000 Ada GPU (48GB) with a total batch size of 64.
For DiffH20 [18] and LatentHOI [54], we use the official
implementations and retrain all these baseline models on
GRAB and HOT3D using the same data splits and evaluation
protocols as our method. To ensure a fair comparison, we
replace the CLIP [88] text encoder with a more capable
T5 [89] encoder for all compared baseline methods. We adopt
conditional flow matching [61] with optimal transport (OT)
paths and train the model using z-prediction. Inference is
performed using 50-step Euler integration. Additional imple-
mentation details are provided in the supplementary material.

C. Evaluation Metrics

Aligned with prior works [18 154, 26l 97]], we evaluate
the physical interaction quality, motion quality, and realizable
physical feasibility for generated HOI sequences. Detailed
metric definitions are provided in the supplementary material.
Physical Interaction Quality. We measure interpenetration
volume (IV) and interpenetration depth (ID) to quantify
geometric violations between hand and object meshes, and
report contact ratio (CR) to characterize sustained contact.
Interpenetration volume per contact unit (IVU) is used as a
normalized diagnostic metric.

Motion Quality. Semantic correctness is evaluated using ac-
tion recognition accuracy (AR). Motion diversity is measured
by sample diversity (SD) across repeated generations and
overall diversity (OD) over the full test set.

Realizable Physical Feasibility. In prior work [54], physical
plausibility (Phy) is assessed using heuristic criteria that
consider only sustained hand-object contact and whether the
object remains above the ground. We also evaluate with this
metric. However, it is insufficient to reveal the true physical
feasibility of generated human-object interactions. To address
this limitation, we further evaluate the realizable physical
feasibility of generated HOI sequences in a physics-based
simulation environment using Isaac Gym [70].
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Fig. 4: Qualitative comparison of HOI generation. We compare our method with DiffH20 [18]] and LatentHOI [54] against
ground truth (GT). Top row: results on GRAB dataset. Bottom row: results on the HOT3D dataset in a 3D scene context. Our
method generates more natural grasping poses and physically plausible manipulations that better align with the input action
instructions and comply with the surrounding 3D scene layout. Best seen in the supplementary video.

Physical Interaction Quality

Motion Quality Realizable Physical Feasibility

Dataset | Method [ IVIem®1 () IDleml () CRI[%I (1) IVUJ) AR@) SD[m](1) OD[ml () Phy (%] (1) SRI[%] () HTI[s](1) Time [s] ()
Real Mocap 6.49 0.43 6.62 0.09 1.00 - 0.18 95.56 77.06 2.40 -

GRAB DiffH20 13.11 1.32 8.14 0.16 0.87 0.12 0.13 89.44 33.03 0.35 6.34
LatentHOI 13.76 0.99 9.18 0.14 0.78 0.11 0.14 96.40 28.44 0.29 3.57
Ours 10.93 1.28 6.85 0.13 0.95 0.13 0.16 90.90 55.96 1.50 0.16
Real Mocap 2.88 0.63 1.69 0.15 1.00 - 0.23 16.80 6.67 0.08 -

HOT3D DiffH20 3.25 0.66 2.07 0.18 0.71 0.15 0.23 16.47 4.00 0.03 6.54
LatentHOIL 1.54 0.44 1.59 0.21 0.65 0.12 0.18 14.36 0.00 0.00 3.21
Ours 3.36 0.72 2.14 0.19 0.78 0.10 0.20 17.15 533 0.03 0.16

TABLE I: Quantitative evaluation on GRAB and HOT3D datasets. Best results are in bold.

Specifically, we first retarget the generated HOI sequences
to the Allegro Hand via inverse kinematics [48]]. The retargeted
motions are then executed in Isaac Gym using a physics-based
tracking controller to generate robot joint actions [63]. We
report the success rate (SR) and holding time (HT), during
which objects are stably held in the hand, as quantitative
measures of realizable physical feasibility. The inference time
for HOI generation is also reported.

D. HOI Generation Comparison

We compare FlowHOI with DiffH20 [18] and Laten-
tHOI [54] on GRAB and HOT3D (Table [I), focusing on long-
horizon contact consistency, semantic alignment, and inference
efficiency.

Contact consistency over long horizons. On GRAB,
FlowHOI achieves the lowest IV and IVU, indicating that con-
tact geometry remains consistent over extended interactions
with less error accumulation. On HOT3D, FlowHOI attains
the highest contact ratio while keeping penetration metrics
comparable to baselines, suggesting that it maintains sustained,
task-relevant contact even under real-world reconstruction
noise.

Semantically grounded generation without sacrificing di-

versity. FlowHOI consistently achieves the highest action
recognition accuracy, indicating that the generated motions are
well grounded in the language instruction and the observed
scene context. This improvement stems from conditioning the
manipulation stage on compact 3D scene tokens and a motion-
text alignment loss, which explicitly anchors the generated
object state changes in both the physical scene layout and
the language instruction. Importantly, this enhanced semantic
grounding does not collapse motion diversity: both sample-
level and overall diversity remain comparable to prior methods,
with the highest overall diversity observed on GRAB.

Realizable physical feasibility and efficiency. In physics
simulation, FlowHOI achieves the best SR on GRAB (55.96%
vs. 28.44% for LatentHOI and 33.03% for DiffH20) and
the longest execution duration of 1.5s, confirming that the
generated trajectories remain stable and executable after retar-
geting. Although LatentHOI achieves the highest heuristic Phy
score on GRAB, this metric does not capture physical stability
under dynamics, as reflected by its substantially lower SR.
By adopting flow matching, inference requires only 0.16s per
sequence, achieving up to 40x speedup over diffusion-based
baselines (DiffH20: 6.34s, LatentHOI: 3.57s). Qualitative
results in Fig. [ further corroborate these findings, showing
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Fig. 5: Showcase of real-world robot applications. We retarget
our generated HOI sequence to a Franka Panda arm with Al-
legro Hand for four contact-rich manipulation tasks: pouring,
drinking, tilting, and squeezing. The robot successfully exe-
cutes contact-rich interactions guided by our HOI sequence.

more realistic grasp configurations and smoother manipulation
trajectories, particularly for long-horizon interactions.
E. Showcase of Real-world Applications

We further evaluate the physical feasibility of executing
generated HOI sequences on a real-world dexterous manipula-
tion platform, consisting of two Franka Emika Panda robotic
arms [33], each equipped with an Allegro Hand v5 [1I.
We consider four contact-rich household manipulation tasks:
drinking from a cup, pouring liquid between containers of
different sizes, tilting a container, and squeezing dressing.
Perception inputs include egocentric RGB observations, re-
constructed 3D scene representations, and a natural-language
instruction (see Fig. [I). The initial MANO hand pose cor-
responding to the Allegro hands required by our model is
obtained from reading and retargeting the robot hand proprio-
ceptive state via an off-the-shelf kinematics-related retargeting
solver [48]]. Our generated HOI hand poses are then retargeted
to the joint space of Allegro Hand using the same retargeting
solver [48]). These retargeted reference actions of Allegro Hand
are further refined by an existing dexterous robot hand motion
tracker [63]] to produce refined robot-executable joint actions,
which are finally executed on a real robot using a standard
joint impedance controller. Across the showcased tasks, the
generated HOI trajectories can be consistently retargeted and
successfully executed on the robot, producing stable contact-
rich interactions that qualitatively match the intended object-
centric behaviors (see Fig. [5).

F. Ablation Study

Effect of Pretraining Grasping Model. Table [[] compares
grasping models with and without pretraining on large-scale
egocentric data (Sec. [V-B). We report grasp error (GE),
defined as the distance between the generated hand pose
and the ground-truth grasp at the end of the grasping stage.
Pretraining substantially reduces GE, indicating more accurate
and stable grasp initialization. Improvements in penetration-
related metrics further indicate that the pretrained grasping
prior enhances contact quality in the grasping stage.

Model | IV [em®1()) ID[em](}) CR[%] (D) IVU{) GE[m]()
w/o prior 10.40 1.31 6.78 0.13 0.10
w/ prior 10.93 1.28 6.85 0.13 0.06

TABLE II: Effect of pretraining with large-scale egocentric
HOI data on GRAB. GE: grasp error at the end of grasping
stage.

CLIP [88] 0.89 w/o scene 0.73 0.33
CLIP + Align. Loss 0.88 PointNet++ [87] 0.59 0.44
T5 [89] 0.92 Concerto [108]] 0.75 0.26
T5 + Align. Loss 0.94 SceneSplat [S8]] 0.73 0.30

Ours 0.78 0.24

(a) Text Encoder (b) Scene Encoder

TABLE III: Ablation study on text encoder (a) and scene
encoder (b). FDE: final displacement error of object pose.

Semantic grounding via text and scene conditioning. Re-
sults are summarized in Table m For text encoding, TS en-
coder consistently outperforms CLIP-based variants in action
recognition accuracy. Incorporating the motion-text alignment
loss (Eq. (20)) further improves the performance, indicating
stronger correspondence between generated motions and lan-
guage instructions. For scene encoding, removing scene infor-
mation leads to degraded action recognition accuracy and large
final displacement error (FDE). Geometry-only or semantics-
only scene representations provide partial improvements, while
our fused representation achieves the best performance on both
metrics. This demonstrates that jointly modeling spatial geo-
metric constraints and scene semantics is critical for accurate
object motion and semantically consistent manipulation.

VI. CONCLUSION

We presented FlowHOI, a two-stage flow-matching frame-
work that generates semantically grounded HOI sequences
conditioned on an egocentric observation, a language in-
struction, and a 3DGS scene reconstruction. By decoupling
geometry-centric grasping from semantics-centric manipula-
tion with 3D scene tokens and a motion-text alignment loss,
FlowHOI grounds interactions in both the physical scene and
the language instruction. A reconstruction pipeline recover-
ing HOI trajectories from egocentric videos further provides
a robust prior for generalization. On GRAB and HOT3D,
FlowHOI achieves the highest action-recognition accuracy,
a 1.7x higher physics-simulation success rate, up to 21%
less interpenetration, and a 40x inference speedup over the
strongest baseline. Real-robot experiments on four dexterous
tasks further validate retargeting to real-world execution.

This work also has several limitations. Our framework as-
sumes accurate initial hand and object state estimation and de-
grades under heavy occlusion or unreliable reconstruction. The
generated trajectories are kinematic and contact-consistent but
rely on downstream controllers for dynamics and compliance.
Extending to mobile manipulation and learning interaction
priors from large-scale exocentric videos are promising future
directions.
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FlowHOI: Flow-based Semantics-Grounded Generation of Hand-Object Interactions
for Dexterous Robot Manipulation

Supplementary Material

This supplementary document provides additional details
and results that complement the main paper. We begin with
implementation details of the model architecture and training
configurations in Sec. followed by an ablation study on
the flow matching prediction target in Sec. [B] We then de-
scribe the hand-object data reconstruction pipeline and dataset
preprocessing in Sec. [C] and Sec. [D] respectively. Next, we
elaborate on the physics simulation evaluation protocol in
Sec. [E| and provide details on the real-world experiment
setup in Sec. [} We then analyze the scene representation
in Sec. Full evaluation metric definitions are provided in
Sec.[Hl We then present additional qualitative results in Sec. [T}
Finally, we discuss failure cases in Sec. [J| We also provide a
supplementary video with animated results.

A. IMPLEMENTATION DETAILS

This section provides additional implementation details be-
yond Sec. of the main paper.

Both models use a DiT [78] backbone with pre-norm.
The manipulation model uses d=512, dg=1024; the grasping
model uses d=256, dg=512. Both use L=8 layers and dropout
0.1. Text is encoded by a frozen T5-Large [89], projected
to d and injected via cross-attention. Object geometry uses
BPS [86] encoding, projected to 256-dim and concatenated
per-frame.

The scene is represented by up to 25,000 points sampled
via Farthest Point Sampling (FPS) [21]. Geometric features
from Concerto [108] d.=1536 and semantic features from
SceneSplat [58]] d,=768 are fused via bidirectional cross-
attention with d; =512 for manipulation, 256 for grasping. 3D
coordinates use Fourier positional encoding [57], projected to
64-dim. Fused features are compressed by a Perceiver [40]
bottleneck into K=256 scene tokens of dimension d. For
global scene encoding, we voxelize the scene at 48x48x24
resolution and process it with a ViT, injected via AdaLLN [[78].

We use AdamW [63] with Ir 10, weight decay 0.01,
and linear annealing. The grasping model trains for 500K
steps; the manipulation model for 200K steps. We adopt logit-
normal time sampling and classifier-free guidance with drop
probability 0.1 during training and scale 2.5 at inference with
50-step Euler integration.

Each frame is a 117-dim vector encoding bimanual wrist
poses, hand articulations in 24D PCA, per-joint signed dis-
tances to the object, and object pose. The full sequence length
is N=200 frames with N,=50 for grasping and 150 for
manipulation.

Contrastive Alignment Loss. We employ a TMR-
inspired [84] symmetric InfoNCE loss to align motion
and text embeddings in a shared 512-dim latent space. The
motion encoder is a 4-layer Transformer encoder with a
learnable [CLS] token. The text encoder applies mean

pooling over frozen T5-Large [89] embeddings and projects
them to the same 512-dim space via a two-layer MLP. The
temperature 7 is initialized to 0.7, learnable, and clamped to
[0.01,100]. The alignment loss is weighted by A,jign=0.1 and
directly added to the flow matching loss. These alignment
components are only used during training and discarded at
inference.

B. FLOW MATCHING PREDICTION TARGET ANALYSIS

Different from standard flow matching that predicts the
velocity field v, we propose to directly predict the clean data
x; as the model output. Recent studies [56] have conducted
extensive analyses on the choice of prediction targets and
consistently advocate for directly predicting the clean data (z-
prediction), rather than noise (e-prediction) or flow velocity
(v-prediction). These works are motivated by the manifold
assumption, which posits that natural data, such as images,
concentrate on a low-dimensional manifold embedded in a
high-dimensional ambient space, while quantities such as noise
e or flow velocity v = = — € are inherently off-manifold and
distributed across the full ambient space.

In our problem, although the interaction sequence is rep-
resented in a high-dimensional space, physically and seman-
tically plausible hand-object motions are highly constrained
(e.g., kinematics, joint limits, contact consistency, and tempo-
ral coherence), suggesting a similarly thin interaction man-
ifold. Under velocity-based training, small high-frequency
errors in vy are directly injected into the ODE integration
and can accumulate across steps, manifesting as temporal
jitter [56]. In contrast, z-prediction repeatedly estimates an
on-manifold state and then derives the vector field from it,
which empirically improves temporal stability. To validate
this hypothesis, we conduct an ablation study comparing the
two prediction targets (z-prediction and v-prediction) on the
GRAB [95] dataset. We evaluate temporal smoothness using
two complementary metrics (see Sec. [H]for formal definitions):
(1) jerk, the third derivative of object position/rotation with
respect to time, and (2) hand acceleration, which measures the
second-order temporal stability of the generated hand motion,
decomposed into global wrist acceleration (Accy) and local
finger acceleration (Acc;) for both positional and rotational
components. As shown in Tab. z-prediction achieves lower
angular jerk and consistently lower local hand acceleration
(both positional and rotational), indicating smoother finger
articulation. The global wrist metrics are comparable between
the two targets, suggesting that the primary benefit of z-
prediction lies in stabilizing fine-grained hand dynamics rather
than coarse wrist trajectories. Fig. [6] further visualizes the
generated trajectories, where v-prediction exhibits noticeable
high-frequency jitter whereas z-prediction produces tempo-
rally smooth results.



Prediction Target ‘ Jerk (Pos.) [m/s3] (@)

Jerk (Ang.) [rad/s3] (1) | Accy (Pos.) [m/s?] (1)

Accy (Pos.) [m/s?] (1) Accg (Rot) [rad/s?] (1)  Acc; (Rot.) [rad/s?] (})

4.9721
0.0438

137.9271
0.4071

v-prediction
z-prediction (Ours)

0.2523
0.0204

0.1232
0.0055

0.9567
0.0835

3.2414
0.0339

TABLE IV: Ablation study on flow matching prediction targets on GRAB [95]. xz-prediction yields lower angular jerk and
hand acceleration while maintaining competitive interaction quality. Accy/Acc;: global/local acceleration (see Sec. [H).
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Fig. 6: Qualitative comparison of prediction targets. Our z-
prediction produces temporally smooth and stable hand tra-
jectories, while v-prediction exhibits noticeable spatial jitter

and inconsistent grasping poses across frames.

C. HAND-OBJECT DATA RECONSTRUCTION DETAILS

The goal of this pipeline is to reconstruct high-fidelity hand-
object interaction data from large-scale egocentric videos [37],
which provides large-scale training data for pretraining the
grasping model and improves generalization across objects
and tasks. This section provides the full algorithmic details,
loss formulations, and hyperparameters of the reconstruction
pipeline summarized in Sec. of the main paper. An
overview of the pipeline is illustrated in Fig.

A. Step 1: Transition Frame Detection

To separate the grasp phase from the manipulation phase,
we detect a transition frame using wrist motion cues. We
first smooth the wrist trajectory with a Gaussian kernel [19]
(0=2.0) and compute wrist speed as the displacement between
consecutive frames. Candidate transitions are identified at time
steps where the speed reaches a local minimum within a 1-
second window and the orientation changes by more than 30°
in the window.

B. Step 2: 3D Object Reconstruction

We use an LLM (GPT-40 [2]]) to extract the label of the
object of interest from the given text prompt. The object is
stable during the grasping phase, allowing us to reconstruct its
3D geometry from the video start frame to the transition frame.
We uniformly sample eight frames from this interval and apply
SAM3 [12] to segment the target object using the specified
label. For each sampled frame, the highest-confidence mask
is selected. In cases where SAM3 fails to produce a valid
segmentation, we examine nearby frames within the same
interval to recover a suitable mask.

Since SAM3D [17] reconstructs geometry from a single
RGB image but does not recover metric scale, we first estimate
metric depth for the initial frame using DepthAnything3 [60]
and back-project it into a 3D point map using the known
camera parameters. We then apply the segmentation mask to

extract the object point map, which provides the metric ref-
erence. Given this metrically scaled point map and the initial
RGB frame, we reconstruct the object mesh with SAM3D.
Given the pose of the RGB image, we further transform the
reconstructed metric mesh from SAM3D into the transition
frame’s world coordinates using the known camera extrinsics.

C. Step 3: Hand-Object Alignment

Despite sequential video observations from multiple cam-
eras in EgoDex [37], misalignment persists between the re-
constructed object and the tracked hand keypoints in the world
frame. We align the hand and object based on two hypotheses:
(i) the fingerpads should be in contact (at least three fingers
including the thumb) with the object surface at the moment of
grasp completion, and (ii) no deep penetration should occur.

At the transition frame between the grasping and manipula-
tion stages, we first fit the MANO hand mesh from the tracked
hand keypoints using optimization-based inverse kinematics
(IK) [48], which allows us to extract the fingerpad vertices
from the mesh. We then estimate an optimal object translation
offset Ap® € R? that minimizes a weighted fingerpad-to-
object surface discrepancy at the transition frame by gradient
descent. If the resulting grasp does not satisfy the contact
hypotheses, we further fine-tune the MANO parameters cor-
rection A@ with:

Ag&%gg »Cdist + )\pen»cpen + )\reg»crega (Sl)
where Ap® € R3 is the object translation offset, AQ € R**
is the MANO parameters correction in PCA space, Lgig
penalizes MANO fingerpad to object surface distances, Lpen
penalizes negative signed distances of fingerpad vertices, and
Ly, regularizes deviation from the IK-fitted pose.

Finally, we propagate both the estimated object translation
offset Ap® and the optimized MANO pose correction A
at the transition frame to all frames prior to the transition,
resulting in aligned hand-object data for the entire grasping
phase.

D. DATASET PREPROCESSING DETAILS

This section details our preprocessing and annotation pro-
cedures for each dataset used in Sec. of the main paper.

A. GRAB

GRAB [95] is a comprehensive full-body grasping and
manipulation dataset containing 1,335 sequences of human
interactions with 51 everyday objects. Each sequence provides
high-quality 3D motion capture data for both the human body
and hands, together with accurate object meshes and trajecto-
ries. Although GRAB does not include scene information, we
include it in our evaluation due to the high fidelity of its hand-
object interaction data and the complexity of the manipulation
actions it contains.
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Fig. 7: Detailed hand-object data reconstruction pipeline. Given an egocentric RGB video with tracked hand keypoints
and camera parameters, we reconstruct HOI data in three steps: (1) Transition frame detection: we smooth wrist trajectories
and identify the grasp-to-manipulation transition via local speed minima and direction change; (2) 3D object reconstruction:
we segment the target object with SAM3 [12], estimate metric depth with DepthAnything3 [60], and reconstruct a mesh with
SAM3D using pre-transition frames where the object is static; (3) Hand-object alignment: we fit MANO hand meshes
via inverse kinematics and optimize an object translation offset to satisfy fingerpad contact and non-penetration constraints at

the transition frame, then propagate the alignment to all frames.

Following [18], we focus exclusively on the hand-object
interaction components and discard full-body motion infor-
mation. We adopt the dataset split (1,125 train / 210 test) and
textual action descriptions introduced in [18]. The raw motion
capture data is downsampled from ~120 Hz to 20 Hz.

B. HOT3D

For training our semantically grounded and scene-aware
manipulation model, there is currently no dataset that simul-
taneously satisfies all of the following requirements: (i) high-
quality 3D annotations for hand-object interactions [14] O3],
(i) high-fidelity real-world scene capture comparable to large-
scale indoor datasets [103} O1]], and (iii) explicit action-level
semantic descriptions.

HOT3D [3] is close to meeting these requirements. The
dataset provides accurate 3D hand and object pose annota-
tions synchronized with egocentric videos, enabling detailed
analysis of fine-grained manipulation activities.

In our experiment, we use the publicly available training
split of HOT3D, as the ground-truth annotations for the official
test set have not been released and are primarily intended
for benchmark evaluation. The training split consists of 136
recordings collected from nine subjects, with each recording
lasting approximately two minutes and containing multiple
hand-object interactions.

To obtain scene representations, we reconstruct each record-

ing using 3DGS [46] [68] from the recorded egocentric videos
captured by the Project Aria glasses [22]. We then automati-
cally extract hand-object interaction clips by detecting object
motion and temporally segmenting the sequences accordingly.
Specifically, each interaction clip is divided into a grasping
stage and a manipulation stage. The grasping stage is defined
as the interval from the end of the previous interaction to the
moment of grasp completion. The manipulation stage covers
the remaining period where the hand actively manipulates the
object.

Following this procedure, we obtain 1,802 interaction clips
in total, split into 1,441 for training and 361 for testing, where
the test set contains interactions involving unseen objects. Fi-
nally, we use OpenAl GPT-4o [2] to generate natural-language
descriptions for each extracted interaction clip, including the
objects involved and the actions performed.

E. PHYSICS SIMULATION ANALYSIS

This section provides additional details on the physics
simulation experiments described in Sec. [V-C] of the main
paper.

We evaluate the realizable physical feasibility of gen-
erated HOI sequences in Isaac Gym [70]. The evaluation
pipeline consists of three steps: (1) retargeting the generated
MANO [92] hand trajectories to the Allegro Hand [I]] via
inverse kinematics [48], (2) executing the retargeted motions



using a physics-based tracking controller [63] that produces
robot joint torques, and (3) evaluating whether the object
remains stably grasped and the task is completed. We describe
each step in detail below.
Retargeting. Given the generated MANO hand trajectories,
we first convert the MANO parameters to 21 keypoint posi-
tions per hand at each frame via forward kinematics. Since the
Allegro Hand is approximately 1.6x larger than the human
hand, we uniformly scale the MANO keypoints accordingly
to match the robot hand size. We then solve for the 16-DOF
Allegro joint angles and the 6-DOF wrist pose via inverse kine-
matics using pyroki [48]], a JAX-based least-squares IK solver.
The optimization minimizes a weighted combination of cost
terms: (i) a local alignment cost that preserves relative inter-
joint distances and angles to maintain hand structure, (ii) a
global alignment cost that matches the robot link positions
to the target keypoints, (iii) wrist position and rotation costs
that anchor the robot wrist to the MANO wrist pose using
translation error and SO(3) geodesic distance respectively, and
(iv) temporal smoothness costs on both the joint angles and
the root trajectory to suppress jitter. Joint angle limits from
the Allegro URDF are enforced as hard constraints. Since
the Allegro Hand has four fingers while MANO models five,
we approximate the pinky targets by offsetting the ring finger
keypoints laterally.
Tracking. We use DexTrack [63], a reinforcement learning-
based tracking controller, to execute the retargeted trajecto-
ries under physics simulation. The controller is trained with
Proximal Policy Optimization (PPO) in Isaac Gym [70] across
thousands of parallel environments. The policy observes the
current hand joint positions and velocities, fingertip states,
object pose, and the residual between the current state and
the reference trajectory at the current and future timesteps.
It outputs cumulative residual position targets for the 16
actuated hand joints, which are tracked by low-level PD
controllers. The reward function encourages (i) minimizing
the distance between the fingertips and the object surface,
(i) tracking the reference hand pose with separate coefficients
for global translation, wrist rotation, and finger joint angles,
(iii) matching the target object position and orientation, and
(iv) smooth joint velocity profiles. To improve robustness,
we apply domain randomization over hand joint stiffness and
damping, hand and object masses, friction coefficients, and
observation and action noise during training.
Evaluation. As shown in Fig. although the kinematic
trajectories of both the human hand (a) and the retargeted
Allegro hand (b) appear visually plausible, executing them
under physics simulation (c) can reveal failures: the object
may detach or slip from the grasp due to insufficient contact
forces, incorrect friction modeling, or dynamically unstable
grasp configurations. This demonstrates that kinematic feasi-
bility alone does not guarantee physically stable interactions,
motivating the use of physics simulation as a more rigorous
evaluation protocol.

For each method, we run 10 simulation trials per test
sequence and report the average success rate and holding time.

(a) Human trajectory | (b) Allegro trajectory | (c) Simulation

&

&

Fig. 8: Comparison of HOI trajectories: (a) kinematic human
hand trajectory, (b) retargeted Allegro hand trajectory, and
(c) physics simulation in Isaac Gym [70]. Although the
kinematic trajectories in (a) and (b) appear plausible, executing
them under physics simulation reveals failures: the object
detaches and slips from the grasp (bottom row, red circle),
indicating that kinematically feasible motions do not guarantee
physically stable interactions.

An episode is considered successful if the object remains
within Scm of its target position while maintaining finger
contact throughout the trajectory. All simulation parameters
follow the default settings from DexTrack [63]].

F. REAL-WORLD EXPERIMENT DETAILS

This section provides additional details on the real-world
dexterous manipulation experiments showcased in the main
paper.

Hardware Setup. Our platform consists of two Franka Emika
Panda robotic arms [33]], each equipped with an Allegro Hand
v5 [L]. The 3D scene is reconstructed offline prior to each
experiment: we capture a multi-view video sequence using a
MetaCam [93]] scanner and reconstruct the scene via Gaussian-
LIC [51], yielding a 3DGS representation consistent with our
training pipeline.

Retargeting Pipeline. Given the generated MANO hand
trajectories, we decompose the retargeting into two stages:
(1) Arm retargeting: the generated MANO wrist 6D pose at
each frame is used as the end-effector target for the Franka
arm. We solve the 7-DOF joint angles using the Franka built-
in inverse kinematics solver. (2) Hand retargeting: the MANO
finger articulations are retargeted to the 16-DOF Allegro Hand
joint angles using pyroki [48], following the same procedure
described in Sec. [E] The retargeted trajectories are further
refined offline by the DexTrack [63] sim-to-real policy, which
was trained entirely in Isaac Gym [70] and deployed without
additional fine-tuning on the real robot.

Execution. The refined joint trajectories are executed in an
open-loop fashion via a standard joint impedance controller on
both the Franka arms and the Allegro hands at 1kHz. Since
the execution is open-loop, no real-time object state feedback
is required during task execution.



Evaluation. We qualitatively evaluate the system on four
contact-rich household manipulation tasks: drinking from a
cup, pouring liquid between containers of different sizes,
tilting a container, and squeezing dressing. Across all tasks,
the generated HOI trajectories are consistently retargeted and
successfully executed, producing stable contact-rich interac-
tions that match the intended behaviors. We refer the reader
to Fig. 5] in the main paper and the supplementary video for
visual results.

G. SCENE REPRESENTATION DETAILS AND ANALYSIS

This section provides additional details on the scene repre-
sentation described in Sec. of the main paper.

Fig. E] visualizes the geometric features (Concerto [108])
and semantic features (SceneSplat [38]) of two example scenes
in top-down view, colored by PCA of the respective feature
spaces. The geometric features (left column) primarily encode
spatial properties such as surface normals, curvature, and local
point distributions. As highlighted by the black dashed circles,
geometric features can distinguish objects on a table from the
table surface itself based on their different spatial structures.
The semantic features (right column) encode language-aligned
semantics, grouping points by object category or functional
role. Points on the same object share coherent representations
regardless of spatial location, while semantically different
objects are clearly separated (black dashed circles). This
complementarity motivates our bidirectional fusion: geometric
features provide precise spatial grounding for localization
and collision avoidance, while semantic features enable the
model to identify task-relevant objects for text-conditioned
generation.

H. EVALUATION METRIC DETAILS

This section provides detailed definitions and implementa-
tion details of the evaluation metrics reported in Sec. of
the main paper.

A. Physical Interaction Quality

Let M! and M! denote the hand and object meshes at
frame ¢, respectively. For a hand mesh vertex v, we denote
by d(v, M%) the signed distance to the object surface, where
negative values indicate penetration. All physical interaction
metrics (IV, ID, CR, IVU) are computed independently for
each hand and then averaged across hands.

Interpenetration Volume (IV). Interpenetration volume mea-
sures the volumetric intersection between the hand and object
meshes:

IV, = Vol(M], N M}) (82)
and is averaged over time:
1 X
V=2 IV, (S3)
t=1

Interpenetration Depth (ID). Interpenetration depth is de-
fined as the mean penetration distance across all penetrating

hand vertices:

1
IDt = Wti Z maX(O, 7d(V,Mé)) ,

en|
pent vevt |

(§4)

where Vi, = {v € V | d(v,M}) < 0} is the set of
penetrating vertices at frame ¢. ID is temporally averaged over
all frames.

Contact Ratio (CR). The contact ratio quantifies the propor-

tion of hand vertices that are close to the object surface:

1
CR; = W Z I(d(v, ML) < 4), (S5)

vEV,

where § is a fixed distance threshold (set to 5mm in all
experiments). The final CR score is obtained by averaging over
interaction frames (frames where hand-object contact occurs).
Interpenetration Volume per Contact Unit (IVU). Since low
penetration can be trivially achieved by avoiding contact, we
additionally report interpenetration volume normalized by the
contact area at each frame. For each contact frame ¢ (where
CR; > 0), we compute the per-frame IVU as:

v
VU, = — L Al e = CRy - Area(My,),  (S6)
contact
and the final IVU is the mean over all contact frames:
1
IVU = > 1vu,, (S7)
‘TC‘ teT.

where 7, = {t | CR; > 0} is the set of frames with non-zero
contact.

B. Motion Quality

Action Recognition Accuracy (AR). To evaluate semantic
correctness, we apply a pretrained action recognition classifier
fact to generated motion sequences. Given a generated motion
%x; with target action label y;, AR is computed as:

AR = (S8)

N
1 .

N Z]I(arg max fact(X;) = ¥i) -

i=1

Sample Diversity (SD). For each conditioning input, we
generate K motion samples and compute the mean pairwise
{5 distance between their hand joint trajectories, normalized
by the number of frames:

2 1 . )
= —|h® — p@®
K(K —1) Z T H

1<i<j<K

SD = (89)

2

where h() € R273T" is the flattened joint position trajectory
of the ¢-th sample. We use K = 4 in our experiments.
Overall Diversity (OD). Overall diversity is computed as
the mean pairwise /o distance between hand joint trajectories
across all generated test samples, normalized by the number
of frames:

OD = (510)

2 1
S5-1) Z F”hi_hjum

1<i<j<S

where S is the total number of generated motions.
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Fig. 9: Scene feature analysis. Top-down views of two scenes comparing geometric features (Concerto [108], left) and
semantic features (SceneSplat [58]], right), colored by PCA of the respective feature spaces. Black dashed circles highlight
where geometric features successfully distinguish objects from the supporting surface (bottom-left) and where semantic features
successfully discriminate semantically distinct regions (top-right). This complementarity motivates our bidirectional fusion.

C. Realizable Physical Feasibility

Physical Plausibility (Phy). Following LatentHOI [54]], phys-
ical plausibility is a heuristic, per-sequence binary score. A
sequence is deemed physically plausible if (i) at least one
hand joint remains within a signed distance of 5mm to the
object surface for every frame during the interaction phase,
and (ii) the object stays above the ground plane throughout
the sequence. The final Phy score is the percentage of test
sequences satisfying both criteria. Note that this metric only
checks kinematic proximity and does not account for dynamic
stability; as discussed in Sec. [E] a high Phy score does not
necessarily imply physically realizable interactions.

Success Rate (SR). For simulation evaluation, a trial is

considered successful if the object is lifted above the ground
plane by at least 5 cm while maintaining contact with the hand.
The success rate is the fraction of such sequences:

1 N
SR = N;sn, (S11)

where s,, € {0, 1} indicates whether the object in the n-th trial
is lifted off the ground (> 5cm) with sustained hand-object
contact.

Holding Time (HT). Holding time measures the duration
during which objects are stably held in the hand and is



averaged over successful trials:

150 Tn
et o

where 7,, denotes the duration during which the object is stably
held in the n-th trial.

D. Ablation-Specific Metrics

Grasp Error (GE). Grasp error measures the mean per-joint
Euclidean distance between the generated and ground-truth
hand poses at the transition frame ¢,:

Ntesl Z |j

JET®
O]

where Jt D _]t € R3 are the generated and ground-truth 3D
posmons of the 7-th MANO joint at the transition frame, and
J@ is the set of joints belonging to the grasping hand(s),
determined by proximity to the object at the ground-truth
transition frame.

Final Displacement Error (FDE). Final displacement error
measures the Euclidean distance between the generated and
ground-truth object poses at the end of the manipulation stage:

HT = , (S12)

Niest

i —JWH (S13)

Nlei(
FDE = 0, - 05@_1H . (S14)
2

Niest —
=1

where 0%)_1 and ng,)_l denote the generated and ground-
truth object poses at the final frame.

Jerk. Jerk measures the smoothness of generated object mo-
tion as the third derivative of position with respect to time, i.e.,
the rate of change of acceleration. Human motion naturally
follows a minimum jerk principle [24], and lower jerk values
indicate smoother, more natural trajectories. Given the object
trajectory p! € R3 over T uniformly sampled frames, we
compute the positional jerk via finite differences:

1 X
Jerkpos = T Z

t=1

d3pt

| (S15)

where derivatives are approximated using central differences
(np.gradient). We analogously define the angular jerk
Jerk,ne over the object rotation trajectory 0" € R? (axis-angle
representation).

Hand Acceleration. To assess the stability of generated
hand motion, we compute acceleration metrics that separately
evaluate global wrist movement and local finger articulation.
Given the MANO joint positions J¢* € R7*3 at frame t,
we decompose them into wrist positions p!, € R?® and
finger positions p’ € R(/~1*3_ Local finger positions are
computed relative to the wrist: p}; = p —p},, isolating finger
articulation from global wrist movement. We then compute
acceleration via second-order finite differences and report the
mean absolute acceleration:

| d*pt, pos 1 d*pl
Acch :th: 2 | Acc) :th: e , (S16)

where | - | denotes element-wise absolute value and the result
is averaged over all spatial components and both hands.
The rotational counterparts Accy' and Acc)™ are defined
analogously over the wrist and ﬁnger axis-angle rotations,
respectively. Separating global and local components ensures
that wrist trajectory smoothness and finger articulation stability
are evaluated independently.

I. ADDITIONAL QUALITATIVE RESULTS

We provide additional qualitative results to complement the
main paper. Fig. provides qualitative comparisons with
DiffH20 [18]] and LatentHOI [54] on GRAB [95]]. Fig.
presents scene-conditioned results on HOT3D [3]], demonstrat-
ing that the generated trajectories adapt to the surrounding
scene layout. We strongly encourage the reader to view the
supplementary video for animated results.

J. FAILURE CASES

We identify two representative failure modes of our frame-
work (see Fig. [I2):
(a) Object Size Mismatch. When the object is too large or too
small relative to the hand, the generated grasp may not fully
enclose the object, resulting in the object appearing to float in
the air without stable contact. A potential improvement is to
incorporate explicit object size conditioning or adaptive grasp
aperture prediction based on object geometry.
(b) Incorrect Contact Establishment. The hand and object
may fail to establish proper contact during the grasping phase,
leading to physically implausible configurations where fingers
do not properly wrap around the object surface. Future work
could incorporate contact-aware losses or physics-based refine-
ment during inference to ensure proper finger-object contact.
Additionally, improving the quality of training data with more
accurate contact annotations could also help mitigate this issue.
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The person picks up the mug, toasts it with others across the table, drinks from it, and then places the cup on the table, all with their
right hand.

Y

ho N .

L SN

The person picks up the train with their right hand, passes it to their left hand, investigates it, then rides the train on a track by
pushing it through the air with their left hand, and finally puts it down on the table with their left hand.

Fig. 10: Qualitative comparison on GRAB. Comparison with DiffH20 [18]] and LatentHOI [54] on diverse actions. Our method
produces more physically plausible hand-object interactions with accurate grasping poses and smooth bimanual coordination.

Ground Truth DiffH20

the person picks up the can of parmesan cheese from the shelf using their right hand, inspects it closely by rotating and examining it
with both hands, and then holds it upright in front of them

the person picks up the birdhouse toy from the small round table using their right hand, inspects it briefly while holding it, and then
places it back down on the same table with their right hand.

Fig. 11: Additional qualitative results on HOT3D with scene context. The generated hand trajectories adapt to the surrounding
scene layout, correctly interacting with objects on shelves and tables.



(a) Object Size Mismatch

(b) Incorrect Contact Establishment

\
[ The person picks up the small pyramid from the high
table using their right hand, passes it to their left
hand, then hands it to someone else on their left side
with their left hand, and finally puts it back on the

The person picks up the wooden spoon from the table
with their left hand, holds it while interacting with a
bowl of colorful objects using their right hand, and
then places the spoon onto a shelf.

table using their right hand.
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Fig. 12: Representative failure cases. Red dashed circles highlight the erroneous regions. (a) Object size mismatch: the small
pyramid floats away from the hand due to a mismatch between object size and generated grasp aperture. (b) Incorrect contact
establishment: the hand fails to properly wrap around the wooden spoon, resulting in physically implausible finger-object

contact. Left: GRAB [95]]; right: HOT3D [5] with scene context.
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