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Abstract

Estimating the 3D poses of hands and objects from a sin-
gle RGB image is a fundamental yet challenging problem,
with broad applications in augmented reality and human-
computer interaction. Existing methods largely rely on vi-
sual cues alone, often producing results that violate physi-
cal constraints such as interpenetration or non-contact. Re-
cent efforts to incorporate physics reasoning typically depend
on post-optimization or non-differentiable physics engines,
which compromise visual consistency and end-to-end train-
ability. To overcome these limitations, we propose a novel
framework that jointly integrates visual and physical cues
for hand-object pose estimation. This integration is achieved
through two key ideas: 1) joint visual-physical cue learning:
The model is trained to extract 2D visual cues and 3D phys-
ical cues, thereby enabling more comprehensive representa-
tion learning for hand-object interactions; 2) candidate pose
aggregation: A novel refinement process that aggregates mul-
tiple diffusion-generated candidate poses by leveraging both
visual and physical predictions, yielding a final estimate that
is visually consistent and physically plausible. Extensive ex-
periments demonstrate that our method significantly outper-
forms existing state-of-the-art approaches in both pose accu-
racy and physical plausibility.

Code — https://github.com/zhoujun-7/VPHO

Introduction
Hand-object pose estimation from single RGB images (Has-
son et al. 2019) has broad applications across various fields,
including virtual and augmented reality (Mueller et al. 2019;
Chen et al. 2019), human-computer interaction (Ren and
Bao 2020), and robotics (Billard and Kragic 2019). Most
existing methods (Hampali et al. 2022; Liu et al. 2021; Lin
et al. 2023; Wang, Mao, and Li 2023b) primarily rely on
image-based visual cues to ensure that the 3D pose estima-
tion is consistent with 2D observations (Zhou et al. 2024;
Pavlakos et al. 2024). For example, segmentation consis-
tency losses are widely adopted (Qi et al. 2024; Zhang
et al. 2024; Xu et al. 2023) to align projected 3D meshes
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Figure 1: Visual comparison between a state-of-the-art
visual-only method, HFL, and a method that incorporates
physical cues, DeepSimHO. HFL yields visually aligned
yet physically implausible results (red circles), while Deep-
SimHO improves physical plausibility at the cost of visual
alignment (blue circles).

with 2D segmentation masks, while photometric consistency
across frames is explored in (Hasson et al. 2020). How-
ever, these visual-based methods often neglect physical con-
straints, leading to physically implausible artifacts such as
penetration or lack of contact. As illustrated in Figure 1, the
result from HFL (Lin et al. 2023) appears visually reason-
able in the original camera view but reveals improper grasp-
ing when rendered from a different viewpoint, as highlighted
in the red circle.

To improve physical plausibility, several works (Brahmb-
hatt et al. 2020; Chen et al. 2022; Yang et al. 2024a) in-
troduce post-optimization strategies that incorporate phys-
ical constraints. While effective at reducing artifacts such
as interpenetration or missing contacts, these methods are
highly sensitive to the quality of the initial pose and often
produce unstable or suboptimal outputs when the initializa-
tion is inaccurate. To better balance visual and physical fi-
delity, more recent approaches (Hasson et al. 2019; Ehsani
et al. 2020; Yang et al. 2024b; Cho et al. 2023; Wang, Mao,
and Li 2023a; Hu et al. 2024a) propose end-to-end training
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methods that incorporate physical cues. While this integra-
tion improves physical plausibility, it often comes at the cost
of degraded visual consistency. As shown in Figure 1, Deep-
SimHO (Wang, Mao, and Li 2023a) improves physical real-
ism over its visual-only baseline (Yang et al. 2022); yet, the
predicted object pose deviates from the image observation
(blue circle), compromising pose accuracy.

To resolve these limitations, we propose a novel approach
that effectively integrates visual and physical cues to ensure
both visual consistency and physical plausibility. This is ac-
complished through two key ideas: 1) Joint visual-physical
cue learning: Our model is trained to extract 2D visual cues
(e.g., hand and object heatmaps) alongside 3D physical cues
(e.g., force vectors), enabling richer representation learning
for hand-object interactions. 2) Candidate pose aggregation:
We propose a novel aggregation process that leverages both
predicted visual and physical cues to aggregate multiple can-
didate poses generated by a diffusion model into a single,
physically plausible and visually consistent estimate.

A core challenge lies in the prediction of 3D interaction
forces due to: (1) their high dimensionality, (2) the com-
plexity of contact dynamics and friction modeling, and (3)
the lack of ground-truth force annotations. To address this,
we introduce a Force Prediction Module that models local
contact forces using friction cones and transforms them from
local to global coordinates to compute the overall hand-
object interaction force. The module is trained via a semi-
supervised strategy using physical constraints and pseudo
force labels, without requiring ground-truth annotations.

Pose aggregation also poses unique challenges due to the
high degrees of freedom of the pose parameters (e.g., artic-
ulated hand joints) and the interdependence of hand-object
interaction. To address this, we propose a two-stage aggrega-
tion scheme: 1) Visual-based Aggregation: Candidates are
hierarchically aggregated along the kinematic chain using
visual cues, which effectively reduces error accumulation
and enhances visual consistency. 2) Physics-based Aggre-
gation: Candidates are ranked and selected based on phys-
ical constraints, such as contact and torque balance, which
improves contact quality and enhances physical plausibility.

In summary, the contributions of this work are as follows:
• We propose a novel hand-object pose estimation ap-

proach that integrates both visual and physical cues with-
out compromising either.

• We introduce a force prediction module that models in-
teraction forces via friction cones and local-to-global
transformation, trained with physical constraints and
pseudo force labels.

• We propose a two-stage pose aggregation strategy that
leverages both visual and physical cues to yield accurate
and physically plausible hand-object poses.

Extensive experiments on standard benchmarks demonstrate
that our method achieves state-of-the-art performance in
both pose accuracy and physical plausibility.

Related Works
Most existing efforts (Xu et al. 2023; Hasson et al. 2020;
Tse et al. 2022a; Zhou et al. 2024; Potamias et al. 2025) es-

timate hand and object poses primarily by leveraging image-
based visual cues, ensuring alignment between the 2D pro-
jections of the estimated 3D poses and the corresponding
image observations. Several methods (Qi et al. 2024; Zhang
et al. 2024; Xu et al. 2023) incorporate segmentation losses
to enforce consistency between the projected 3D mesh and
2D image segmentations. Similarly, Park et al. (Park et al.
2022) employ a transformer module to inject hand informa-
tion into occluded 2D regions. However, these methods pre-
dominantly focus on visual information and do not explicitly
incorporate physical constraints, making them susceptible to
physically implausible predictions such as interpenetration
or lack of contact.

To address this limitation, several methods (Grady et al.
2021; Yang et al. 2024a; Zhao et al. 2024) propose post-
optimization strategies that refine initial pose estimates
by incorporating physical cues. For instance, Grady et
al.(Grady et al. 2021) and Tse et al.(Tse et al. 2022b) in-
fer desirable hand-object contact regions from initial poses
and subsequently optimize both the hand and object to bet-
ter conform to these inferred regions. Similarly, Hu et al.(Hu
et al. 2022) refine hand-object interactions by adjusting fin-
gertip forces and contact points based on initial motion tra-
jectories. While these methods are effective in improving
physical plausibility, they rely heavily on accurate initializa-
tions. Inaccurate initial poses can cause divergence from vi-
sual evidence, resulting in visually inconsistent estimations.

More recently, several studies have explored the unifi-
cation of visual and physical reasoning within an end-to-
end learning framework (Hasson et al. 2019; Cho et al.
2023; Wang, Mao, and Li 2023a; Hu et al. 2024a). Hu et
al. (Hu et al. 2024b) model part-level and vertex-level con-
tact probabilities to construct an implicit neural represen-
tation of the object, thereby facilitating object pose infer-
ence. Wang et al. (Wang, Mao, and Li 2023a) incorporate a
physics engine into the training loop to supervise the learn-
ing of stability-aware poses based on simulated physical out-
comes. While these methods represent progress toward uni-
fied visual-physical modeling, they often compromise visual
fidelity in favor of physical plausibility. In contrast, our ap-
proach integrates visual and physical cues during inference
by aggregating multiple candidate poses generated by a dif-
fusion model, enabling the selection of solutions that are
both visually consistent and physically plausible.

Method
The framework of our approach is illustrated in Figure 2.

Feature Extraction
Given an input RGB image, an enhanced ResNet50 back-
bone network (Lin et al. 2023) is employed to extract fea-
tures for both the hand and the object. These features are
subsequently processed by DeConv layers (Xiao, Wu, and
Wei 2018) to generate the hand heatmap Hh and the object
heatmap Ho, which serve as visual cues in pose aggrega-
tion module. Two residual blocks (He et al. 2016) further
refine the hand and object features, preparing them for force
prediction and candidate pose generation. The loss function
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Figure 2: The framework of our approach, consisting of the following four modules: feature extraction, force prediction, candi-
date generation and pose aggregation.

used to supervise the heatmap predictions is defined as:

Lhm = λhm
(
Lmse(H

h, H̄h) + Lmse(H
o, H̄o)

)
, (1)

where Lmse denotes the mean square error loss function,
Hh ∈ R|Jh|×hm×wm and H̄h ∈ R|Jh|×hm×wm repre-
sent the predicted and ground truth heatmaps for the hand
joints Jh, respectively. Ho ∈ R|Jo|×hm×wm and H̄o ∈
R|Jo|×hm×wm represent the predicted and ground truth
heatmaps for the object keypoints Jo, respectively. hm and
wm denote the height and width of the heatmap, and λhm
is a hyperparameter that weights the heatmap loss. Detailed
settings of all hyperparameters are provided in the extended
version.

Force Prediction

We focus on hand-object pose estimation from a single im-
age, where motion-related quantities such as acceleration
cannot be inferred. Thus, we adopt the static equilibrium as-
sumption as a necessary simplification, which is shown to be
effective in our ablation studies.

Local Force Hand-object contact interactions are inher-
ently complex (Hu et al. 2022). Following (Yang et al.
2024a), we approximate this complexity by representing
contact forces through 32 sparse anchor points{Oa

k}
32
k=1 on

the hand surface. Each anchor point Oa
k is associated with a

local coordinate system, as depicted in Figure 3(a). Accord-
ing to Coulomb’s friction law (Morin 2008), contact forces
must lie within a friction cone determined by a friction co-
efficient µ. We model this cone using a set of base vectors
{vj}Nv

j=1, where each vector is defined as:

vj =

(
µ sin(

2πj

Nv
), µ cos(

2πj

Nv
), 1

)
. (2)

(b)
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Figure 3: Friction cone and force representations in (a) local
and (b) global coordinate frames.

The local force F ′
k at anchor point Oa

k is expressed as a
weighted sum of these base vectors:

F ′
k = sk

Nv∑
j=1

wk,jvj , (3)

where sk ∈ R and wk,j ∈ R are the learned scaling and
weighting coefficients, respectively.

Global Force As illustrated in Figure 3(b), the local force
F ′
k is transformed into a global force Fk using the MANO

hand model (Romero, Tzionas, and Black 2017) through its
linear blend skinning procedure. Each anchor point {Oa

k} is
attached to a triangle

{
△p1kp2kp3k

}
on the hand mesh vertices
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V h. The transformation is defined as:
Fk = RL2G

k F ′
k,

Oa
k =

∑
i∈{1,2,3}

αi
kp

i
k.

(4)

Here F ′
k and Fk represent the local and global force for the

anchor point Oa
k , respectively. RL2G

k = [xk,yk, zk] denotes
the rotation matrix, xk is calulated by normalizing the vector
p2k−p1k, zk is calulated by normalizing the vector (p2k−p1k)×
(p3k − p2k), and yk = zk × xk. Oa

k is the weighted sum of{
pik
}

, and αi
k is the weight coefficient.

Physical Constraints Given the static equilibrium as-
sumption (Morin 2008), all forces acting on the object must
collectively satisfy Newtonian physical constraints. These
constraints are used both to train the force prediction module
and to guide the pose aggregation process.

Force balance: the sum of all external forces acting on it
must be zero. This leads to the force balance constraint,

Lforce =

∥∥∥∥∥
32∑
k=1

Fk +G

∥∥∥∥∥
2

2

, (5)

where G represents the gravity vector. Following (Hu et al.
2022), the magnitude of G is set to a relative value of 1N.

Torque balance: the sum of all torques acting on it must
be zero. Thus, the torque balance constraint is formulated as,

Ltorque =

∥∥∥∥∥
32∑
k=1

Fk × rk

∥∥∥∥∥
2

2

, (6)

Here rk refers to the position vector of the k-th anchor point,
and × is a cross product between the two vectors.

Contact-force Relation: In hand-object interaction, an
anchor point can exert force on an object only if it is in con-
tact with the object’s surface. Consequently, the magnitude
of the contact force should be constrained based on the con-
tact state between the anchor and the object. The distance
between an anchor point and the object’s surface serves as a
key indicator of this contact state. Specifically, a shorter dis-
tance implies a higher likelihood of contact, whereas a larger
distance suggests a lower probability of contact. Inspired by
this, we approximate the contact-force constraint as

Lcontact =
32∑
k=1

∥Fk∥2 · |dk| , (7)

where |dk| denotes the distance between the anchor point
and the object’s surface, and ∥Fk∥2 represents the magni-
tude of the force. This constraint is an essential physical cue
for our physics-based aggregation.

Physics Network As illustrated in Figure 4, our physics
network takes 1) the hand feature ψh′, 2) the object feature
ψo′, and 3) the gravity vector G ∈ R3 as inputs. During
training, G is aligned vertically downward with respect to
the tabletop. During inference, we approximate G using the
camera’s y-axis, as in (Wang, Mao, and Li 2023a). The net-
work outputs 1) the weight matrix w ∈ R32×Nv , 2) the scal-
ing vector s ∈ R32, and 3) the object center-of-mass position

𝜓!′𝜓"′

Concatenate

Reshape Reshape

Positional 
Encoding

FC

Conv2D Conv2D

(32,512)

(8,8,256) (8,8,256)
𝐆

(32,512)(1,512)

(3,)

𝜓#$%

Transformer 
Encoder ×2

Transformer 
Encoder×2

FC×2 FC×2 FC×2

MeanSoftmax

(65,512) (65,512)

(32,12)
𝐰

(32,)
𝐬

(3,)
𝑐

𝜓#$%" 𝜓#$%!

Abs

(65,512)

Figure 4: The architecture of our physics network.

c ∈ R3. The predicted local force F ′
k is computed using w

and s as defined in Equation 3. The network is supervised
using the following loss:

Lphy = λFLmse(F
′, F̃ ′) + λcLmse(c, c̄)

+ λforceLforce + λtorqueLtorque,
(8)

where F ′ and F̃ ′ are the predicted forces and pseudo force
labels, c and c̄ are the predicted and ground-truth object
center-of-mass positions, λF , λc, λforce, and λtorque are
hyperparameters balancing the loss terms. The pseudo force
labels F̃ ′ are precomputed via an optimization process con-
strained by the physical constraints, further details are pro-
vided in the extended version.

Pose Aggregation
Given a set of candidate hand poses {(θi, βreg)}Ni=1, where
θi ∈ R16×3 are the MANO pose parameters of 16 hand
joints and βreg ∈ R10 is the MANO shape parameter, and
a set of rigid object pose candidates, where {(Ri, Ti)}Ni=1,
Ri ∈ R3, Ti ∈ R3 represent rotation and translation re-
spectively, the pose aggregation module is designed to refine
these candidates through two sequential stages: visual-based
aggregation and physics-based aggregation, as illustrated in
Figure 2. The initial pose candidates are generated by a can-
didate generation module based on a score-based diffusion
model (Song et al. 2021). Further details of this module are
provided in the extended version.

Visual-based Aggregation In articulated systems such as
the human hand, higher-level joint positions depend on
lower-level ones due to kinematic dependencies. Conse-
quently, errors tend to accumulate across levels, leading to
increasingly inaccurate joint predictions at higher levels. To
address this, we propose a level-by-level aggregation strat-
egy that progressively refines joint parameters from lower to
higher levels using heatmaps as visual guidance. As shown
in Figure 5(a), hand joints with degrees of freedom are cat-
egorized into four hierarchical levels, with the index set of
joints at level l denoted by Ll. The aggregation proceeds
iteratively from level 1 to level 4 (Figure 5(b)). After ag-
gregating each level, the refined joint parameters are used
to overwrite the corresponding joints across all candidate
poses. This reduces the propagation of errors to higher lev-
els. For the j-th joint in level Ll, we compute a visual score
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shi for each hand pose candidate (θi, βreg) using the follow-
ing formula:

shi =
∑

c∈Childrenj

Hh
c

(
Proj2Dh (c, θi, βreg)

)
, (9)

where Childrenj denotes the set of higher-level joints
within the same kinematic chain as joint j, Proj2Dh(·)
denotes the 2D projection of the c-th joint for candidate
(θi, βreg), and Hh

c (·) retrieves the heatmap value at the pro-
jected 2D location for joint c. Using these scores

{
shi
}N

i=1
,

the top-K candidates {θi}i∈Kh are selected. The aggregated
pose parameter for joint j, denoted by θ̃[j, :], is computed as
the weighted average of the selected candidates:

θ̃[j, :] =

∑
i∈Kh shi θi[j, :]∑

i∈Kh shi
. (10)

This aggregated value then replaces all θi[j, :] for i =
1, . . . , N . This process is repeated for each level until all
hand pose parameters are aggregated.

The same principle is applied to object pose aggregation.
Object pose parameters are separated into two levels: 1) the
translation parameter To, and 2) the rotation parameters Ro.
The visual score for each object candidate is computed us-
ing:

soi =

27∑
c=1

Ho
c (Proj2D

o (c,Ri, Ti)) , (11)

where Proj2Do(c,Ri, Ti) is the 2D projection of the c-th ob-
ject keypoint after applying transformation (Ri, Ti) to the
object model, and Ho

c (·) retrieves the heatmap value at the
projected 2D location. Object translation parameters are ag-
gregated first and used to overwrite the translation parame-
ters of all candidates. Rotation parameters are subsequently
aggregated using the updated translations.

Physics-based Aggregation To further enhance the phys-
ical plausibility of the hand-object interaction, we introduce

Method Hand Object
MJE PA-MJE MCE OCE ADDS

Liu et al. (2021) 15.2 6.58 - - -
HandOccNet (2022) 14.0 5.80 - - -

H2ONet (2023) 14.0 5.70 - - -
HandBooster (2024) 11.9 5.2 - - -
SimpleHand (2024) 12.4 5.5 - - -

HFL (2023) 12.6 5.47 48.0 42.7 33.8
HOISDF (2024) 10.1 5.13 35.8 27.6 18.6

Ours 10.0 5.08 26.2 23.7 13.5

Table 1: Comparison of pose accuracy on DexYCB Full
(metrics are in mm).

Method Hand Object
PA-MJE MJE OCE ADDS

Hasson et al. (2019) 11.0 - 67.0 22.0
Hasson et al. (2020) 11.4 - 80.0 40.0

Hampali et al. (2022) 10.8 25.5 68.0 21.4
Liu et al. (2021) 10.1 - - -
DMA (2023b) 10.1 23.8 45.5 20.8
HFL (2023) 8.9 28.9 64.3 32.4

HandBooster (2024) 8.5 21.1 - -
LCP (2024) 8.5 21.5 - -

HOISDF (2024) 9.2 19.0 35.5 14.4
Ours w/o pretraining 8.9 21.1 29.3 15.2

Ours 8.5 19.9 27.1 14.3

Table 2: Comparison of pose accuracy on HO3Dv2 Full
(metrics are in mm).

a physics-based aggregation step that utilizes physical con-
straints to guide candidate pose aggregation. For the hand,
we compute a physics-based score as:

shphy = −Lforce · Lcontact. (12)
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Method Hand Object Physics
MJE↓ SMCE↓ CP(%)↑ PD↓ SD↓

Ground Truth - - 100 9.1 6.4
Hasson et al. (2020) 12.5 - 84.35 18.0 48.3

DMA (2023b) 11.5 - 89.16 15.7 35.3
ArtiBoost (2022) 10.7 16.0 94.23 15.0 27.8

DeepSimHO (2023a) 11.2 17.3 95.90 14.8 24.2
Ours 8.5 15.1 98.85 13.4 17.3

Table 3: Comparison of hand-object physics plausibility on
DexYCB Phy (metrics, except CP, are in mm).

Method Object Physics
SMCE↓ CP(%)↑ PD↓ SD↓

Hasson et al. (2020) 5.35 78.52 2.02 6.40
CPF (2024a) 5.74 96.47 1.65 3.16

DMA (2023b) 4.79 93.07 1.88 3.47
ArtiBoost (2022) 4.86 94.47 1.27 2.83

DeepSimHO (2023a) 5.28 96.64 1.17 2.42
Ours 3.12 98.80 0.96 2.21

Table 4: Comparison of hand-object physics plausibility on
HO3Dv2 Phy (metrics, except CP, are in cm).

We focus on refining the joints at the highest hierarchy level
L4. Let Kh

4 denote the top-K hand pose candidates previ-
ously aggregated at level L4. We collect joint parameters
{θi[j, :]}i∈Kh

4 ,j∈L4
and re-rank them based on their physics-

based scores computed using Equation 12. The top-K joint
parameters {θn[j, :]}n∈Kh

phy
are then averaged to produce the

final hand pose estimates for level L4. For the object, the
physics-based score is defined as:

sophy = −Ltorque · Lcontact. (13)

We retrieve the top-K translation candidates {Ti}i∈Ko
T

and top-K rotation candidates {Rj}j∈Ko
R

from the visual-
based aggregation stage. These components are then com-
bined to form a new set of object pose candidates
{(Ti, Rj)}i∈Ko

T ,j∈Ko
R

. Each pair is scored using Equa-
tion 13, and the top-K combinations {(Tn, Rm)}(n,m)∈Ko

phy

are selected. The final object pose is obtained by averaging
these top-ranked pose pairs. The analysis of the number of
candidates and the top-K size is provided in the extended
version.

Experiments
Our method is compared against state-of-the-art methods on
two widely used benchmarks: DexYCB (Chao et al. 2021)
and HO3D v2 (Hampali et al. 2020). Following (Lin et al.
2023; Qi et al. 2024), we focus on estimating both hand pose
and object 6D pose from a single RGB image, with cam-
era intrinsics and the object CAD model being available.
Methods such as (Prakash et al. 2024), which reconstruct
the mesh of the hand-held object without estimating either
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Figure 6: Qualitative results on DexYCB Phy. Red circles
indicate incorrect hand object interaction. Blue circles point
out the incorrect pose estimation. For more qualitative re-
sults, please refer to the extended version.

the hand pose or object’s 6D pose, fall outside this problem
setting and are therefore excluded from our comparison.

DexYCB: To train the model, the training set of official
“S0” split (Chao et al. 2021) is employed. To evaluate the
pose estimation accuracy, two common testing sets are used:
DexYCB Full, the testing set of official “S0” split, includes
scenarios of hands approaching objects as well as hands con-
tacting objects; To evaluate the physical plausibility of the
results, following (Wang, Mao, and Li 2023a), DexYCB Phy
is employed as the testing set, in which the hands steadily
hold the object.

HO3Dv2: To train the model, the standard training set is
employed. To evaluate the pose estimation accuracy, stan-
dard testing set HO3Dv2 Full is used. To evaluate the physi-
cal plausibility of the results, following (Wang, Mao, and Li
2023a; Yang et al. 2024a), HO3Dv2 Phy is employed as the
testing set, whose physics plausibility is manually verified
by (Yang et al. 2024a). Some methods use additional data to
train their models (Qi et al. 2024; Pavlakos et al. 2024; Xu
et al. 2023; Wang, Mao, and Li 2023b). Following (Xu et al.
2023), we optionally pretrain on DexYCB for 5 epochs and
report results both with and without this pretraining.

Evaluation Metrics
Pose Metrics: For hand, Mean Joint Error (MJE) and Pro-
crustes aligned Mean Joint Error (PA-MJE) are reported.
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Force Visual-based Physics-based Hand Object Physics
Prediction Aggregation Aggregation MJE↓ PA-MJE↓ OCE↓ ADDS↓ CP(%)↑ PD↓ SD↓

12.54 5.45 35.30 20.14 95.42 14.4 30.4
✓ 12.16 5.33 29.81 16.66 96.51 14.1 25.9
✓ ✓ 10.05 5.09 26.12 15.21 97.95 13.9 20.0
✓ ✓ ✓ 10.01 5.08 23.72 13.47 98.85 13.4 17.3

Table 5: Ablation study (metrics, except CP, are in mm). Hand and object metrics are evaluated on DexYCB Full. Physics
metrics are evaluated on DexYCB Phy.

For object, Object Center Error (OCE), Mean Corner Error
(MCE), Symmetry-aware Mean Corner Error (SMCE), and
average closest point distance (ADD-S) are evaluated.
Physics Metrics: The contact percentage (CP)is calculated
to assess the ratio of predictions with hand-object contact.
The penetration depth (PD) is used to measure the maxi-
mum penetration distance between hand and object predic-
tions. To evaluate the stability of hand holding object, the
simulation displacement (SD) (Wang, Mao, and Li 2023a)
is used to compute the average object center displacement
after 200ms in the virtual physical simulator.

Pose Estimation Accuracy
The proposed method is compared with the state-of-the-art
pose estimation methods, including both hand-object pose
estimators (Hasson et al. 2019; Kuang, Ding, and Yao 2024;
Hasson et al. 2021; Chen et al. 2023; Yang et al. 2022; Wang,
Mao, and Li 2023b; Hasson et al. 2020; Liu et al. 2021; Lin
et al. 2023; Qi et al. 2024) and hand pose estimators (Park
et al. 2022; Hampali et al. 2022; Xie et al. 2024; Xu et al.
2023, 2024; Zhou et al. 2024).

The results on DexYCB Full are shown in Table 1. The
proposed method outperforms the compared methods on
both hand and object estimation. Especially in terms of ob-
ject metrics, the proposed method significantly outperforms
the second best with reducing the error of MCE, OCE and
ADDS by 26.8%, 14.1%, and 27.4%, respectively.

The results on HO3Dv2 Full are shown in Table 2.
Compared with the state-of-the-art methods, the proposed
method achieves better performance on joint hand-object
pose estimation. For the hand-related metrics, the pro-
posed method is comparable to state-of-the-art methods. For
object-related metrics, the proposed method achieves the
best performance.

Physical Plausibility
The proposed method is compared with physics-based meth-
ods (Wang, Mao, and Li 2023a; Yang et al. 2024a; Hasson
et al. 2021), and visual-based methods (Yang et al. 2022;
Wang, Mao, and Li 2023b).

The results on DexYCB Phy are shown in Table 3. Among
the existing methods, DeepSimHO (Wang, Mao, and Li
2023a) achieves the best physical performance, but its accu-
racy on hand and object is suboptimal. Comparing to Deep-
SimHO, ArtiBoost (Yang et al. 2022) has better pose esti-
mation accuracy, but its physical plausibility is inferior. The
existing methods cannot balance on both physics and pose

estimation. In contrast, the proposed method significantly
outperforms existing methods in both physical plausibility
and pose accuracy.

The results on HO3Dv2 Phy are shown in Table 4.
Our method achieves state-of-the-art performance across all
physics metrics. Compared to the strongest baseline, Deep-
SimHO, our method further reduces PD and SD while im-
proving contact rate and object accuracy, demonstrating the
effectiveness of our approach in producing both physically
plausible and accurate poses.

The qualitative results are shown in Figure 6. The visual-
based method HFL (Lin et al. 2023) appears to have
good visual consistency in the camera view. However, in
the side view, incorrect hand-object interactions are ob-
served. Compared to HFL, the physics-based method Deep-
SimHO (Wang, Mao, and Li 2023a) has more plausible
hand-object interaction but less visual consistency in the
front view. Comparing to these methods, the proposed
method achieves better performance on both visual consis-
tency and physical plausibility. For more qualitative results,
please refer to the extended version.

Ablation Study
The ablation results in Table 5 show that the baseline without
force prediction or aggregation performs the worst. Adding
force prediction improves object pose accuracy, indicating
that physical cues already enhance estimation quality. Visual
based aggregation further reduces both hand and object er-
rors. The full model with physics based aggregation achieves
the best overall performance, with clear gains in both accu-
racy and physical plausibility. More analyses of pose aggre-
gation module are provided in the extended version.

Conclusion
This paper presents a hand-object pose estimation approach
that integrates visual cues and physical cues to address chal-
lenges in visual consistency and physical plausibility. The
method learns both 2D visual features and 3D physical cues
under a semi-supervised learning scheme combined with a
local to global transformation process. These cues guide a
candidate aggregation module that selects physically plau-
sible and visually coherent hand-object poses. Experiments
demonstrate state-of-the-art performance in both pose accu-
racy and physical plausibility. Future work includes incorpo-
rating temporal information to model dynamic equilibrium
in hand-object interactions and using physical cues to im-
prove object reconstruction.
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