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Abstract

Generating high-quality human interactions holds significant
value for applications like virtual reality and robotics. How-
ever, existing methods often fail to preserve unique individ-
ual characteristics or fully adhere to textual descriptions. To
address these challenges, we introduce InterMoE, a novel
framework built on a Dynamic Temporal-Selective Mixture
of Experts. The core of InterMoE is a routing mechanism that
synergistically uses both high-level text semantics and low-
level motion context to dispatch temporal motion features to
specialized experts. This allows experts to dynamically de-
termine the selection capacity and focus on critical temporal
features, thereby preserving specific individual characteristic
identities while ensuring high semantic fidelity. Extensive ex-
periments show that InterMoE achieves state-of-the-art per-
formance in individual-specific high-fidelity 3D human inter-
action generation, reducing FID scores by 9% on the Inter-
Human dataset and 22% on InterX.

Code — https://github.com/Lighten001/InterMoE
Extended version — https://arxiv.org/abs/2511.13488

1 Introduction
The generation of realistic and expressive Human Interac-
tion has emerged as an important research area, propelled by
rapid advancements in motion synthesis techniques. Faith-
fully modeling the complex joint motion between two in-
dividuals is crucial for a multitude of downstream applica-
tions, including but not limited to computer animation, vir-
tual reality, and game development.

Recent works have made significant progress in genera-
tive human interaction. Some work (Liang et al. 2024; Javed,
Li et al. 2025) uses cross-attention to fuse features between
interacting individuals. However, the subsequent uniform
processing of these fused features by standard feed-forward
networks (FFNs) tends to suppress individual characteris-
tics, resulting in homogenized motions. An alternative ap-
proach (Li et al. 2024; Wang et al. 2025) concatenates indi-
vidual features to jointly generate motion for both individu-
als; however, this method often suffers from identity confu-
sion due to the absence of explicit identity constraints, which
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can cause characters to swap roles or positions during inter-
action erroneously.

To address the core challenge of preserving distinct iden-
tities, we argue that the inherent complexity of simultane-
ously modeling individual-specific characteristics and the
joint motion between persons necessitates a modular ap-
proach handled by specialized sub-modules. We identify the
Mixture of Experts (MoE) architecture (Shazeer et al. 2017;
Lepikhin et al. 2020) as a promising paradigm for this pur-
pose. By design, MoE enables differentiated expert alloca-
tion by routing inputs based on their distinct motion char-
acteristics, allowing for the development of specialists for
each individual’s unique motion patterns. This approach nat-
urally mitigates identity confusion and homogenization. Pre-
vailing MoE routing strategies fall into two main categories.
In the Token-Choice paradigm (Fei et al. 2024), each token
selects a fixed number of experts for processing. However,
this uniform assignment fails to account for the varying im-
portance across temporal features. The second category is
Expert-Choice (Sun et al. 2024), where experts select a fixed
number of the most salient tokens. Yet, this fixed-capacity
approach can limit expert utility, especially when modeling
complex interactions.

In this work, we propose InterMoE, a novel framework
that introduces a Dynamic Temporal-Selective MoE to gen-
erate high-fidelity, individual-specific 3D human interac-
tions. Our framework is built upon two key innovations: a
Synergistic Router that directs information based on both
semantic and kinematic cues, and a Dynamic Temporal-
Selection mechanism that empowers experts to focus on crit-
ical temporal features. Specifically, the Synergistic Router
leverages both high-level semantics from text and low-level
kinematic features to guide routing decisions. This dual
guidance ensures information is dispatched to the most ap-
propriate experts, strengthening the alignment between the
textual description and the generated motion. Building on
this, the Dynamic Temporal-Selection mechanism enables
each expert to dynamically determine the selection capacity
and proactively identify the most salient temporal features,
which effectively addresses the non-uniform temporal im-
portance of the interactive motion sequence.

In summary, our contributions are as follows:

• We propose InterMoE, a novel diffusion-based MoE
framework for text-driven 3D human interaction gen-
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Figure 1: Compared with conventional MoE mechanisms, Token-Choice inaccurately generates the “extends” action, and
Expert-Choice has low overall kinematic quality. Our framework leverages the Synergistic Router and Dynamic Temporal
Selection mechanism to generate 3D human interactions that exhibit both high semantic fidelity and robust preservation of
individual-specific characteristics.

eration, achieving notable improvements in individual-
specific characteristics, semantic fidelity, and overall
quality of interaction.

• We introduce the Dynamic Temporal-Selective MoE, a
new paradigm tailored for generating 3D human inter-
actions. It leverages a Synergistic Router that leverages
both semantic and kinematic features for precise routing,
and a Dynamic Temporal-Selection mechanism that em-
powers experts to dynamically focus on critical temporal
features across varying noise levels.

• We conduct extensive experiments to demonstrate the
effectiveness of our proposed framework. Furthermore,
competitive results on the single-human motion genera-
tion task validate its strong generalization.

2 Related Works
Human Motion Generation Synthesizing single-person
motion has gained interest, driven by large motion cap-
ture datasets and advancements in generative modeling tech-
niques like Diffusions (Tevet et al. 2023; Tseng, Castellon,
and Liu 2023; Zhang et al. 2024a; Chen et al. 2023a; Kong
et al. 2023; Lou et al. 2023; Zhang et al. 2024b) and Autore-
gressive models (Guo et al. 2022b; Zhang et al. 2024c; Jiang
et al. 2023; Lucas et al. 2022; Gong et al. 2023; Pinyoa-
nuntapong et al. 2024). Recent works have explored vari-
ous motion representations. TM2T (Guo et al. 2022b) ap-
plies VQ-VAE (van den Oord, Vinyals, and Kavukcuoglu
2017) to human motion data. MoMask (Guo et al. 2024) re-
duced quantization errors via residual quantization. While

MotionStreamer (Xiao et al. 2025) introduces a causal con-
volution to enforce temporal causality. SALAD (Hong et al.
2025) utilizes skeletal graph convolution to capture the spa-
tial structure of human movement. Our work is motivated by
these prior studies.

Human Interaction Generation Compared to single-
human motion generation, human interaction generation is
more challenging, as it requires accurately modeling interac-
tions between individuals. Recently, ComMDM (Shafir et al.
2024) trained a small neural network to bridge two single-
person motion diffusion model copies on a limited interac-
tion dataset. InterGen (Liang et al. 2024) introduced a large-
scale text-annotated two-person interaction dataset. And it
proposed an interaction diffusion model that simultaneously
denoises both individuals’ motions. The in2IN (Ruiz-Ponce
et al. 2024) further advances the field by introducing a diffu-
sion model that conditions motion generation not only on
overall interaction descriptions but also on individual ac-
tions. InterMask (Javed, Li et al. 2025) employs a spatial-
temporal transformer to autoregressively generate interac-
tions. TIMotion (Wang et al. 2025) models temporal and
interactive dynamics in interactions. Although the above-
mentioned methods have achieved promising results, they
still show limitations in differentiating the identity-specific
characteristics of each individual and remain semantically
faithful.

Mixture-of-Experts Mixture-of-Experts (Shazeer et al.
2017; Lepikhin et al. 2020) paradigm has become a pow-
erful and efficient strategy for scaling models while main-
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Figure 2: The overall framework of the InterMoE. (a) Causal-Skeletal VAE to encode/decode individual motions; (b) Two
Cooperative MoE Denoisers to interactively perform denoising; (c) Our proposed Synergistic Router and Dynamic Temporal-
Selective Expert mechanism. The router guides multiple experts to select and process critical temporal features of the motion
sequence dynamically.

taining manageable computational costs by selectively ac-
tivating expert subsets. This approach has made remark-
able success in Large Language Models and multimodal
large models, such as (DeepSeek-AI et al. 2024; MiniMax
et al. 2025; Chen et al. 2023b; Muennighoff et al. 2024).
Recent works have explored incorporating MoE architec-
tures into diffusion models. MEME (Lee et al. 2023), eDiff-
I (Balaji et al. 2022), and ERNIE-ViLG 2.0 (Feng et al.
2023) restrict expert selection to a specific timestep. Seg-
MoE (Yatharth Gupta and Jaddipal 2024) and DiT-MoE (Fei
et al. 2024) suffer from significant expert utilization imbal-
ance due to isolated token processing. While EC-DiT (Se-
hwag et al. 2024; Sun et al. 2024) dispatch consequential
tokens to each expert. Su (Su 2025) proposes a loss-free dy-
namical routing method. DiffMoE (Shi et al. 2025) utilizes
a batch-level global token pool and dynamically adapting
computation. Our work is informed by the foundation laid
by these prior studies.

3 Methods
We target the task of text-driven synthesis of 3D human in-
teraction. Given a textual description, our model generates
a set of motion sequences mi, i ∈ {1, 2}, where mi rep-
resents the 3D motion for an individual i. Each 3D mo-
tion mi ∈ RT×J×d is composed of T frames, with each
frame describing a pose via J joints, each represented by
a d-dimensional feature vector. The overall pipeline of our
framework is illustrated in Figure 2. In this section, we first
briefly introduce the Causal-Skeletal VAE and the Coop-
erative MoE Denoiser used in the diffusion model in sec-
tion 3.1. Then we give a detailed explanation of the core

MoE design in section 3.2.

3.1 Interaction Latent Diffusion
Causal-Skeletal VAE Recent works have demonstrated
the efficacy of applying the graph convolution to the hu-
man joint topology for extracting skeletal features (Hong
et al. 2025), while the causal convolutions preserve tem-
poral causality and enable efficient encoding of sequential
data (Yu et al. 2023). Building upon these findings, we de-
vise a hierarchical encoder-decoder architecture to embed
the single-person motion. As shown in Figure 2(a), we first
use skeletal convolutions to capture the complex intra-frame
human joint dependencies. The resulting then fed into a
causal convolution to model the inter-frame temporal dy-
namics and causal relationships. Finally, a pooling layer
compresses these skeletal-temporal features into a compact
representation. This design yields a lightweight yet highly
efficient representation for our motion VAE.

Specifically, when feeding motion embeddings into the
denoising network, we flatten the joint dimensions the same
as InterGen (Liang et al. 2024) (i.e., reshape mori

i ∈ RT×J×d

to mi ∈ RT×Dm , where Dm = J × d).

Cooperative MoE Denoiser The architecture of our de-
noising network inherits the design of InterGen (Liang et al.
2024). It utilizes two share-weight cooperative Denoisers to
process the human interaction. Each denoiser is composed of
a series of transformer blocks. As shown in Figure 2(b), each
block contains three core components: (1) a Self-Attention
Layer to model intra-individual temporal relationships; (2)
a Cross-Attention Layer that conditions on the motion fea-
tures of the interaction partner to model inter-individual dy-

2139



namics; (3) and our proposed MoE Block. Furthermore, we
integrate the denoising timestep and text-conditional infor-
mation into the network via Adaptive Layer Normalization
before all attention layers and the MoE Block.

3.2 InterMoE
Prior work (Wang et al. 2025) has shown that relying solely
on cross-attention mechanisms is often insufficient for pre-
serving distinct identities in human interaction synthesis. To
overcome this limitation and to enhance the overall qual-
ity and semantic fidelity of generated sequences. Here, we
introduce the core of InterMoE, which consists of two key
components: the Synergistic Router and the Dynamic Tem-
poral Selection. These components enable the generation of
high-fidelity identity-preserving 3D human interaction.

Synergistic Router As shown in Figure 2(b) and 2(c), our
synergistic router operates on the motion features mi and
the text condition ct. We employ a motion router to gener-
ate routing logits based on the unique kinematic signatures
of each individual. Concurrently, a parallel text router takes
the text features as input and computes the semantic routing
logits.

Furthermore, we identify that an instance-centric routing
scope prevents routers from perceiving the heterogeneity of
noise levels across different samples in a batch and hinders
the discovery of global motion patterns. To overcome this,
we introduce a batch-level routing strategy. Specifically, we
flatten the input motion feature along its batch dimension
(i.e., reshape mi ∈ RB×T×Dm to mflat

i ∈ RS×Dm , where
S = B × T ) to create a batch-level temporal feature pool.
Then calculate the routing logits Re for each expert e. Note
that mflat

i = [mflat
s,i], s ∈ {1, . . . , S}, we have

Rmotion
e,s,i = Routermotion

e (mflat
s,i), m

flat
s,i ∈ R1×Dm (1)

Rtext
e = Routertext

e (ct), ct ∈ R1×Dt (2)

These two sets of logits are subsequently fused via a
weighted summation to produce the final logits Rcomb

e,s,i .

Rcomb
e,s,i = αRmotion

e,s,i + (1− α)Rtext
e (3)

In experiments, we set α = 0.5. Through this design, routers
are guided by both individual-specific dynamics and high-
level semantic intent. By utilizing a batch-level temporal
feature pool, the router can perform a more nuanced anal-
ysis of motion features and fully leverage the information
inherent to different noise levels during allocation.

Dynamic Temporal Selection The conventional Token-
Choice paradigm treats all tokens uniformly, which over-
looks the non-uniform salience of temporal features in in-
teractive motion sequences. To address this, we propose a
Dynamic Temporal Selection mechanism, as shown in Fig-
ure 2(c). This mechanism empowers each expert to proac-
tively select critical tokens from the entire batch-level tem-
poral feature pool for processing. Furthermore, we remove
constraints on each expert to a fixed capacity of selecting
top-K features. Instead, we introduce a dynamic selection
mechanism. Specifically, within each MoE module of our

network, we associate every expert with a learnable bias pa-
rameter be. Notably, each Cooperative MoE Denoiser is ded-
icated to processing a single individual within the interac-
tion, so omitting the annotation i for different individuals,
we have:

Me,s = sigmoid(Rcomb
e,s ) + be (4)

Ae,s = softmax(Rcomb
e,s ) (5)

Ge,s =

{
Ae,s, Me,s > 0,

0, otherwise.
(6)

where Ge,s is the final gating weight, Me,s determines to
select this feature or not for experts. Since the sigmoid
function maps values to (0, 1), this bias be is constrained in
(−1, 0), which determines the number of features that the
expert e will process, where a larger bias (i.e., a value closer
to 0) corresponds to a higher capacity. Critically, these bias
parameters be are optimized during training. With Kexp

e as a
hyperparameter, in a training step, we count the number of
selected features Kselect

e for each expert:

Kselect
e = Count(Me,s > 0), s ∈ {1, ..., S}. (7)

After this training step, we update bias be as:

∆be = sign(Kselect
e −Kexp

e ) (8)
be ← be − σ ∆be (9)

In experiments, we set σ = 1× e−4, As training converges,
the ∆be term is driven toward zero, ensuring that E(Kselect

e )
approximates to Kexp

e , which facilitates a dynamic but stable
allocation. Finally, we obtain the output feature mout

s from
the MoE block:

mout
s =

N∑
e=1

Ge,sE(ms), ms ∈ R1×D, s ∈ {1, . . . , S}.

(10)

This design enables each expert to dynamically determine
the feature selection capacity and select their preferred tem-
poral motions across all sequences within the entire batch.
This global perspective yields a dual advantage: First, it en-
dows the experts with noise-level awareness, enabling more
robust feature selection at different denoising stages during
inference. Second, it significantly enhances the experts’ abil-
ity to identify universally critical temporal features through
exposure to a more diverse set of motion samples.

4 Experiments
4.1 Experimental Setup
Datasets We adopt two datasets to evaluate our method
for the text-conditioned human interaction generation task:
InterHuman (Liang et al. 2024) and InterX (Xu et al.
2024). The InterHuman dataset contains 7,779 interac-
tion sequences, and InterX contains 11,388, each paired
with 3 distinct textual annotations. InterHuman follows the
AMASS (Mahmood et al. 2019) skeleton representation
with 22 joints, including the root joint. Each joint is rep-
resented by {pos, vec, rot}, where pos ∈ R3 is the global
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They are training in fencing, the first person strikes forward and the other retreats to avoid the attack

Two people are engaging in a tug-of-war

Two engage in a taekwondo while moving in a circular pattern

Figure 3: Qualitative comparisons with TIMotion (2025) and InterMask (2025). Arrowed lines mark the trajectories of motion,
Red circles indicate key actions that align with the text, and Purple boxes highlight the identity confusion error.

position, vec ∈ R3 is the global velocity, and rot ∈ R6 is the
local 6D rotation of each joint, rendering mp ∈ RN×22×12.
InterX follows the SMPL-X (Pavlakos et al. 2019) skeleton
representation, comprising 55 body, hands, and face joints.
Each joint is represented by {pos, vec, rot}where pos ∈ R3

is the global position, vec ∈ R3 is the global velocity, and
rot ∈ R6 is the local 6D rotation of each joint, rendering
mp ∈ RN×55×12.

Metrics We employ the same evaluation metrics as
T2M (Guo et al. 2022a) and InterGen (Liang et al. 2024),
which are as follows: (1) Frechet Inception Distance (FID).
(2) R-Precision. (3) Diversity. (4) Multimodality (MModal-
ity). (5) Multi-modal distance (MM Dist).

Implementation Details Our framework was trained on
two NVIDIA RTX3090 GPUs. We used the AdamW opti-
mizer with betas of (0.9, 0.999), a weight decay of 2×10−5,
a maximum learning rate of 1 × 10−4, and a cosine LR
schedule with 10 linear warm-up epochs. For InterHuman
dataset, the VAE was trained for 100 epochs with batch size
of 256, and the denoiser was trained for 1000 epochs with
batch size of 64, respectively. For Inter-X dataset, the VAE
was trained for 500 epochs with batch size of 256, and the
denoiser was trained for 2000 epochs with batch size of 64,

respectively. We trained the denoiser with 1000 diffusion
steps, employing 50 steps for DDIM sampling during infer-
ence. For the CFG weight, we set w = 3.5 unless mentioned
otherwise.

4.2 Comparative Experiments
Quantitative Results Table 1 shows quantitative compar-
isons of our InterMoE with previous methods on both In-
terHuman and InterX datasets. Following established prac-
tices (Liang et al. 2024; Zhang et al. 2023), each experi-
ment is conducted 20 times, and the reported metric values
represent the mean with a 95% statistical confidence inter-
val. Our framework achieves state-of-the-art results on both
InterHuman and InterX datasets. It records the lowest FID
scores (4.677 on InterHuman and 0.297 on InterX), indicat-
ing superior realism and quality of generated interactions,
and leads in R-Precision and MM-Dist, showing excellent
semantic-fidelity. While our MultiModality is slightly lower
than some methods, the high R-Precision and low MM-Dist
emphasize that InterMoE prioritizes adherence to text over
extreme diversity.

Qualitative Comparisons In Figure 3, we provide a qual-
itative comparison of interaction sequences generated by our
InterMoE and prior state-of-the-art methods for the same
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Datasets Methods R-Precision ↑ FID ↓ MM-Dist ↓ Diversity → Multi
Modality ↑Top-1 Top-2 Top-3

Inter
Human

Real motion 0.452±.008 0.610±.009 0.701±.008 0.273±.007 3.755±.008 7.948±.064 -

T2M (2022a) 0.238±.012 0.325±.010 0.464±.014 13.769±.072 5.731±.013 7.046±.022 1.387±.076

MDM (2023) 0.153±.012 0.260±.009 0.339±.012 9.167±.056 7.125±.018 7.602±.045 2.350±.080

ComMDM (2024) 0.223±.009 0.334±.008 0.466±.010 7.069±.054 6.212±.021 7.244±.038 1.822±.052

InterGen (2024) 0.371±.010 0.515±.012 0.624±.010 5.918±.079 5.108±.014 7.387±.029 2.141±.063

MoMat-MoGen (2024) 0.449±.004 0.591±.003 0.666±.004 5.674±.085 3.790±.001 8.021±.35 1.295±.023

in2IN (2024) 0.425±.008 0.576±.008 0.662±.009 5.535±.120 3.803±.002 7.953±.047 1.215±.023

InterMask (2025) 0.449±.004 0.599±.005 0.683±.004 5.154±.061 3.790±.002 7.944±.033 1.737±.020

TIMotion (2025) 0.491±.005 0.648±.004 0.724±.004 5.433±.080 3.775±.001 8.032±.030 0.952±.032

Ours 0.512±.004 0.671±.004 0.746±.004 4.677±.069 3.762±.001 7.990±.029 0.964±.028

InterX

Real motion 0.429±.004 0.626±.003 0.736±.003 0.002±.0002 3.536±.013 9.734±.078 -

T2M (2022a) 0.184±.010 0.298±.006 0.396±.005 5.481±.382 9.576±.006 2.771±.151 2.761±.042

MDM (2023) 0.203±.009 0.329±.007 0.426±.005 23.701±.057 9.548±.014 5.856±.077 3.490±.061

ComMDM (2024) 0.090±.002 0.165±.004 0.236±.004 29.266±.067 6.870±.017 4.734±.067 0.771±.053

InterGen (2024) 0.207±.004 0.335±.005 0.429±.005 5.207±.216 9.580±.011 7.788±.208 3.686±.052

InterMask (2025) 0.403±.005 0.595±.004 0.705±.005 0.399±.013 3.705±.017 9.046±.073 2.261±.081

TIMotion (2025) 0.412±.004 0.601±.004 0.714±.003 0.385±.022 3.706±.015 9.191±.092 2.437±.069

Ours 0.427±.003 0.612±.004 0.721±.004 0.297±.015 3.605±.016 9.109±.083 2.446±.069

Table 1: Quantitative evaluation results on the test sets of InterHuman and Inter-X datasets. ↑ and ↓ denote that higher and lower
values are better, respectively, while→ denotes that the values closer to the real motion are better. We run the evaluations 20
times. ± indicates a 95% confidence interval.

text descriptions. Given the prompt “They are training in
fencing, the first person strikes forward and the other re-
treats to avoid the attack”, existing methods like TIMo-
tion exhibit significant identity confusion. Furthermore, both
TIMotion and InterMask fail to render distinct offensive and
defensive hand gestures or the precise forward and back-
ward movements. In the “Two people are engaging in a tug-
of-war” scenario, our InterMoE accurately synthesizes the
hand-gripping-rope posture and the backward-leaning mo-
tion, whereas competitors fail to produce the correct kine-
matically plausible action. For a complex, 10-second inter-
action, “Two engage in a taekwondo while moving in a cir-
cular pattern”, InterMoE not only generates coherent spar-
ring motions but also strictly adheres to the specified circu-
lar movement pattern. In contrast, TIMotion and InterMask
disregard this moving constraint, producing only stationary
sparring. Collectively, these examples demonstrate that In-
terMoE generates higher-quality interactions with more pre-
cise semantic alignment and clearer individual-specific char-
acteristics compared to prior methods.

4.3 Ablation Studies and Analysis
Main Ablation We begin by analyzing the impact of each
key component. For a fair comparison, we define the base-
line as the InterGen framework integrated with the Causal-
Skeletal VAE (CS-VAE). As shown in Table 2, we first vali-
date the contributions of our Synergistic Router design. Re-
moving the parallel motion and text Router leads to a decline
in both R-Precision and FID, demonstrating that our dual
router design is crucial for enhancing semantic fidelity and
generation quality. More notably, when batch-level routing

Methods R-Precision
Top-1 FID ↓ MM-Dist ↓

Baseline
(InterGen w/ CS-VAE) 0.489±.006 5.251±.0863.771±.001

Synergistic Router
w/o Motion & Text Router 0.503±.003 4.782±.0663.766±.001

w/o Batch-level Routing 0.492±.006 6.036±.0723.774±.001

Dynamic Temporal Selection
w/o Dynamic Selection 0.498±.005 6.242±.0703.772±.001

w/o Temporal-Selective 0.505±.006 5.195±.0703.767±.001

Ours Full 0.512±.004 4.677±.069 3.762±.001

Table 2: Ablation study results on the InterHuman test set to
verify key components of our InterMoE.

is disabled and routing decisions are confined to the instance
level, the FID score degrades significantly. This strongly
substantiates that enabling the router to perceive and lever-
age global batch information is indispensable for learning
a high-quality generative distribution. Next, we evaluate
our temporal-selective expert mechanism. Disabling the dy-
namic selection and reverting to a fixed top-K features per
expert also results in a substantial drop in FID, highlighting
the superiority of learnable expert capacities. When remov-
ing the temporal-selective mechanism by uniformly assign-
ing experts, its FID score is substantially worse. This perfor-
mance gap highlights the critical importance of empower-
ing experts to proactively select temporal features. Our full
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MoE Type R-Precision Top-1 ↑ FID ↓ MM-Dist ↓

Token Choice 0.505±.006 5.095±.070 3.766±.001

Expert Choice 0.441±.021 8.699±.140 3.796±.001

Ours 0.512±.004 4.677±.069 3.762±.001

Table 3: Ablation results of the MoE type.

Expert
Number

Total
Params

R-Precision
Top-1 ↑ FID ↓ MM-Dist ↓

None
(InterGen) 182M 0.371±.010 5.918±.079 5.108±.014

4 164M 0.494±.006 5.114±.074 3.773±.001

8 240M 0.512±.004 4.677±.069 3.762±.001

16 391M 0.507±.005 4.970±.090 3.767±.003

Table 4: Ablation results of the expert number.

framework achieves the best performance across all metrics.
These results indicate that our proposed Synergistic Router
and Dynamic Temporal Selection mechanisms are not only
effective individually but also work cooperatively to elevate
the quality and fidelity of the generated interactions.

MoE Analysis We conduct a detailed analysis of the Mix-
ture of Expert design, investigating the impact of different
MoE paradigms, the number of experts, and different hy-
perparameters on InterHuman test dataset. The results are
summarized in Table 3, 4, and 5.

We compare our proposed MoE against two other con-
ventional MoE paradigms: Token-Choice (TC) and Expert-
Choice (EC). As shown in 3, the results indicate that the
standard EC paradigm struggles to effectively leverage the
contextual information from the diffusion process during as-
signment and is limited in fully leveraging the capabilities of
the experts. The TC paradigm, by assigning a fixed number
of experts to each token, provides a stronger baseline. Our
proposed method substantially outperforms both standard
paradigms. The significant improvement in FID demon-
strates the powerful capability of our Synergistic Router and
Dynamic Temporal Selection mechanisms in enhancing the
quality of the generated interaction.

We further investigate the trade-off of expert numbers as
shown in Table 4. Our MoE paradigm with a small number
of experts yields substantial improvements across all metrics
compared to the dense baseline (InterGen). Increasing the
number of experts to 8 further boosts performance, achiev-
ing the best results on all metrics. However, doubling the
experts to 16 results in a slight degradation in performance
across all metrics. This suggests that a larger number may
introduce redundancy or require more extensive training.

We also investigate the impact of the hyperparameter
Kexp

e , mentioned in Section 3.2. Annotating the expectation
of the number of experts allocated per feature as Cexp, we
use the value of Cexp to represent the distinction for differ-
ent settings of Kexp

e following common practice by setting

Kexp
e =

Cexp × Sequence Length
Expert Number

Cexp R-Precision Top-1 ↑ FID ↓ MM-Dist ↓

0.8 0.510±.006 4.933±.075 3.766±.001

1 0.512±.004 4.677±.069 3.762±.001

2 0.517±.007 4.878±.073 3.765±.001

Table 5: Ablation results of the expectation of the number of
experts allocated per feature Cexp.

Methods R-Precision
Top 1 ↑ FID ↓ MM-Dist ↓

Real motion 0.511±.003 0.002±.0002.974±.008

MDM (2023) 0.320±.005 0.544±.0445.566±.027

+ Ours 0.434±.006 0.483±.031 2.649±.009

MLD (2023a) 0.481±.003 0.473±.0133.196±.010

+ Ours 0.493±.002 0.398±.010 3.138±.011

SALAD (2025) 0.581±.003 0.076±.0022.649±.009

+ Ours 0.586±.003 0.069±.002 2.632±.008

Table 6: Quantitative results on the HumanML3D test set,
demonstrate the generalization of our InterMoE framework.

as shown in Table 5, our model achieves the best perfor-
mance on both FID and MM-Dist metrics when Cexp = 1,
indicating optimal generation quality and diversity at this
setting. Increasing Cexp to 2 yields a marginal improve-
ment in R-Precision (text-motion alignment) but degrades
the more critical FID score. This may be because forcing
more experts to process the same feature can lead to re-
dundancy, while also incurring higher computational costs.
Conversely, decreasing Cexp to 0.8 also yields degradation,
which suggests that a too sparse allocation provides insuf-
ficient modeling capacity to fully capture the complexity of
the target interaction.

Single Human Motion Generation To investigate the
generalizability of our framework, we integrated our Dy-
namic Temporal-Selective MoE paradigm into classic
diffusion-based models for single-person motion generation
while other hyperparameters remain unchanged. The exper-
imental results, summarized in Table 6, strongly support this
hypothesis. Upon incorporating our MoE, all baseline mod-
els exhibit a consistent and significant performance boost.

5 Conclusion
In this paper, we present InterMoE, a novel framework for
generating 3D human interactions. The core of our work is
a new dynamic temporal-selective MoE paradigm. By inte-
grating the Synergistic Router and Dynamic Temporal Se-
lection mechanism, InterMoE achieves significant improve-
ments in both individual-specific characteristics and seman-
tic fidelity. Comprehensive experiments demonstrate that In-
terMoE surpasses existing state-of-the-art models on sev-
eral key metrics. Moreover, the excellent performance of our
MoE paradigm on single-person tasks underscores the gen-
eralizability and broad potential of our framework.
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