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Abstract

In this paper, MoEG-HOI is proposed as a novel method
for the challenging 3D hand-object interaction (HOI) motion
generation task, by introducing Mixture-of-Experts (MoE)
to this field for the first time. Almost all the mainstream
approaches in HOI motion generation leverage diffusion
model as its strong generative ability. Nevertheless, due to
HOI’s fine-grained property, well training diffusion in one-
stage way is actually not trivial. Existing state-of-the-art
(SOTA) methods (e.g., Text2HOI and MF-MDM) alleviate
this mainly via a coarse-to-fine, multi-stage paradigm. Al-
though effective and practical, this paradigm prevents end-
to-end training for optimal performance. In contrast, MoEG-
HOI applies MoE to address this in one-stage way, with end-
to-end training ability. This allows each expert to specialize in
certain distinct HOI patterns, which alleviates individual ex-
pert’s training difficulty. However, intuitively applying MoE
is not optimal due to the issues of: (1) towards expert de-
sign, original MoE cannot well characterize hand’s articu-
lated structure at the levels of hand, finger, and joint explicitly,
and (2) for expert routing mechanism, the characteristics of
variational HOI action classes and diffusion noise levels have
not been concerned. Towards the first problem, MoE’s experts
are designed into groups that correspond to motion genera-
tion for hand, finger, and joint respectively, under the seman-
tic guidance from global to local. To facilitate this, HOI’s text
description will be correspondingly refined at Hand-Finger-
Joint levels using LLM. Secondly, during MoE routing, the
information of HOI’s action label and diffusion noise level is
concerned to select experts jointly, to better reveal actions’
inter-class variation and dynamics of diffusion generation.
SOTA performance on ARCTIC, GRAB and H2O datasets
demonstrates the effectiveness of our method.

1 Introduction
Hand–object interaction (HOI) motion generation aims to
synthesize natural, realistic and physically consistent 3D
hand motions based on conditions such as textual de-
scriptions (Christen et al. 2024; Cha et al. 2024; Huang
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Figure 1: Our main research intuition and idea. Hand-object
interaction (HOI) motion generation is challenging due to
various action classes and complex patterns during interac-
tion, making it difficult for a single diffusion model to learn.
(a) SOTA methods adopt a multi-stage, coarse-to-fine re-
finement paradigm, but suffer from suboptimal optimization.
(b) In contrast, our MoEG-HOI employs hierarchical expert
groups with action and noise aware routers, alleviating the
above problem with end-to-end training.

et al. 2025) and given object trajectories (Zhan et al. 2024;
Zhang et al. 2025b). High-quality HOI generation holds
significant value for downstream applications in AR/VR,
robotics, human-computer interaction, and embodied intel-
ligence (Srivastava et al. 2022). As generative models ad-
vance, diffusion models (Ho, Jain, and Abbeel 2020; Song,
Meng, and Ermon 2022) with a transformer-based architec-
ture (Vaswani et al. 2017) have emerged as the mainstream
approach in this field, owing to their powerful generative ca-
pabilities and advantages in modeling long-term sequences.

Although recent works (Li, Wu, and Liu 2023; Jiang et al.
2023; Zeng et al. 2025; Jiang et al. 2025; Xue et al. 2025)
have achieved significant progress in modeling human-
object interactions, generating realistic hand–object inter-
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action motions remains challenging due to the fine-grained
and complex interaction patterns as shown in Fig. 1. This
makes it non-trivial to properly train a single diffusion model
in a one-stage manner to generate high-quality motions.
To alleviate this, state-of-the-art (SOTA) methods, such as
Text2HOI (Cha et al. 2024) and MF-MDM (Zhan et al.
2024), mainly adopt a coarse-to-fine, multi-stage paradigm,
as shown in Fig. 1(a). These methods first generate a coarse
motion via the diffusion model and subsequently use a sepa-
rate refinement model to enhance realism. Despite its effec-
tiveness, this multi-stage paradigm decouples the generation
stage from the refinement stage. This separation prevents
holistic, end-to-end optimization, as the generator receives
no feedback from the subsequent refinement stage. This ob-
servation motivates us to explore an alternative direction: is
it possible to design a one-stage model powerful enough to
directly generate high-fidelity HOI motions?

Motivated by this consideration, we explore the potential
of a one-stage paradigm. We argue that a key limitation for
one-stage methods is that the single denoising model strug-
gles to learn complex HOI patterns. To overcome this, we
propose MoEG-HOI, a novel framework that introduces the
Mixture-of-Experts (MoE) to this field for the first time,
as shown in Fig. 1 (b). This allows specialized experts to
collectively generate fine-grained motions, alleviating the
learning burden on a single model and enabling end-to-
end training. However, a naive application of existing MoE
methods, such as that in (Fei et al. 2024), is not optimal for
this task (e.g., FID of 0.971 vs. our 0.726). This is due to two
key issues: (1) in terms of expert design, it cannot explicitly
characterize the hand’s articulated nature at the hand, finger,
and joint levels; and (2) for the expert routing mechanism,
the distinct properties of varying HOI action classes and dif-
ferent diffusion noise levels are not taken into account.

To address the first issue, MoEG-HOI introduces Hierar-
chical Semantics-guided Experts (HSE), a novel expert de-
sign guided by a global-to-local principle, where the experts
are organized into three hierarchical groups: Hand, Finger,
and Joint. This design explicitly mirrors the hand’s natural
decomposition, allowing the model to process global hand
poses and local finger joint movements separately. To facili-
tate this, a Large Language Model (LLM) (Liu et al. 2025) is
leveraged to refine input text into corresponding fine-grained
semantic guidance for each of the three levels. Furthermore,
recognizing that different HOI actions demand varying lev-
els of complexity (e.g., ”hold” versus ”screw”), we also de-
sign hierarchically sized experts within each group. This de-
sign allows the model to adaptively match expert capacity to
the action’s intrinsic complexity.

To tackle the second issue, MoEG-HOI introduces a novel
Action and Noise aware Router (ANR), which jointly con-
siders two critical pieces of information: the HOI action la-
bel and the diffusion noise level. This makes the routing both
action-aware, enabling it to capture distinct inter-class vari-
ations, and noise-aware, allowing it to dynamically adapt to
the state of the denoising process at different timesteps.

MoEG-HOI is evaluated on three public datasets: ARC-
TIC (Fan et al. 2023), GRAB (Taheri et al. 2020), and
H2O (Kwon et al. 2021). Extensive experimental results

demonstrate the effectiveness of our proposed method.
Main contributions of this paper are outlined as follows:

• MoEG-HOI is proposed as a novel one-stage method that
introduces Mixture-of-Experts to hand-object interaction
motion generation task for the first time.

• A novel expert design comprising Hand-Finger-Joint ex-
pert groups with hierarchical sizing is proposed, allowing
for specialized processing of both global hand poses and
local finger joint movements.

• A joint routing mechanism based on action classes and
noise levels is proposed, enabling experts to specialize
in handling diverse samples, capturing both inter-class
variations and dynamics of diffusion generation.

2 Related Work
Hand-Object Interaction Generation. Existing meth-
ods (Zhang et al. 2024b; Xu et al. 2024; Wei et al. 2024; Li
et al. 2025, 2024; Wang et al. 2024; Zhong et al. 2025) ex-
plore static grasp generation based on object point clouds.
Meanwhile, some works aim to generate dynamic hand-
object interaction motions based on conditions such as text
descriptions (Christen et al. 2024; Cha et al. 2024; Huang
et al. 2025) and object motion trajectories (Zhang et al.
2025b,a), which mainly employ a diffusion-based model due
to its strong generative ability. To generate high-quality in-
teraction motions, a coarse-to-fine and multi-stage paradigm
is generally employed. Text2HOI (Cha et al. 2024) decom-
poses the task into three stages: contact map generation, mo-
tion generation and refinement. Similarly, MF-MDM (Zhan
et al. 2024) also employs a two-stage process of generation
and refinement. Different from them, our work focuses on
the one-stage paradigm with end-to-end training.

Mixture-of-Experts. Mixture-of-Experts (MoE) models
utilize multiple specialized expert networks to adaptively se-
lect and process input with sparse activation (Shazeer et al.
2017), thereby enhancing performance across various tasks.
Notably, the integration of MoE with the Transformer ar-
chitecture (Fedus, Zoph, and Shazeer 2022) has yielded su-
perior results, particularly in the field of LLMs such as
DeepSeek-MoE (Dai et al. 2024). Some studies (Fei et al.
2024; Zhao et al. 2024; Yuan et al. 2025) also employ MoE
in the diffusion model for image generation and show con-
siderable effectiveness. However, intuitively applying them
to the HOI motion generation task is not optimal due to
that they fail to consider characteristics of this task. Our
work leverages the explicit structure of the hand to divide
MoE’s experts into three groups at hand, finger, and joint
level. Within each group, we employ hierarchically sized ex-
perts to adaptively process different interaction actions. Dur-
ing experts routing, our work uses action and noise aware
routers to select the experts jointly, capturing the inter-class
variations and dynamics of diffusion generation.

3 Method
3.1 Preliminarily
Task Setting and Data Representation. Given a textual
task description T , the involved object point cloud P and its
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Figure 2: Overview of MoEG-HOI. MoEG-HOI is a diffusion-based model comprising N identical blocks, each integrating
a multi-head self-attention layer and a Hierarchical Semantics-guided Experts (HSE) Module with Action and Noise aware
Routers (ANR). The HSE module organizes experts into three hierarchical levels—Hand, Finger, and Joint —which are guided
by corresponding text descriptions refined by an LLM. The ANR uses the action label and diffusion timestep to dynamically
select the most suitable experts for each expert group.

motion trajectory O, our goal is to generate a corresponding
3D hand motion sequence H of length L, which can accu-
rately reflect the intent of text description and exhibit precise
coordination with the dynamics of the object.

The hand motion sequence is represented as H ∈ RL×99,
where L=150 denotes the sequence length and each 99-
dimensional vector is formed by flattening and concate-
nating the 3D hand translation parameters th ∈ R3 and
MANO (Romero, Tzionas, and Black 2017) pose parameters
θh ∈ R16×6. The object trajectory is denoted as O ∈ RL×do ,
where each do-dimensional vector comprises the concate-
nated 3D object translation to ∈ R3 and rotation ro ∈ R6.
For articulated objects, do is extended to 10 by incorporating
an additional object articulation angle α ∈ R1.

Diffusion Models. We adopt a transformer-based diffu-
sion model for generating HOI motions. In the forward pro-
cess, Gaussian noise is progressively added to the hand mo-
tion until reaching pure noise at the timestep T :

Ht =
√
ᾱtH0 +

√
1− ᾱtϵt, (1)

where t is the diffusion timestep, H0 is the clean hand
motion and Ht is the noised hand motion at timestep t.
ᾱt =

∏t
s=1(1−βs) is the cumulative noise schedule. In the

reverse process, a denoise network iteratively removes noise
from the data, resulting in the generation of HOI motions.

3.2 Overview of Our MoEG-HOI
An overview of our method is illustrated in Fig. 2. MoEG-
HOI is a transformer-based diffusion model with mixture of
experts groups that predicts denoised hand motion Ĥ0 from
noised input Ht. The model takes several conditioning in-
puts: object geometry features fobj from a pointcloud en-

coder (provided by Text2HOI), text features ftxt, action la-
bel features fa from pre-trained CLIP (Radford et al. 2021),
and timestep embeddings ft from an MLP. The noised hand
motion Ht and object trajectory O are processed through
linear layers and concatenated by frames. All of the above
are projected to D dimensions via linear layers and concate-
nated as input to MoEG-HOI.

MoEG-HOI consists of N identical blocks, each contain-
ing a multi-head self-attention and a Hierarchical Semantics-
guided Experts (HSE) Module with Action and Noise aware
Routers (ANR). The HSE organizes experts into three inde-
pendent groups—Hand, Finger, and Joint—to directly mir-
ror the hand’s inherent kinematic structure. To provide se-
mantic guidance for these hierarchical expert groups, we
introduce level-specific semantic features generated by an
LLM refiner, which uses Deepseek-V3 (Liu et al. 2025)
to refine coarse-grained input text into three fine-grained
descriptions targeting hand, finger, and joint levels respec-
tively. A pre-trained Long-CLIP model (Zhang et al. 2024a)
then encodes these descriptions into features fhand, ffinger
and fjoint for the HSE. Within each block, the ANR uses ac-
tion labels and noise timesteps as routing conditions to gen-
erate expert activation weights, computing the final output
as a weighted sum of all activated expert outputs.

3.3 LLM Refiner
To provide semantic guidance for the HSE, we utilize a care-
fully designed prompt to guide LLM to refine coarse text
into detailed hierarchical descriptions. Our prompt design
follows three core principles as follows. First, the hierarchi-
cal decomposition principle requires refining the description
into Hand, Finger, and Joint levels to directly match the ex-
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Figure 3: Structure of the Hierarchical Semantics-guided Experts Module (left) and the Action and Noise aware Router Module
(right). HSE (left) consists of three expert groups (Hand, Finger, and Joint), each using a cross-attention block to fuse its cor-
responding level-specific text feature into the input tokens. Each expert group comprises multiple hierarchically sized experts,
activated jointly by the action label feature and timestep embedding via the ANR module. ANR (right) combines signals from
the action label and timestep to generate the expert activation weights.

pert group structure of the HSE module. Then, the coarse-to-
fine principle ensures that the description progresses from
overall poses to local details, following a natural motion
logic. Finally, the interaction specificity principle demands
clarification of the specific object parts being interacted with
and the coordination between hands, providing key informa-
tion for generating physically accurate motions. More de-
tails are provided in the Supplementary Materials.

3.4 Hierarchical Semantics-guided Experts
To address the failure of prior flat MoE architectures to ex-
plicitly capture the hand’s kinematic hierarchy, we propose
the Hierarchical Semantics-guided Experts (HSE) module.
By organizing experts into Hand, Finger, and Joint groups
that mirror this natural decomposition, HSE enables more
effective and specialized modeling of complex HOI motion.

As illustrated in Fig. 3 (left), the HSE consists of three
expert groups, each containing a cross-attention block to in-
ject the semantic guidance and M heterogeneous experts
Em (m ∈ [1,M ]), implemented as two-layer MLPs with
progressively decreasing hidden dimensions, i.e., dm =
dmax/2

(m−1), to promote diversity in capacity across the
hierarchy. HSE processes two inputs: a token sequence
z ∈ R(L+Lc)×D where Lc denotes the number of condi-
tion tokens, and three level-specific text features fi, where
i ∈ {hand,finger, joint}, provided by the LLM refiner.

The internal process of HSE involves two main steps.
First, within each expert group, the cross-attention uses in-
put tokens z as queries to interact with corresponding text
features fi, producing semantically guided tokens z′i:

z′i = CrossAttn(q = z, k = fi, v = fi), (2)

Secondly, the Action and Noise Aware Router (ANR) (de-
tailed in Sec. 3.5) generates activation weights wi,m for ex-
pert Em within each expert group based on the action label
feature fa and the timestep embedding ft:

wi,m = ANRi(fa, ft). (3)

To ensure sparse expert activation and that only the most
relevant Top-K experts contribute to the output, the weights
of experts outside the Top-K are set to zero:

wi,k =

{
wi,k, if wi,k ∈ TopK(wi)

0, otherwise
, (4)

with k ∈ [1,K]. Subsequently, these non-zero weights are
normalized across all activated experts from three groups:

w′
i,k =

wi,k∑3
i=1

∑K
k=1 wi,k

. (5)

Finally, the module’s output y is computed as the weighted
sum over all activated experts’ outputs

y =
3∑

i=1

K∑
k=1

w′
i,k · Ei,k(z

′
i). (6)

3.5 Action and Noise Aware Router
To effectively model the diverse and fine-grained patterns
of HOI, we consider two key factors: the variations across
action classes and the dynamics of diffusion generation.
Based on this, we design the Action and Noise Aware Router
(ANR), shown in Fig. 3 (right), which leverages both action
label and diffusion timestep to guide the expert activation.
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To facilitate this, a naive approach is to directly concate-
nate the action label feature fa and the timestep embedding
ft as input to a shared routing layer. However, the dispar-
ity in magnitude, structure, and informativeness often causes
the routing layer to over-rely on one feature when concate-
nated directly. To mitigate this issue, we adopt a decoupled
encoding strategy, independently projecting fa and ft to ex-
pert logits via separate linear layers:

wa = Linear(fa), wt = Linear(ft). (7)

The outputs of the two routing branches are then summed
and passed through a softmax function to compute the expert
activation weight wi,m, which is subsequently used in Eq. 3:

wi,m = Softmax(wa + wt). (8)

This design ensures that both features contribute indepen-
dently to expert selection, enabling the router to account for
both inter-class variations and generation dynamics.

In addition, to encourage balanced expert utilization and
avoid expert collapse (i.e., some experts never being ac-
tivated), we adopt the load balance loss Lbalance on the
softmax-normalized logits from both routing branches:

Lbalance = L(Softmax(wa)) + L(Softmax(wt)), (9)

where L(·) denotes the prior balance loss (Fei et al. 2024).

3.6 Training Loss
Our model is trained using the following composite loss
function, which jointly supervises motion fidelity, physical
plausibility, interaction quality, and expert utilization.

For diffusion training, following (Tevet et al. 2022), our
model directly estimates the clean signal. The training pro-
cess optimizes from the reconstruction loss:

Ldiff = EH0,t

∥∥∥Ĥθ (Ht, t, c)−H0

∥∥∥2
2
, (10)

where H0 and Ĥθ denote the GT and predicted hand mo-
tion parameters, respectively. Our model also optimizes the
positions of hand joints J and vertices V , which can be com-
puted by the hand motion parameters via the MANO model:

Lrec =
∥∥∥Ĵ − J

∥∥∥2
2
+
∥∥∥V̂ − V

∥∥∥2
2
. (11)

To enhance the spatial alignment and physical plausibility of
HOI, our model leverages a distance-based loss:

Ldist =
∑
p∈P

∥d(p, v̂)− d(p, v)∥+

λ
∑
v∈V

∥d(v̂, p)− d(v, p)∥ ,
(12)

where P are the object points and d(·) measures the dis-
tance from hand vertices to their nearest object points and
from object points to their nearest hand vertices.

In addition, we optimize the denoised hand motion pa-
rameters to enforce contact with the object:

Lcon =
∑

p∈Pcon

min
v∈V

∥p− v∥+
∑

v∈Vcon

min
p∈P

∥v − p∥ , (13)

where Pcon and Vcon are the object points and hand vertices
classified as in contact based on a distance threshold τ mm.
Furthermore, we add a constraint to explicitly prevent hand-
object penetration during interaction:

Lpen =
∑

p∈Ppen

min
v∈V

∥p− v∥ , (14)

where Ppen denotes object points inside the hand. We penal-
ize the acceleration of hand vertices for smoothness:

Lacc =
∑
v∈V

∥vi − 2 · vi−1 + vi−2∥ . (15)

Finally, considering the balance loss presented in Eq. 9,
our total loss can be summarized as follows:

Ltotal = Ldiff + λ1Lrec + λ2Ldist + λ3Lcon

+λ4Lpen + λ5Lacc + λ6Lbalance.
(16)

4 Experiments
4.1 Experiment Settings
Datasets. Experiments are conducted on three public 3D
hand-object interaction datasets: ARCTIC (Fan et al. 2023),
GRAB (Taheri et al. 2020), and H2O (Kwon et al. 2021).
For three datasets, the experimental setup follows the proto-
col of Text2HOI (Cha et al. 2024). We utilize subjects s1-s9
(excluding s3) for the training set and s10 for the test set on
ARCTIC dataset. For the GRAB dataset, subjects s1-s9 are
used for training and s10 for testing. For the H2O dataset,
the training set comprises subjects s1-s2, while s3 is used for
testing. For all three datasets, the corresponding text descrip-
tions annotated by Text2HOI (Cha et al. 2024) are adopted.

Evaluation Metrics. We evaluate the methods on vari-
ous metrics, each targeting a distinct aspect of generation
quality. Contact Ratio (CR) measures the proportion of
frames where the minimum hand-object distance is within
a 5 mm threshold. Penetration (Pen) measures the percent-
age of frames exhibiting hand vertices penetration beyond a
1 cm threshold. Power Spectrum KL divergence of Joints
(PSKL-J) reflects the smoothness of the generated motion,
by comparing the acceleration distributions of predicted and
GT motions, reporting results in both directions. Fréchet
Inception Distance (FID) measures the distance of feature
distributions between generated and ground-truth based on
a feature extractor. Mean Per Joint/Vertex Position Error
(MPJPE and MPVPE) calculate the average positional er-
ror (mm) for hand joints and vertices, respectively.

Baseline. Our experiments are performed on the follow-
ing open-source methods. Text2HOI (Cha et al. 2024) gen-
erates HOI motions from text description, which employ
three stages including contact map generation, motion gen-
eration and refinement. To adapt for our task setting, we
change its conditions to both text description and object tra-
jectory and retrain its generation and refinement stages. MF-
MDM (Zhan et al. 2024) is a two-stage diffusion model de-
signed to generate HOI motions from text description and
object trajectory, which includes generation and refinement
stages. OMOMO (Li, Wu, and Liu 2023) is a whole-body
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Dataset Method CR↑ Pen↓ PSKL-J(gt.p.)↓ PSKL-J(p.gt.)↓ FID↓ MPJPE↓ MPVPE↓

ARCTIC

OMOMO (TOG’23) 0.221 0.042 0.4497 0.3970 0.824 318.60 318.32
Text2HOI (CVPR’24) 0.665 0.163 0.3477 0.3012 0.962 116.37 116.13
MF-MDM (CVPR’24) 0.848 0.170 0.3020 0.3140 0.903 101.44 101.26

MoEG-HOI (ours) 0.920 0.253 0.3334 0.3640 0.726 96.13 96.11

GRAB

OMOMO (TOG’23) 0.102 0.044 2.4935 2.4563 0.655 420.40 419.41
Text2HOI (CVPR’24) 0.554 0.258 0.7990 1.2046 0.690 167.84 166.92
MF-MDM (CVPR’24) 0.434 0.209 0.8956 1.0573 1.362 225.23 225.03

MoEG-HOI (ours) 0.566 0.264 0.2243 0.2447 0.599 153.15 152.56

H2O

OMOMO (TOG’23) 0.596 0.447 4.9839 4.9809 2.377 111.02 110.60
Text2HOI (CVPR’24) 0.577 0.412 1.9346 1.8466 1.847 107.21 106.73
MF-MDM (CVPR’24) 0.592 0.453 1.4101 1.5260 10.732 121.26 119.09

MoEG-HOI (ours) 0.777 0.631 0.8130 0.9807 1.648 101.05 100.40

Table 1: Quantitative results on ARCTIC, GRAB and H2O datasets. MoEG-HOI achieves SOTA or highly competitive perfor-
mance across all three datasets. The best results are in bold and the second best are underlined.

MoEG-HOI

MF-MDM

Text2HOI

OMOMO

ARCTIC GRAB H2O

Toast the mug with right hand. Grab lotion with both hands.Close the box with both hand.

Figure 4: Qualitative Comparison on ARCTIC, GRAB and H2O datasets. Compared to three baseline methods, MoEG-HOI
generates more physically plausible and natural motions that successfully fulfill the text description and object trajectory.

generation method conditioned on the object trajectory. We
tailor its conditions to both text description and object tra-
jectory. Following (Zhang et al. 2025b), we generate hand
joints in its first stage and then generate hand parameters
based on joints with contact constraints in its second stage.

Implementation Details. For MOEG-HOI, the number of
blocks N is 8 and the latent dimension D is set to 512. Each
expert group contains M=3 experts with a maximum dimen-
sion dmax=1024, and only K = 1 expert is activated. For the
loss function, λ is set to 0.1 and τ is 10. λ1, λ2, λ3, λ4 and λ5

are set to 20 and λ6 is 0.01. The maximum diffusion step T
is set to 1000 and the variances βt vary from 0.0001 to 0.2.
All models are trained on a single NVIDIA GeForce RTX
3090 GPU with the random seed 0. MOEG-HOI is trained
on the ARCTIC, GRAB, and H2O datasets for 100, 100, and
200 epochs, respectively, using the AdamW optimizer with
a learning rate of 0.0001 and a batchsize of 32.

4.2 Quantitative Results
Experimental results on ARCTIC, GRAB and H2O datasets
are presented in Tab. 1. The findings demonstrate that the
proposed MoEG-HOI achieves SOTA or highly compet-

itive performance across all three datasets. On ARCTIC
dataset, MoEG-HOI attains SOTA results in metrics such
as CR (0.920), FID (0.726), and MPJPE (96.13). Although
OMOMO achieves the lowest Pen (0.042), its CR is concur-
rently the lowest by a large margin (0.221). This indicates
that its low penetration is achieved at the cost of not making
effective contact with the object. The dominance of MoEG-
HOI is further underscored on the GRAB and H2O datasets,
where it surpasses all methods in nearly every metric. For in-
stance, on GRAB it improves motion smoothness (PSKL-J)
by nearly a factor of five (0.2447 vs. 1.0573), while on H2O
it substantially boosts the Contact Ratio (CR) to 0.777 and
drastically reduces FID from 10.732 (MF-MDM) to 1.648.

4.3 Qualitative Results
The qualitative comparison on the three datasets is provided
in Fig. 4. In contrast to baseline methods, which suffer from
clear artifacts such as failed contact (OMOMO), mesh pen-
etration (MF-MDM in GRAB dataset), or unnatural poses
(Text2HOI in ARCTIC dataset), our MoEG-HOI generates
more physically plausible and natural motions that success-
fully fulfill the text description and object trajectory.
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Method CR↑ Pen↓ PSKL-J(gt.p.)↓ PSKL-J(p.gt.)↓ FID↓ MPJPE↓ MPVPE↓
w/o refine text 0.871 0.262 0.4206 0.3808 0.867 96.43 96.36

+ w/o expert group 0.879 0.252 0.4512 0.4678 0.893 97.87 97.65
+ w/o hierarchical size 0.874 0.248 0.3932 0.4205 0.937 99.54 99.36

w/o independent balance 0.833 0.250 0.4322 0.3801 0.793 103.13 103.07
w/o action router 0.903 0.280 0.4551 0.4710 0.974 103.62 103.44

w/o timestep router 0.820 0.204 0.4130 0.4456 0.820 104.39 104.25
DiT-MoE (Fei et al. 2024) 0.874 0.312 0.3455 0.3822 0.971 101.34 101.25

Ours 0.920 0.253 0.3334 0.3640 0.726 96.13 96.11

Table 2: Component ablation on ARCTIC dataset. For DiT-MoE, the expert number is 10, including 1 shared expert.

Method CR↑ Pen↓ PSKL-J(gt.p.)↓ PSKL-J(p.gt.)↓ FID↓ MPJPE↓ MPVPE↓
dmax=512 0.879 0.218 0.4268 0.4491 0.910 105.34 105.42
dmax=2048 0.835 0.240 0.4727 0.4841 0.916 102.40 102.53

M=2 0.819 0.232 0.5061 0.5266 0.812 99.63 99.59
M=4 0.814 0.250 0.6624 0.6475 0.853 99.97 99.89

Ours (dmax=1024, M=3) 0.920 0.253 0.3334 0.3640 0.726 96.13 96.11

Table 3: Hyperparameters analysis on ARCTIC dataset. dmax and M respectively denote the maximum dimension of experts
and the experts number in each expert group.

4.4 Ablation Study and Hyperparameter Analysis
As shown in Tab. 2, a series of ablation studies on the ARC-
TIC dataset systematically validates the effectiveness of the
core designs in MoEG-HOI. First, the design of HSE is vali-
dated via a cumulative ablation strategy. The results demon-
strate that sequentially removing the hierarchical semantic
guidance (w/o refine text), the expert group structure (+ w/o
expert group), and the hierarchical size (+ w/o hierarchical
size) causes a continuous and steady decrease in key metrics
such as FID. This outcome indicates that each design ele-
ment within the HSE is crucial for the final performance.

Next, for the effectiveness of ANR, replacing the pro-
posed decoupled encoding strategy with a naive feature
concatenation (w/o independent balance) degrades perfor-
mance, especially the CR (0.920 vs. 0.833). Furthermore,
removing either the action-aware (w/o action router) or
noise-aware (w/o timestep router) components results in a
performance drop, causing the FID to worsen from 0.726
to 0.974 and 0.820, respectively. These results confirm the
necessity of each component in the router design. In addi-
tion, Fig. 5 visualizes the learned expert activation on ARC-
TIC dataset. It clearly shows that different actions (rows)
activate diverse combinations of experts, confirming action-
aware specialization. Concurrently, the activation dynami-
cally evolves as the diffusion timestep decreases, indicating
noise-aware adaptation to the generation process.

Moreover, MoEG-HOI is compared against a generic
baseline, DiT-MoE (Fei et al. 2024). The results show that
our method achieves advantages in all metrics, especially in
FID (0.726 vs. 0.971), which confirms MoEG-HOI is a bet-
ter design for the HOI task compared to a generic MoE.

Finally, we analyze the key hyperparameters for the expert
design, as shown in Tab. 3. The results indicate that varying
either the number (M=2 or 4) or the maximum dimension
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Figure 5: Visualization of expert activations on ARCTIC
dataset. The activation patterns across different actions
(rows) and their dynamics across diffusion timesteps pro-
vide clear visual evidence for the effectiveness of our ANR
in learning specialized expert roles.

(dmax=512 or 2048) of experts per group from our final set-
ting (M=3, dmax=1024) leads to a general degradation in
performance in almost all metrics, which validates that our
current parameter is an effective configuration.

5 Conclusion and Future Work
In this paper, we propose MoEG-HOI, a novel one-stage
framework that, for the first time, introduces the MoE archi-
tecture to 3D HOI motion generation. The proposed method
features a Hierarchical Semantics-guided Experts that mir-
rors the hand’s articulated structure and a dynamic Action
and Noise Aware Router for specialized expert selection. Ex-
tensive experiments on three datasets demonstrate that our
task-specific design can effectively tackle the fine-grained
complexity of end-to-end HOI generation.

A limitation of the current method is its focus on generat-
ing single-action interactions. Future work will explore scal-
ing our MoE approach to generate complex, long-horizon
motion sequences, bridging the gap between single-action
generation and compositional task execution.
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