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Abstract

Hands are the main medium when people interact with the
world. Generating proper 3D motion for hand-object inter-
action is vital for applications such as virtual reality and
robotics. Although grasp tracking or object manipulation syn-
thesis can produce coarse hand motion, this kind of motion is
inevitably noisy and full of jitter. To address this problem,
we propose a data-driven method for coarse motion refine-
ment. First, we design a hand-centric representation to de-
scribe the dynamic spatial-temporal relation between hands
and objects. Compared to the object-centric representation,
our hand-centric representation is straightforward and does
not require an ambiguous projection process that converts
object-based prediction into hand motion. Second, to capture
the dynamic clues of hand-object interaction, we propose a
new architecture that models the spatial and temporal struc-
ture in a hierarchical manner. Extensive experiments demon-
strate that our method outperforms previous methods by a no-
ticeable margin.

Introduction
Recently, hand-object interaction modeling has been widely
used in many applications, such as VR/AR (Höll et al. 2018;
Canales et al. 2019), and robotics (Xu et al. 2023; Qin et al.
2023; Bao et al. 2023). Recent methods can directly predict
the hand-object pose from images (Chen et al. 2021; Doosti
et al. 2020) or generate hand grasping pose given object in-
formation (Jiang et al. 2021; Brahmbhatt et al. 2019; Zheng
et al. 2023). However, due to the high degrees of freedom of
hand articulation, self-occlusion of hands, and mutual occlu-
sion of objects, the predicted results tend to be error-prone,
limiting its application in downstream tasks.

Many approaches (Grady et al. 2021; Tse et al. 2022) are
proposed to solve the aforementioned problems. To alleviate
the potential anatomical irregularities in hand poses, Yang et
al. (Yang et al. 2021) introduced a joint bending constraint
to the parametric hand model (Romero, Tzionas, and Black
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Figure 1: Comparing with TOCH (Zhou et al. 2022), our
method has three advantages. (1) To capture the relation be-
tween hand and object, the existing method first emits rays
from the object and then collects points that arrive at the
hand. In contrast, we propose a straightforward hand-centric
representation, which directly models the hand-object in-
teraction. (2) Our hierarchical spatial-temporal architecture
better captures dynamic information across different scales
than the fixed-scale design in TOCH. (3) Due to the di-
rect hand-object representation, our method does not require
the additional post-process that converts object-centric rep-
resentation into hand motions.

2017). To avoid the intersection between hands and objects
or noncontact grasping, a heuristic repulsion loss and an at-
traction loss are employed (Hasson et al. 2019). However,
these methods mainly consider the contacting moment (a
single frame), instead of the entire hand-object interaction
process (multiple frames) that includes both approaching
and contacting stages.

In contrast, hand-object tracking, reconstruction (Has-
son et al. 2021, 2020) and interaction synthesis (Taheri
et al. 2022; Wu et al. 2022) can produce hand-object in-
teraction motions, which involves pre-grasping and post-
manipulation stages. Although these methods extend hand-
object interaction from the contacting moment to the en-
tire process, they introduce the jitter issue and inconsistent
contact, leading to perturbed hand-object interaction mo-
tions. To refine the dynamic hand-object interaction mo-
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tions, TOCH (Zhou et al. 2022) employs PointNet (Qi
et al. 2017) for spatial modeling and Gated Recurrent Unit
(GRU) (Chung et al. 2014) for temporal modeling. How-
ever, this fixed-scale spatial-temporal architecture is not ef-
ficient in capturing the spatial-temporal structure from local
to global, thus limiting the ability of deep neural networks
to learn the fine-coarse representations for hand-object inter-
action. Besides, as hand-object interaction is highly corre-
lated with the object, TOCH employs an object-centric rep-
resentation strategy that denotes hand motions from the ob-
ject perspective, as shown in Figure 1(a). However, object-
centric representation suffers from low-level information
utilization because only a partial surface region of the ob-
ject interacts with the hand. Moreover, employing such a
representation necessitates an additional projection process,
potentially introducing more ambiguity into the outcomes.
To be specific, given the refined hand motions represented
in the object-centric fashion, a projection process is required
to align the hand pose with its corresponding representation.
Nonetheless, when the contact area between the hand and
object is small, it is difficult for the object-centric represen-
tation to correctly reflect the hand pose.

In this paper, we first introduce a novel hand-centric repre-
sentation, based on hand poses and motions, as illustrated in
Figure 1(b). The proposed representation captures the hand-
object correspondence with the displacement between each
hand vertex and the anchor points of the object. Compared
to the previous object-centric method (Zhou et al. 2022),
the hand-centric representation does not require informa-
tion from the untouched, nontarget, or meaningless object
areas. Moreover, our method is straightforward and elimi-
nates the need for an additional projection process. Second,
the previous fixed-scale architecture overlooks granularity
in region-level contact, global-level pose, and short-term to
long-term temporal dynamics. To address this issue, we in-
troduce a hierarchical spatial-temporal encoder. The spatial
encoder integrates regional details for a broader receptive
field. The temporal encoder employs a transformer architec-
ture across multiple frames, capturing both short and long-
term dependencies. Extensive experiments on the GRAB
and HO3D datasets demonstrate the effectiveness of the pro-
posed method. In summary, our contributions are three folds:
• We propose a new hand-centric representation that ef-

fectively utilizes the hand-object interaction information.
This representation avoids the ambiguity problem from
the post-projection process.

• We propose a hierarchical spatial-temporal architecture
to model hand-object interaction from the local level to
the global level, which effectively captures the detailed
clues and overall information of interactions.

• Experimental results demonstrate that our method out-
performs the existing methods across various metrics, es-
pecially for longer-distant interaction sequences.

Related Work
Hand Object Interaction
Hand-object interaction is important in virtual reality and
robotics. Recently, with the advent of datasets that con-

tain both hand and object annotations (Hampali et al. 2020;
Taheri et al. 2020; Hasson et al. 2019; Fan et al. 2023), im-
pressive progress has been made.

Early methods mainly focus on modeling static grasping
interaction. Some approaches (Lin et al. 2023; Doosti et al.
2020; Hasson et al. 2019) directly estimate hand-object pose
or reconstruct 3D mesh from a single image. Given the infor-
mation of objects, several efforts (Jiang et al. 2021; Brahmb-
hatt et al. 2019; Turpin et al. 2022) generate the correspond-
ing hand-grasping pose. Furthermore, other approaches fo-
cus on refining hand-object grasping state (Grady et al.
2021; Yang et al. 2021; Tse et al. 2022; Taheri et al. 2020).
For instance, Grady et al. (Grady et al. 2021) proposed to
predict the hand-object contact map and then align the hand
with the predicted region. However, these methods only con-
sider the static grasping stage.

Recently, there has been a growing emphasis on modeling
dynamic hand-object interactions. Some methods (Hasson
et al. 2021, 2020; Chen et al. 2023) can estimate/reconstruct
interactions from video input. With the hand-object inter-
action motion datasets (Taheri et al. 2020; Hampali et al.
2020; Liu et al. 2022b; Fan et al. 2023), interaction mo-
tions can be generated (Zhang et al. 2021; Taheri et al. 2022;
Wu et al. 2022; Zheng et al. 2023). As the first method to
address refining perturbed 3D hand-object interaction se-
quence, Zhou et al. (Zhou et al. 2022) proposed an object-
centric representation with a spatial-temporal modeling ar-
chitecture. In this work, we share the same goal to refine the
hand-object interaction sequence.

Modeling Human Motion Prior
Obtaining high-quality global motion prior is crucial for hu-
man motion modeling, by capturing the motion prior, tasks
such as motion prediction (Zhao et al. 2023; Xu, Wang, and
Gui 2022) and motion generation (Zhang et al. 2023; Tevet
et al. 2023; Guo et al. 2022) can be benefited. Researchers
have explored various approaches to obtain spatial-temporal
motion prior through auto-encoder (Fragkiadaki et al. 2015;
Rempe et al. 2021), generative adversarial network (Fer-
reira et al. 2021; Zhao, Su, and Ji 2020), and diffusion
model (Zhang et al. 2022; Tevet et al. 2023).

For hand motion, similar to body motion modeling, by
capturing the spatial-temporal motion prior, tasks like hand
gesture prediction (Qi et al. 2023; Ng et al. 2021), dynamic
hand pose estimation (Liu et al. 2022a) can be achieved. In
terms of hand-object interaction, modeling interaction se-
quences in a spatial-temporal manner (Zhou et al. 2022) is
also essential. In this work, we handle spatial-temporal in-
formation of hand-object interaction hierarchically.

Point Cloud Video Modeling
Hand-object interactions are represented as sequences of
3D point clouds or point cloud videos. While various stud-
ies have focused on modeling dynamic point clouds (Fan,
Yang, and Kankanhalli 2021; Liu et al. 2022b; Fan et al.
2022; Shen et al. 2023; Fan, Yang, and Kankanhalli 2022;
Sheng, Shen, and Xiao 2023; Fan et al. 2021; Liu et al. 2023)
for classification and segmentation, our approach can be re-
garded as a point cloud video denoising method.
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Figure 2: Overview of our framework. Given a perturbed interaction sequence, we first convert the sequence into our hand-
centric correspondence representation. Then the representations are fed into a hierarchical spatial encoder to capture the local-
global spatial features for each frame. Next, the features are passed through a hierarchical temporal encoder to extract long-term
and short-term dependencies across frames. Lastly, the refined sequences are obtained from a reconstruction decoder followed
by a post-optimization.

Methodology
Overview and Problem Setup
Our framework is illustrated in Figure 2. Given a per-
turbed hand sequence with corresponding object sequence
([H̃0;O0], [H̃1;O1], · · · , [H̃T ;OT ]) where T is the num-
ber of frames for interaction sequence. For each frame t,
H̃t = {h̃t

i}N
h

i=1 and Ot = {ot
i}N

o

i=1 are point cloud rep-
resentations for the hand and object, respectively. Besides,
h̃t
i ∈ R3 and ot

i ∈ R3 are the i-th vertex for hand and ob-
ject, and Nh and No are the respective point counts. Note
that H̃t is the hand mesh vertices that are generated from
MANO (Romero, Tzionas, and Black 2017). Our goal is to
refine the perturbed hand sequence and generate a more re-
alistic hand interaction sequence Ĥ = [Ĥ0, Ĥ1, · · · , ĤT ]

where Ĥt ∈ RNh×3. As we focus on enhancing the per-
turbed hand motions, we follow previous work (Zhou et al.
2022) to assume the ground truth object sequences O =
[O0,O1, · · · ,OT ] are available during the training and test-
ing stage.

To refine the perturbed hand motions, we first convert
the perturbed hand-object interaction sequence pair into our
hand-centric representation. Then we feed the motion rep-
resentation into the designed hierarchical spatial-temporal
architecture, generating coarse motions. Finally, a post-
optimization process is applied to further refine the artifacts
and smoothness.

Hand-Centric Representation
TOCH (Zhou et al. 2022) represents the hand-object inter-
action in an object-centric manner. This is achieved by emit-
ting rays from the vertices of the object and subsequently
gathering points that intersect with the hand. TOCH utilizes

both the distance of the ray and the positional information
on the hand as distinctive features for interaction. However,
such a representation method suffers from inefficient data
utilization, because only a portion region of the object inter-
acts with the hand (as shown in Figure 1(a)). Furthermore,
the representation needs an additional projection process,
potentially introducing more ambiguity into the outcomes,
such as the visual results shown in Figure 3.

In this work, we propose a hand-centric representation to
tackle the above problems. Specifically, for each frame in
the sequence, given the perturbed hand H̃t and object Ot.
The corresponding representation is defined as follows:

Rt = {(c⃗ti, h̃
t
i)}N

h

i=1, (1)

where c⃗ti = ôt
i − h̃t

i, ô
t
i ∈ Ot is the closest vertex to h̃t

i.
Based on such a hand-centric representation, our model inte-
grates the relevant object information while effectively pre-
serving the distinct characteristics of each hand vertex. Sub-
sequently, the representation of the hand-object sequence is
defined as R = [R0,R1, · · · ,RT ] with Rt = {rti}N

h

i=1 ∈
RNh×6.

Hierarchical Spatial-Temporal Motion
Reconstruction
Unlike the previous method (Zhou et al. 2022) that fo-
cuses on fixed-scale hand-object interaction point cloud
sequences, our approach employs a Hierarchical Spatial-
Temporal Network (HST-Net). This network comprises hi-
erarchical spatial and temporal encoders, along with a re-
construction decoder. Through HST-Net, our model captures
region-level contact, global-level pose, and long-term and
short-term dependencies, leading to a more comprehensive
abstraction of the interaction sequence.
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Hierarchical spatial encoder. Given the sequence R =
[R0,R1, · · · ,RT ], the proposed hierarchical spatial en-
coder encodes the sequence to S = [s0, s1, · · · , sT ], where
S ∈ Rd×T is the latent representation of the sequence with
d is the dimension of the latent feature.

As our representation is a set of points attached to its rela-
tive feature, we propose to model the feature in a hierarchical
local-global manner. Specifically, given the point cloud H̃t

with the corresponding feature Rt. To get local level infor-
mation, we first select several anchor points H̃ ′t from H̃t

by using farthest point sampling. With the selected anchors,
a continuous convolution layer is used to capture the local
spatial information for each point:

f t
(x,y,z) = MAX

∥δx,δy,δz∥≤γ
MLP(rt(x+δx,y+δy,z+δz)

, δx, δy, δz),

(2)
where f t

(x,y,z) is the corresponding spatial feature of point

(x, y, z) from H̃ ′t, and (δx, δy, δz) represents the displace-
ment, rt(x+δx,y+δy,z+δz)

is the feature of position (x+δx, y+

δy, z + δz) at time t, and γ is the spatial search radius.
After multiple layers of sampling and aggregation, the lo-

cal receptive field is sufficiently enlarged. Then the global
feature is obtained by applying the max-pooling operation
on the output of the final spatial layer:

st = MAX
(x,y,z)∈H̃′t

f t
(x,y,z). (3)

Hierarchical temporal encoder. Based on the frame-wise
spatial feature, we propose to use long-term and short-term
transformers to obtain the inter-frame hierarchical depen-
dencies. The former performs long-range information inte-
gration across all temporal dimensions, and the latter focuses
more on the relationship within the local receptive field. Pre-
cisely, given the spatial features S = [s0, s1, · · · , sT ], we
first take transformers with long-term self-attention to get
global information which can be formulated as:

L = Self-Attention
(
s0, s1, · · · , sT

)
, (4)

where L = [l0, l1, · · · , lT ] and L ∈ Rd′×T . Then the long-
term representation L is split into B frame bins, obtaining
L̂ = {L̂b}Bb=1, where L̂b = [l̂0b , l̂

1
b , · · · , l̂T

′

b ] denotes a frame
bin with T ′ = T/B frames. Then short-term self-attention
is employed for local feature integration, the process can be
computed as follows:

S̃b = Self-Attention(l̂0b , l̂
1
b , · · · , l̂T

′

b ), (5)

where S̃b = [s̃0b , s̃
1
b , · · · , s̃T

′

b ] and S̃b ∈ Rd′′×T ′
. Fi-

nally, we concatenate B short-term representations for S̃ =
[s̃0, s̃1, · · · , s̃T ] as the input of the decoder, where S̃ ∈
Rd′′×T .

Reconstruction decoder. Given the frame-wise global
feature S̃ obtained by our hierarchical spatial-temporal en-
coder, the reconstruction decoder is employed to recover
coarse hand motions Ĥ

′
. The feature is first repeated for each

point and then concatenated with the hand-centric represen-
tation, which can be formulated as R̃t = Concat(S̃t,Rt),
where R̃t ∈ RNh×(d′′+6). Then, based on the input
[R̃0, R̃1, · · · , R̃T ], we use several weight-shared MLPs as
the decoder to reconstruct hand motion Ĥ

′
.

Given the ground truth of hand motion H =

[H0,H1, · · · ,HT ] with Ht ∈ RNh×3. We minimize the
distance between ground truth H and prediction Ĥ

′
during

training, which can be written as:

Lrecons =
∥∥∥H − Ĥ

′∥∥∥2
2
. (6)

Post Optimization
Based on the predicted coarse hand motion Ĥ

′
, we fur-

ther employ a post-optimization step to improve the overall
smoothness. We use the MANO model (Romero, Tzionas,
and Black 2017) with predicted hand vertices, to generate
final refined hand motion Ĥ. Here, the MANO model serves
as a linear blend skinning model that can produce the 3D
hand vertices based on the shape and pose parameters. We
optimize the shape parameter β , pose, orientation and trans-
lation parameter θ = {θt}Tt=1 of the MANO model by min-
imizing:

L(β, θ) = Lconsistent(β, θ) + Lsmooth(β, θ), (7)

where Lconsistent ensures alignment with the predicted out-
comes Ĥ

′
to maintain consistency, and Lsmooth aims to en-

hance overall smoothness. Importantly, we assume that the
shape remains constant throughout the given interaction se-
quence, allowing us to utilize the same shape parameter β
across the sequence.

Experiments
In this section, we apply our method to synthetic and real
tracking errors for hand-object interaction and evaluate our
method on various metrics. We first introduce the exper-
iment settings including the datasets, evaluation metrics,
and implementation details. Then we demonstrate that our
method could achieve better performance compared with the
state-of-the-art methods. Finally, we demonstrate the effec-
tiveness of the proposed components with ablation studies.

Dataset
GRAB. GRAB (Taheri et al. 2020) is a Motion Capture
dataset focusing on whole-body grasping. It comprises com-
plete 3D shape and pose sequences, including 10 performers
interacting with 51 objects. Following TOCH (Zhou et al.
2022), we select 47/4/6 objects for training, validation, and
testing, and filter out frames where the hand wrist is more
than 15cm away from the object. To simplify the prob-
lem, we use the right hand as the case of study. For left-
hand cases, we mirror hands and objects. To evaluate our
method on synthetic perturbations, we follow TOCH and
adopt various perturbation strategies. These strategies in-
clude GRAB-T (translation-dominant perturbation), GRAB-
R (pose-dominant perturbation), and GRAB-B (balanced
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Methods MPJPE (mm) ↓ MPVPE (mm) ↓ IV (cm3) ↓ C-IoU (%) ↑

Task 1:GRAB-T
(0.01)

Perturbation 16.0 16.0 2.48 16.24

TOCH 9.93 11.8 1.79 23.25*
Ours 6.90 7.75 1.70 28.00

Task 2: GRAB-T
(0.02)

Perturbation 31.9 31.9 2.4 10.69

TOCH 12.3 13.9 2.5 20.35*
Ours 10.19 10.76 1.85 22.84

Task 3: GRAB-R
(0.3)

Perturbation 4.58 6.30 1.88 23.21

TOCH 9.58 11.5 1.52 23.39*
Ours 5.85 6.92 1.61 28.61

Task 4: GRAB-R
(0.5)

Perturbation 7.53 10.3 1.78 17.31

TOCH 9.12 11.0 1.35 22.13*
Ours 6.28 7.54 1.69 25.27

Task 5: GRAB-B
(0.01 & 0.3)

Perturbation 17.3 18.3 2.20 12.14

TOCH 10.3 12.1 1.78 23.10*
Ours 7.17 8.09 1.69 26.36

Table 1: Quantitative results on the GRAB (Taheri et al. 2020) test set. Following TOCH (Zhou et al. 2022), we manually perturb
the ground truth with GRAB-T (translation-dominant perturbation), GRAB-R (pose-dominant perturbation), and GRAB-B
(balanced perturbation). The numbers inside the parentheses represent the magnitude of perturbation which is sampled from
Gaussian noise. The symbol ∗ denotes that we reproduced the results using the released code of TOCH (Zhou et al. 2022).

Methods MPJPE MPVPE IV

Tracking Hasson et al. 11.4 11.4 9.26

Static RefineNet 11.6 11.5 8.11
ContactOpt 9.47 9.45 5.71

Dynamic TOCH 9.32 9.28 4.66
Ours 9.18 9.21 4.52

Table 2: Quantitative evaluation on the HO3D dataset. In
this experiment, we follow the method in TOCH (Zhou et al.
2022) to select interaction sequences from the predicted re-
sult of the tracking method (Hasson et al. 2021) and use dif-
ferent optimization methods (Taheri et al. 2020; Grady et al.
2021) to refine interaction sequences.

perturbation). Our model is only trained on the GRAB-B
dataset and tested on the five perturbation tasks, as shown in
Table 1.

HO3D. HO3D (Hampali et al. 2020) is a dataset capturing
hand-object interaction. It consists of frame-wise annotation
for hands and objects with corresponding RGB images. We
follow the method in (Zhou et al. 2022) to select a subset of
frames containing hand-object interaction. To evaluate our
method on real tracking perturbations, we retrained a state-
of-the-art hand-object tracking method (Hasson et al. 2021)
and applied our method to the predicted results.

Evaluation Metrics
We follow TOCH (Zhou et al. 2022) to define evaluation
metrics as:

• Mean Per-Joint Position Error (MPJPE). MPJPE is
the average Euclidean distance between the refined hand
joints and the ground truth.

• Mean Per-Vertex Position Error (MPVPE). MPVPE
is similar to MPJPE which aims to measure the average
Euclidean distance between the refined hand vertices and
the ground truth vertices.

• Solid Intersection Volume (IV). This metric calculates
hand-object interpenetration volume by voxelizing the
object and hand mesh. Here, we set the voxel size as
2mm.

• Contact IoU (C-IoU). We report the Intersection-over-
Union between the refined contact map and the ground
truth contact map. To obtain the contact map, we calcu-
late the distance between hand vertices and object mesh
and threshold the distance within ±2mm.

Implementation Details
Our network consists of three consecutive modules: a hi-
erarchical spatial encoder, a hierarchical temporal encoder,
and a reconstruction decoder. The hierarchical spatial en-
coder consists of four identical blocks with a down-sampling
rate of 2. The output dimension of our spatial encoder is
d = 256. For the Hierarchical Temporal Encoder, we set
d′ = d′′ = 256 and set T = 30 and T ′ = 5 as the length of
input sequence for the long-term temporal transformer and
short-term temporal transformer, respectively. Both trans-
former blocks have four layers and use fixed sine/cosine po-
sition encoding. For each layer, the attention head is set as
8, and the feed-forward dimension is set as 1024.

For the reconstruction decoder, four identical Point-
Net (Qi et al. 2017) akin blocks are used to map the latent
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Figure 3: Qualitative results for refining inconsistency pose (highlighted with blue arrows) in perturbed tracking sequence. The
refined sequence of TOCH (Zhou et al. 2022) exhibits improper grasping poses (highlighted with red boxes). In contrast, our
reconstructions demonstrate a more plausible interacting pose.

Methods MPJPE MPVPE IV C-IoU

Hand Vertices 7.89 8.80 1.73 24.92
Object Center 7.89 8.82 1.73 24.71
Bounding Box 8.02 8.92 1.75 24.91
Closest Vertex (Ours) 7.17 8.09 1.69 26.36

Table 3: Quantitative evaluation with different hand-centric
representations. For this experiment, we evaluate all the fea-
tures using the GRAB-B (balanced perturbation) dataset.
For a fair comparison, we only replace our representation
and keep other settings untouched.

dimension into 16, and a fully connected layer is used to
reconstruct the position of each point.

For all experiments, we set the batch size as 32, and use
ADAM as the optimizer with an initial learning rate of 3e−4,
and weight decay of 1e−6. Training our model takes about
16 hours on 4×NVIDIA Tesla V100S-32G GPUs.

Comparison With State-of-the-Arts
Our goal is to apply the designed method to real hand-object
interaction tracking systems or synthesis methods to allevi-
ate the erroneous. However, directly targeting specific track-
ing or synthesis methods may cause overfitting to specific er-
rors making the performance difficult to quantify. Thus, we
evaluate our method and compare it with TOCH (Zhou et al.
2022) on both synthetic tracking dataset and real tracking
estimator (Hasson et al. 2021), where the results are based
on their released source codes.

Quantitative results. We show the comparison results in
Table 1 and Table 2 on GRAB (Taheri et al. 2020) test
set and HO3D (Hampali et al. 2020) test set. For the syn-
thetic GRAB dataset, Our model achieves a significant im-

provement in MPJPE and MPVPE for all perturbation strate-
gies, which suggests the effectiveness and robustness of our
method for refining the incorrect hand pose. For interac-
tion metrics, though there was a marginal diminution in the
performance of IV for the GRAB-R dataset, our method
achieves notable improvements with C-IoU. For the HO3D
dataset, we retrain the previous tracking method (Hasson
et al. 2021) as our baseline model and applied both static
and dynamic refining methods (Taheri et al. 2020; Grady
et al. 2021; Zhou et al. 2022) on the predicted results. As
demonstrated in Table 2, Our method outperforms previous
approaches on all three metrics.

Qualitative results. The visualization results are pre-
sented in Figure 3 and Figure 4. It can be seen that the
reconstruction results of TOCH (Zhou et al. 2022) suffer
from unrealistic pose and incorrect interaction, while our
method can generate hand-object interaction motion with
better quality.

Ablation Study
For all ablation studies, we report MPJPE, MPVPE, IV, and
C-IoU four metrics on the balanced perturbation dataset.

Investigating Hand-Centric representation. We investi-
gate the effect of the proposed hand-centric representation
by comparing it with different hand-object corresponding
representations. For the object center representation, we re-
place the closest vertex with the mass center of the object
to compute the interaction feature, while we use eight ver-
tices of the object bounding box for bounding box represen-
tations. The comparative results of different representations
are demonstrated in Table 3. It can be seen from the table
that our representation achieves the best result on four met-
rics. The performance of different representations indicates
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Figure 4: Qualitative results for refining inter-penetration (highlighted with blue arrows) in perturbed tracking sequence. The
refined sequence of TOCH (Zhou et al. 2022) exhibits inadequate contact (highlighted with red boxes) while our results can
achieve more realistic interaction.

Methods MPJPE MPVPE IV C-IoU

w/o hierarchical-spatial 7.35 8.22 1.94 25.25
short-long-term temporal 8.85 9.87 1.62 20.20
w/o hierarchical-temporal 7.47 8.39 1.72 25.70
w/o post-optimization 7.62 8.50 1.54 21.87
Ours 7.17 8.09 1.69 26.36

Table 4: Quantitative results with various baseline mod-
els are presented using the GRAB-B (balanced perturba-
tion) dataset. In this experiment, we evaluate each base-
line model by solely replacing the corresponding component
while keeping all others unchanged.

Methods MPJPE MPVPE IV C-IoU

Perturbation 17.82 18.85 2.10 12.31
TOCH 14.11 15.87 1.45 21.44
Ours 7.80 8.71 1.60 26.14

Table 5: Quantitative results on the longer distance setting.
In this experiment, we extended the hand-object distance to
30cm, which is twice the distance used in the previous set-
ting. The evaluation was conducted directly using the net-
work parameters trained on the short-distance setting.

the importance of integrating the relevant object informa-
tion while effectively preserving the distinct characteristics
of each hand vertex.

Investigating each component. We conducted ablation
studies to evaluate the impact of each component in our
model, and the results are summarized in Table 4. We in-
vestigate the effectiveness of the spatial encoder by replac-
ing our hierarchical spatial encoder with a baseline model
using four identical PointNet (Qi et al. 2017) layers. The ef-
fectiveness of the hierarchical temporal encoder is examined

by swapping long-term and short-term transformers, and by
replacing short-term with long-term transformers to validate
the hierarchy. Additionally, we also provide a comparison of
whether there is post-optimization. Results show the superi-
ority and essentiality of our method.

Experiments on a long hand-object distance. We also
provide quantitative results for longer-distance hand-object
interaction in Table 5. Specifically, we first filter out the
motion frames with more than 30cm hand-object distance.
Subsequently, we assess the model performance using the
models initially trained for short-distance interactions. Our
method outperforms TOCH (Zhou et al. 2022) on all evalu-
ation metrics significantly. Our better performance demon-
strates the importance of hand-centric representation. The
proposed hand-centric representation can effectively capture
hand motions, even when there is a considerable distance be-
tween the hand and the object.

Conclusion
In this paper, we tackle the problem of refining perturbed
hand-object interaction sequences. To effectively represent
the spatial-temporal interaction sequence, we explore var-
ious representations and propose a hand-centric approach
that can avoid the ambiguous projection process in the pre-
vious object-centric representation. To obtain the dynamic
clues of the interaction sequence, we design a hierarchical
spatial-temporal architecture. This architecture effectively
captures both local and global information. As a result, our
method achieves state-of-the-art performance and demon-
strates strong generalization capabilities on long-distant in-
teraction sequences.
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