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InterMamba: Efficient Human-Human Interaction
Generation With Adaptive Spatio-Temporal Mamba

Zizhao Wu , Yingying Sun, Yiming Chen, Xiaoling Gu , Ruyu Liu , and Jiazhou Chen

Abstract—Human-human interaction generation has garnered
significant attention in motion synthesis due to its vital role in
understanding humans as social beings. However, existing meth-
ods typically rely on transformer-based architectures, which often
face challenges related to scalability and efficiency. To address
these challenges, we propose InterMamba, a novel and efficient
human–human interaction generation method built on the Mamba
framework, designed to capture long-sequence dependencies effec-
tively while enabling real-time feedback. Specifically, we introduce
an adaptive spatio-temporal Mamba framework that utilizes two
parallel SSM branches with an adaptive mechanism to integrate
the spatial and temporal features of motion sequences. To fur-
ther enhance the model’s ability to capture dependencies within
individual motion sequences and the interactions between differ-
ent individual sequences, we develop two key modules: the self
adaptive spatio-temporal Mamba module and the cross adaptive
spatio-temporal Mamba module, enabling efficient feature learn-
ing. Extensive experiments demonstrate that our method achieves
the state-of-the-art results on both two interaction datasets with re-
markable quality and efficiency. Compared to the baseline method
InterGen, our approach not only improves accuracy but also re-
duces the parameter size to just 66 M (36% of InterGen’s), while
achieving an average inference speed of 0.57 seconds, which is 46%
of InterGen’s execution time.

Index Terms—Human-Human Interaction, Human Motion
Synthesis, Text-driven Motion Generation, Mamba.

I. INTRODUCTION

HUMAN-HUMAN interaction generation (HHI) is a cru-
cial component in many graphics and vision applications,

such as gaming, virtual simulation, and embodied AI. In recent
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years, with the rapid development of deep generative mod-
els [47], [50], [53], particularly diffusion models [16], significant
progress has been achieved for single-person human motion gen-
eration in terms of controllability [20], [48], diversity [12], and
quality [56]. Building on these advancements, researchers have
begun exploring more complex, interaction-centered human
motion generation [24], [41], [42], including Human-Human
interaction generation.

Compared to single-human motion generation, human-human
interaction generation is more challenging, as it requires simul-
taneously ensuring high-quality individual motion generation
while accurately modeling interactions between individuals.
To address these issues, significant efforts have been made,
leading to notable progress. For example, InterGen [24] in-
troduces a diffusion-based transformer framework, where each
individual’s latent features are conditioned on those of others
through cross-attention mechanisms that share weights, yielding
promising results. ComMDM [42] employs lightweight neu-
ral layers to bridge pre-trained single-person motion diffusion
models, effectively enabling multi-person interaction modeling.
InterMask [18] proposes a masked VQVAE framework for
the task in the discrete space by utilizing the VQVAE [47]
and Inter-M transformer. However, we note that most existing
methods are built upon the Transformer architecture. While
Transformer-based approaches effectively model intricate con-
textual relationships, benefiting from their powerful attention
mechanism, they also inherit the drawback of quadratic com-
plexity, which limits their scalability and efficiency for long se-
quences. Although various techniques such as windowing [29],
sliding [33], sparsification [39], hashing [31], Ring Atten-
tion [26], and Flash Attention [5]—or their combinations—have
been introduced to mitigate the quadratic complexity of the
Transformer, it remains a bottleneck in terms of scalability and
efficiency.

Recently, Structured State Space Models (SSMs) have gained
attention for their efficiency and effectiveness in handling long
sequences. Mamba [9], [10], building on this foundation, offers
a promising solution for capturing long-range dependencies by
introducing input selectivity and leveraging the scan method.
Unlike transformers, which scale quadratically with sequence
length, Mamba achieves linear or near-linear complexity while
maintaining strong performance on extended sequences. This
advantage has positioned it as a leading approach in continuous
long-sequence analysis, delivering the state-of-the-art results in
areas like natural language processing and computer vision.
Therefore, it is natural to introduce Mamba into the human
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In this paper, we introduce an efficient human-to-human interaction generation method based on the Mamba framework, designed to achieve real-time,
high-fidelity, text-driven dual-person motion synthesis.

motion generation paradigm to solve the scalability problem
of existing transformer-based methods.

However, directly applying the existing Vanilla Mamba to our
human-human interaction framework presents the following two
challenges: Firstly, the vanilla Mamba module is specialized in
1D sequence modeling; how to extend it to process the spatio-
temporal 3D motion sequences remains a challenge. The key lies
in achieving an accurate fusion of spatio-temporal features while
maximizing efficiency. Secondly, due to the complex interac-
tions between human motions, another critical challenge is how
to extend Mamba to model intricate multi-person interactions
and communication effectively.

To tackle the above challenges, we propose InterMamba,
an Adaptive Spatio-Temporal Mamba (ASTM) framework for
human–human interaction generation. InterMamba leverages
SSM operations along both temporal and spatial dimensions,
with adaptive parameters that dynamically adjust their re-
spective contributions, thereby achieving high scalability and
efficiency in modeling the context of long-range sequences.
To achieve precise and efficient modeling of spatiotemporal
single-person motion sequences and complex human-to-human
motion interactions, we propose a Self-ASTM module and a
Cross-ASTM module, respectively. Specifically, the Self-ASTM
captures long-range dependencies within individual characters
by leveraging attention-based spatio-temporal Mamba, while
the Cross-ASTM explicitly establishes connections between
paired individuals and facilitates interaction-aware information
exchange through the Local Interaction Information Aggrega-
tion (LIIA).

We conduct our experiments on two famous benchmark
datasets: InterHuman [24] and InterX [52], and the results have
demonstrated that our approach achieves superior performance
and lower computational footprint (as shown in Fig. 1), setting
new precedents for efficient, scalable human-human interaction
generation.

In summary, we make the following three contributions in this
paper:
� We propose InterMamba, a novel Mamba-based frame-

work for human-to-human interaction generation. By
leveraging adaptive spatio-temporal SSMs, our approach

Fig. 1. This figure presents a comparative analysis of different methods on
the Interhuman dataset in terms of R-Precision (Top-1) and inference time, with
the bubble size indicating the number of model parameters. From the figure,
our InterMamba and InterMamba (UltraLight), which are highlighted in a red
dashed box, achieve superior performance compared to other methods.

effectively captures long-range spatial and temporal de-
pendencies, providing a highly efficient framework for
modeling complex interactions.

� We explore the Self-ASTM and the Cross-ASTM modules,
which are specifically designed to capture long-range de-
pendencies within individual motion sequences and model
the intricate interactions between individuals, respectively.

� Our method achieves the state-of-the-art results, demon-
strating significant improvements in both generation qual-
ity and real-time efficiency.

II. RELATED WORK

In this section, we briefly review relevant literature on single-
human motion generation, human-human interaction genera-
tion, as well as SSMs.

A. Single-Human Motion Generation

Single-human Motion Generation involves synthesizing sin-
gle human movements based on various control conditions, in-
cluding past motions [15], [30], [35], [50], music [1], [22], [46],
action labels [13], [37], scenes [3], [48], and text [11], [20], [23],
[40]. Among these conditions, text-driven motion generation
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has gained significant attention due to its ability to provide a
more intuitive and accessible way to represent human intent.
Methods like MotionCLIP [44] integrate CLIP-based seman-
tic knowledge into motion representations, while approaches
such as TEMOS [38] and T2M [12] employ Transformer-based
VAEs to generate motion from textual descriptions. Further ad-
vancements, including AttT2M [62] and TM2D [8], incorporate
spatial-temporal body-part encoders into VQ-VAE to enhance
the expressiveness of discrete motion representations.

Recently, diffusion models have emerged as a dominant
paradigm for human motion generation due to their strong gen-
erative capabilities and diversity. Methods like Motion Diffusion
Model (MDM) [45], MotionDiffuse [54], and FLAME [20]
adopt diffusion models with Transformer-based backbones to
enable various conditioning strategies for coherent motion syn-
thesis. Since these approaches operate directly on raw motion
data, making them computationally expensive and susceptible
to noise. To address this, MLD [4] introduces latent-space
diffusion to improve motion quality, OmniControl [51] and
FineMoGen [56] enhance text-driven motion generation with
more precise spatial-temporal control. Additionally, ReMoDif-
fuse [55] and Make-An-Animation [2] extend the generalization
ability of diffusion models by incorporating large-scale in-the-
wild data, such as human pose images and videos, into the
training process.

Recent research highlights that human motions in real-world
applications are inherently influenced by interactions with sur-
rounding objects, other individuals, and the environment. These
findings have led to growing interest in interaction-centered
motion generation, encompassing tasks such as human-object
interaction [21], [36], human-human interaction [24], [41], [42],
and human-scene interaction [19], [49]. In this work, we focus
specifically on the task of human-human interaction generation.

B. Human-Human Interaction Generation

Compared to single-human motion generation, human-human
interaction generation is more challenging, as it requires simul-
taneously ensuring high-quality individual motion generation
while accurately modeling interactions between individuals.
Many researchers have made valuable contributions to address
this challenge. For example, building on the strong performance
of MDM [45], ComMDM [42] applies fine-tuning and minor
modifications to adapt it for various motion-related tasks. No-
tably, ComMDM pioneers the task of human-human interaction
motion generation by incorporating a communication trans-
former block between two instances of a pre-trained MDM [45].
InterGen [24] makes a significant contribution to this area by
introducing a dedicated human interaction dataset and proposing
an interaction-aware diffusion model. This model leverages a
novel weight-sharing mechanism with a global motion repre-
sentation, achieving high-quality human interaction synthesis.
The in2IN [41] further advances the field by introducing a
diffusion model that conditions motion generation not only on
overall interaction descriptions but also on individual actions.
This approach enhances both intra-person motion diversity and
inter-person coordination, improving the realism and coherence
of generated interactions.

Although the above-mentioned methods have achieved
promising results, we observe that they are all built on the Trans-
former architecture, which suffers from quadratic time com-
plexity, posing limitations in handling long motion sequences
and computational efficiency. Therefore, this paper focuses on
addressing the scalability and efficiency challenges of existing
approaches by proposing a novel Mamba-based human-human
interaction motion generation method.

C. Selective State Space Models

Recently, State Space Models (SSMs) [7], [9], [10], [14] have
demonstrated remarkable performance in handling long-context
tasks, offering both high-quality generation and efficient in-
ference. However, the earlier SSMs struggled with effectively
modeling discrete and information-dense data. To address this
limitation, Mamba [9] introduced a data-dependent SSM layer
and a selection mechanism utilizing parallel scan (S6), signifi-
cantly enhancing its applicability across various domains.

Since then, Mamba has sparked widespread interest in the
deep learning community, leading to a surge of research in
computer vision. SSMs are now proving their vast potential
across diverse applications. For instance, Vim [63] presents a
novel vision backbone integrating bidirectional Mamba blocks
for visual representation learning, achieving modeling capa-
bilities comparable to ViT [6] while reducing computational
complexity to subquadratic time with linear memory require-
ments. VMamba [28] introduces 2D Selective Scan (SS2D),
a four-way scanning mechanism designed for spatial domain
processing, ensuring that each image patch captures rich con-
textual information. VideoMamba [34] extends these concepts
to video understanding, combining the strengths of convolution
and attention within a pure SSM framework, demonstrating
efficiency and effectiveness in both short-term and long-term
video tasks. Similarly, PointMamba [27] adapts SSMs for 3D
vision applications by enabling global modeling with linear
complexity, making it a compelling choice for point cloud
analysis. In the motion domain, MotionMamba [59] introduces
a hierarchical temporal Mamba block alongside a bidirectional
spatial Mamba block to facilitate real-time and high-quality
single-human motion generation. InfiniMotion [58] focuses on
generating long motion sequences with improved memory ca-
pacity. Motion Avatar [61] extends motion generation to human
and animal forms with generalizable avatar representations.
KMM [57] incorporates keyframe masking to guide motion
synthesis, and Motion Anything [60] proposes a general-purpose
motion generation pipeline across various input modalities.

In this work, we introduce Mamba into the human-human
interaction motion generation paradigm for the first time. We
show that, compared to other methods, our approach achieves
significant improvements in both generation quality and effi-
ciency.

III. PRELIMINARIES

A. Diffusion Model

Following DDPM [16] and InterGen [24], our model adopts
a diffusion framework with forward and reverse processes for
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motion generation. The forward process adds time-dependent
noise to the motion data p0(x), transforming it into pt(x) over t
steps until it approximates N(0, I). The reverse process removes
the noise to reconstruct p0(x) via a generative model parameter-
ized by θ. According to [16], we simplify the multi-step diffusion
process into a single step, expressed as:

q(xt | x0) = N
(
xt;

√
ᾱtx0, (1− ᾱt)I

)
, (1)

where ᾱt ∈ (0, 1) follows a monotonically decreasing schedule.
As t approaches infinity, ᾱt → 0, causing xt to approach a
standard normal distribution N(0, I). The reverse process aims
to learn fθ to iteratively reconstruct the motion, generating x̂0

conditioned on the input text c. Instead of predicting the noise,
we directly estimate x̂0, following the approach in [54]. The
training objective is defined as:

Lt = Ex0,t

[‖x0 − fθ(xt, t, c)‖22
]
. (2)

B. Mamba Model

Selective state space models (SSMs) have emerged as a
promising approach for sequence modeling, offering efficient
computation and compact data storage while achieving strong
performance across diverse domains. Inspired by particular con-
tinuous system, traditional SSMs maps a 1-dimensional function
or sequence x(t) to y(t) through an implicit latent state h(t):

h′(t) = Ah(t) +Bx(t)

y(t) = Ch(t), (3)

where A ∈ R
N×N denotes the evolution parameter, and B ∈

R
N×1, C ∈ R

1×N denotes the projection parameters. However,
these parameters are time-invariant matrices and vectors, which
constrains capacities on modeling discrete and information-
dense data. To resolve this problem, Mamba proposes a novel
selection mechanism that parameterizes the SSM parameters
based on the input data to affect interactions along the sequence.
The rewritten architecture formulation is defined as below:

ht = Ātht−1 + B̄txt

yt = Ctht, (4)

where Āt, B̄t, and Ct are dynamically updating matrixs and
vectors by the time step, meaning that the model has changed
from time-invariant to time-varying. As the discrete versions
of the continuous system, Mamba [9] transform the continuous
parameters A, B to discrete parameters Āt, B̄t with a timescale
parameter Δ. The discretization rule, zero-order hold (ZOH), is
defined as follows:

Ā = exp(ΔA)

B̄ = (ΔA)−1(exp(ΔA)− I) ·ΔB, (5)

where (ΔA)−1 denotes the inverse of matrix ΔA, I denotes the
identity matrix. Additionally, Mamba imply a Selective Scan
Mechanism (SSMs) as its core SSM operator. Thus, mamba
makes these parameters change depending on the input which
can be formulated as:

B = LinearN (x)

C = LinearN (x)

Δ = τΔ(P + LayerNorm(Linear1(x)), (6)

where P is a learnable parameter, τΔ is SoftPlus function, and
Lineard(·) is a parameterized projection to dimension d. The
parameters B ∈ R

(B,L,N), C ∈ R
(B,L,N), and Δ ∈ R

(B,L,D)

are directly derived from the input data x ∈ R
(B,L,D).

IV. METHOD

Our objective is to generate a high-quality human-human
interaction motion sequence that aligns with the action described
in the text prompt while maintaining high efficiency. In our
implementation, we use {xp} = {xi

p}ni=1, p ∈ {a, b} to denote
the outcome motion sequences, where n is the frame number
of the sequence. For each pose xi

p, p ∈ {a, b}, we define it
as:xi

p = [jg, vg, rl, cf ], p ∈ {a, b}, where jg ∈ R
3J denotes the

global joint positions, vg ∈ R
3J represents the global velocities,

rl ∈ R
6J refers to 6D representation of local rotations and

cf ∈ R
4 corresponds to the binary foot-ground contact features.

Fig. 3 illustrates the pipeline of our method, which mainly con-
sists of Adaptive Spatio-Temporal Mamba modules, Self-Role
Mamba Blocks, Cross-Role Mamba Blocks and LIIA interac-
tion modules. Specifically, given a text prompt, our method
first employs the CLIP encoder to achieve the textual features
embedding. Then the textural features are combined with the
initial hidden states h

(t)
a and h

(t)
b separately and are fed into

our framework. Within the framework, our method employs
the Self-ASTM Blocks for modeling the long-range motion
contexts of individuals and Cross-ASTM Blocks for modeling
the intricate interaction contexts between individuals. To further
enhance the representation, we exploit the LIIA module that
aggregates human-human interaction representations. After N
iterations, our method ultimately generates an efficient and
high-quality human-human interaction sequence that aligns with
the semantics of the text input.

In the following, we begin with the introduction of the back-
bone of our framework. In Section IV-B, we detail the Self-
ASTM module. Next, we present LIIA module in Section IV-C.
In Section IV-D, we introduce the Cross-ASTM module. Finally,
in Section IV-E we provide the objective function of our method.

A. Adaptive Spatio-Temporal Mamba

As described in Section III, the Mamba model is inherently
well-suited for sequential modeling due to its selection archi-
tectural design. However, its feature extraction is primarily
focused on the temporal dimension, lacking explicit modeling of
spatial dynamics. Consequently, Mamba exhibits performance
bottlenecks in such spatio-temporal entangled scenarios. This
limitation becomes apparent when addressing complex tasks
such as 3D human interaction generation. To overcome this
challenge, we propose a novel parallel spatio-temporal modeling
framework named Adaptive Spatio-Temporal Mamba (ASTM).
ASTM decomposes the modeling process into two comple-
mentary branches: a Spatial State Space Model (Spatial SSM)
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Fig. 2. The spatial and temporal scanning process, where the spatial SSM
captures intra-frame joint relationships and the temporal SSM models inter-
frame relationships.

and a Temporal State Space Model (Temporal SSM). Specifi-
cally, as illustrated in Fig. 2, Spatial SSM focuses on capturing
intra-frame spatial dependencies, effectively extracting struc-
tural information such as the interactions between skeletal joints
within each frame. In contrast, the Temporal SSM is dedicated
to modeling inter-frame dynamics, capturing long-range motion
trajectories and temporal causality. To be specific, given the input
feature tensor h ∈ R

(B,L,D), where B is the batch size, L is the
sequence length, and D is the feature dimension, the temporal
SSM processes the input as follows:

ht = LayerNorm(SSMtemp(Convtemp(Linear(h)))),
(7)

where Linear(·) projects input to a latent space, Convspat(·)
extracts local spatial patterns, SSMtemp(·) is SSM based
module which captures long-range temporal dependencies, and
LayerNorm(·) is layer normalization which improves training
stability and convergence. Similar to the temporal branch, the
spatial SSM adopts the same module structure but operates along
the spatial dimension. The spatial output can be computed by:

hs = LayerNorm(SSMspat(Convspat(Linear(h
′)))), (8)

where all modules are identical in structure, the input h′ ∈
R

(B,D,L) is derived by transposing the input tensor to swap
the sequence and feature dimensions. To adaptively integrate
the learned spatial and temporal representations, we introduce a
learnable fusion mechanism. Instead of naïvely concatenating or
averaging features, we allow the model to dynamically reweight
the contributions from hs and ht. The final fused representation
is computed as:

z = wαht + wβhs, (9)

where wα and wβ are jointly optimized during training and kept
fixed during inference. These parameters are not shared across
different ASTM blocks, each block maintains its own set of
modulation weights to allow for layer-specific adaptations.

Benefiting from this decoupled modeling and adaptive fusion
approach, ASTM significantly enhances the model’s capacity to
represent the spatio-temporal characteristics of complex motion,
leading to improved structural coherence and temporal consis-
tency in human interaction generation tasks.

B. Self-ASTM Block

To enable the model to effectively learn the motion features
of each individual in human-human interaction, we designed
the self Adaptive Spatio-Temporal Mamba Block (Self-ASTM)
based on the ASTM, as illustrated in Fig. 3. This module
processes the motion of each individual separately as input
and leverages ASTM to extract the most salient spatio-temporal
features for each character. Specifically, given the motion feature
of a single individual h(t)

p , p ∈ {a, b} as input, the output feature
can be calculated as:

h̄p = LayerNorm(hp),

ĥp = ASTM(h̄p),

q = σ(Linear(h̄p)),

h̃p = ĥp � q,

hS
p = hp + Linear(h̃p), (10)

where LayerNorm(·) is the layer normalization, Linear(·) is
the linear layer for feature mapping, σ is the activation function
and the SiLU function is used in our experiment. ASTM(·) can
be calculated from Section III-B.

C. Local Interaction Information Aggregation

Information in dyadic interactions is typically highly abstract
and densely entangled. However, existing methods often rely on
raw individual features and utilize mutual attention mechanisms
to model feature-level relationships. Those approaches are prone
to introducing noise and struggle to align deeper semantic rep-
resentations and interactive information. To address this issue,
we investigate Local Interaction Information Aggregation(LIIA)
module, as illustrated in Fig. 5, which consists of two convolu-
tion layers and a residual connection. Given the motion feature
of a single individualhp, p ∈ {a, b} and text feature embeddings
condt, the output joint representation hinter can be formulated
as:

hab = concat(hS
a , h

S
b ),

ĥab = AdaLN(hab, condt),

hinter = conv3×3(conv1×1(ĥab)). (11)

where convk×k denotes the convolution with kernel size k,
AdaLN(·) is the adaptive layer normalization to reduce the
impact of noise features on the input and optimize the train-
ing process. We note that this strategy not only facilitates the
modeling of local feature interactions but also ensures a more
comprehensive and robust integration of contextual information.

D. Cross-ASTM Block

While the Self-ASTM efficiently models individual motion
features, it overlooks the interaction details between individu-
als, which are crucial for human-human interaction generation
task. To address this problem, inspired by [25], we introduce
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Fig. 3. The framework of InterMamba. The key components include Self Adaptive Spatio-Temporal Mamba module (Self-ASTM), Cross Adaptive Spatio-
Temporal Mamba module (Cross-ASTM), and Local Interaction Information Aggregation module (LIIA).

Fig. 4. (a) This figure illustrates the core module of the ASTM in Section IV-B —- State Space Model (SSM). Given an input sequence hp, the input first
undergoes linear transformations through (5) to calculate the parameters B, C, and Δ. Then, the final output can be calculated through (4) and (5). (b) This figure
illustrates the core module of the ASTMcross in Section IV-D —- Mix State Space Model (MSSM). This module, based on the State Space Model (SSM), enables
each individual to perceive the mutual interaction features dynamically, leading to improved modeling of contextual dependencies. Given hp and hinter, which is
calculated from Section IV-C, the parameters B, C, and Δ can be calculated through xinter, and xt is the input sequence of the MSSM. Then, the final output can
be calculated through (4) and (5). The details of Mix SSM are provided in Section IV-D. (a) Schematic Diagram of the State Space Model (SSM). (b) Schematic
Diagram of the Mixed State Space Model (Mix-SSM).

Fig. 5. The structure of Local Interaction Information Aggregation (LIIA)
consists of AdaLN for adaptive normalization, followed by 1× 1 and 3× 3
convolutions for feature refinement and local interaction modeling.

a novel cross Adaptive Spatio-Temporal Mamba block (Cross-
ASTM) which extends the Self-ASTM to explicitly model cross-
individual interaction relationships. As illustrated in Fig. 3,
the overall architecture of the cross-ASTM mirrors that of the
Self-ASTM, with one key difference: the original ASTM

module is replaced but the newly designed ASTMcross mod-
ule. Specifically, given the inputs hS

p ∈ R
(B,L,D) and hinter ∈

R
(B,L,D), obtained through the Self-STM and LIIA, the output

of the Cross-ASTM block can be calculated as:

h̄p = LayerNorm(hS
p ),

ĥp = ASTMcross(h̄p, hinter),

q = σ̂(Linear(h̄p)),

h̃p = ĥp � q,

hout = hS
p + Linear(h̃p), (12)
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where LayerNorm(·) is the layer normalization, Linear(·) is
the linear layer for feature mapping, σ̂ is the activation func-
tion. Within this module, the ASTMcross function is designed
to extract spatio-temporal features by jointly considering both
individual representations and their interactions. It is based on
the Mix State Space Model (MSSM) architecture and extends
it by introducing two parallel branches dedicated to spatial and
temporal modeling, respectively. The internal computation of
this mechanism is formally defined as follows:

cs = LayerNorm (MSSMtemp (Convtemp

× (Linear(hS
p ), hinter)

))
,

ct = LayerNorm
(
MSSMsoat

(
Convspat

× (Linear(hS
p
′
), h′

inter)
))

,

ĥp = αc ∗ cs + βc ∗ ct. (13)

where the hS
p
′ ∈ R

(B,D,L) and h′
inter ∈ R

(B,D,L) are obtained
by swapping the last two dimensions of hS

p and hinter, respec-
tively, so that the inputs are aligned along the spatial dimension.
The parameters αc and βc are learnable scalars, consistent with
the definition in (9).

The modules MSSMspat and MSSMtemp are instantiated
from the base MSSM, which extends the standard State Space
Model (SSM) by integrating interaction information. Unlike
conventional SSMs that operate solely on individual feature
sequences, MSSM simultaneously processes both individual
features and interaction features for enhanced feature fusion.
Specifically, the interaction features hinter are used to generate
the parameters (B,C,Δ), while the individual features hp serve
as the query input, as defined in (6). The output is computed using
(4) and (5). This design enables the model to better capture and
emphasize interaction-relevant information. The architecture of
MSSM is illustrated in Fig. 4.

E. The Objective Function

We adopt the same loss functions as those used in Inter-
Gen [24], which encompass several loss functions, and can be
formulated as:

Ltotal = Ldiff + λvelLvel + λfootLfoot + λBLLBL

+ λDMLDM + λROLRO, (14)

where Ldiff refers to the diffusion loss, Lvel denotes the
joint velocity loss, Lfoot refers to the foot contact loss, LBL

represents the bone length loss,LDM corresponds to the masked
joint Distance Map (DM) loss and LRO signifies the relative
orientation loss. All loss terms are weighted by hyper-parameters
λvel, λfoot, λBL, λDM and λRO, that balance their influence on
the final result.

V. EXPERIMENTS

In this section, we first outline the details of our experimental
setup in Section V-A, followed by both quantitative and qual-
itative evaluations to assess the effectiveness of our method

in Section V-B. In Section V-D, we present a comprehensive
ablation study.

A. Experiment Setup

Datasets: We conduct our experiments on two publicly avail-
able benchmark datasets: InterHuman [24] and InterX [52].
InterHuman [24] is the first human-human interaction dataset
with natural language annotations. It contains 6,022 motion
sequences spanning various categories of human actions, an-
notated with 16,756 unique descriptions composed of 5,656
distinct words, with a total duration of 6.56 hours. InterX [52]
adopts the SMPL-X representation, which includes 55 joints
covering the face, body, and hands. The dataset consists of
11,000 interaction sequences, accompanied by more than 34,000
fine-grained textual annotations at the body-part level, totaling
over 8.1 million frames.

Implementation Details: Our framework consists of two
stacked ASTM modules (with an ultra-light variant contain-
ing only one ASTM module). Each ASTM module employs
a state size of 16. For text encoding, we utilize the frozen
CLIP-ViT-L/14 model. The diffusion process is trained with
1,000 timesteps, while inference employs the DDIM sampling
strategy with 50 timesteps and η = 0. We adopt the cosine
noise schedule [32] and classifier-free guidance [17], setting
random CLIP embeddings to zero with a probability of 10%
during training and using a guidance coefficient of 3.5 during
sampling. The model is optimized using the AdamW optimizer
with a learning rate of 10−4 and a weight decay of 2× 10−5. All
models are trained for 2,000 epochs with a batch size of 50 on
two NVIDIA RTX 4090 GPUs. And the inference is conducted
on a single NVIDIA RTX 4090 GPU.

Evaluation Metrics: We adopt the same evaluation metrics
as InterGen [24] to assess our model’s performance, which
include: (1) Frechet Inception Distance (FID): measures the
discrepancy in latent distributions between the generated and
real datasets. (2) R-Precision: evaluates text-motion alignment
by determining the probability of the correct text appearing in
the top-k results (k = 1, 2, 3) after ranking. (3) Diversity: quan-
tifies the variation in generated motions within the dataset. (4)
Multimodality (MModality): assesses the diversity of motions
generated for the same text input. (5) Multi-modal Distance
(MM Dist): calculates the distance between motion features
and their corresponding text features.

B. Comparison With Baselines

1) Quantitative Comparison: To ensure a comprehensive
comparison, we evaluate our approach against several baseline
methods, including TEMOS [38], T2M [12], MDM [45], Com-
MDM [42], InterGen [24], RIG [43] and in2IN [41]. Among
these methods, only InterGen [24] and in2IN [41] are orig-
inally designed for human–human interaction generation, In-
terGen [24] represents a milestone in the field as it introduces
the first human-human interaction dataset, while in2IN [41] is
the most recent advancement. Therefore, we mainly discuss the
performance of our method against these two approaches.
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TABLE I
THE QUANTITATIVE COMPARISONS ON THE INTERHUMAN [24] TEST SET. WE RUN ALL THE EVALUATIONS 20 TIMES. ± INDICATES A 95% CONFIDENCE

INTERVAL. ↑ (↓) INDICATES THAT A HIGHER (LOWER) RESULT CORRESPONDS TO BETTER PERFORMANCE, AND → MEANS THE CLOSER TO GROUND-TRUTH THE

BETTER. BOLD INDICATES THE BEST RESULT, AND UNDERLINE REFERS TO THE SECOND BEST RESULT.

TABLE II
THE QUANTITATIVE COMPARISONS ON THE INTER-X [52] TEST SET. WE RUN ALL THE EVALUATIONS 20 TIMES. ± INDICATES A 95% CONFIDENCE INTERVAL.

BOLD INDICATES THE BEST RESULT, AND UNDERLINE REFERS TO THE SECOND BEST RESULT.

For other methods that were originally proposed for single-
person motion generation, we follow the strategies described
in InterGen and InterX to extend them to human-human in-
teraction scenarios by modifying their network input and out-
put dimensions to accommodate the non-canonical two-person
representation introduced in InterHuman [24]. Particularly, for
ComMDM [42], we report two sets of results to ensure fairness:
(1) the original few-shot setting provided in the paper, which
involves pretraining and fine-tuning on 10 samples (denoted
with ∗); (2) a re-implemented version trained from scratch on
the InterHuman training set using the same data representation
(denoted without ∗). In addition, we apply the same setup to
T2M [12], using the Inter-X dataset.

Table I and Table II present the quantitative comparison of our
InterMamba with various human-human interaction generation
methods on the InterHuman [24] and InterX [52] datasets,
respectively. Each evaluation is conducted 20 times, except
for MModality, which is run 5 times, and we report the aver-
aged results along with a 95% confidence interval. The results
demonstrate that InterMamba consistently outperforms previous
approaches, achieving the highest R-Precision across all settings
(0.475/0.625/0.706 on InterHuman and 0.4573/0.642/0.742 on
Inter-X), indicating superior text-motion alignment. Addition-
ally, it attains the lowest MM Dist (3.785 on InterHuman and
3.594 on Inter-X), ensuring improved structural coherence and

smoother motion transitions. Furthermore, InterMamba exhibits
the highest Diversity scores (7.963 on InterHuman and 9.194
on Inter-X), reflecting its strong capacity to generate a broad
range of human interactions. While its FID scores (5.945 and
0.517, respectively) are slightly higher than a few baselines,
this trade-off enhances motion quality and semantic consistency.
Additionally, InterMamba achieves a competitive MModality
score (0.993 on InterHuman and 2.593 on Inter-X), demon-
strating its ability to generate diverse and interaction-aware
motion patterns. These results further validate that InterMamba
effectively balances accuracy, coherence, and diversity, making
it as the state-of-the-art solution for text-driven human-human
interaction motion generation.

2) Qualitative Comparison: In Fig. 6 and Fig. 7, we qualita-
tively compare our method with InterGen [24] and in2IN [41],
both trained on the InterHuman dataset using identical text
prompts. From Fig. 6, for the prompt: The two persons approach
each other and bow down while bending their waist, InterGen
exhibits unnatural limb positioning, rigid motion, and incon-
sistent spacing, lacking proper arm-torso contact. InterMamba,
however, ensures fluid movement, synchronized waist bending,
and realistic posture alignment. We attribute this to the design of
ASTM, which selects different scanning directions to preserve
spatial coherence. For the prompt: Two people embrace each
other, InterGen struggles with spatial coordination, leading to
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Fig. 6. Qualitative comparison of interaction generation results from InterGen and InterMamba. Red circles indicate implausible or inaccurate motions, while
green circles highlight more plausible interactions.

Fig. 7. Qualitative comparison of interaction generation results from in2IN and InterMamba. Red circles indicate implausible or inaccurate motions, while
green circles highlight more plausible interactions.

misaligned hand positions and an unnatural embrace. In compar-
ison, InterMamba produces a well-executed, natural interaction
with realistic body contact. We attribute this to the LIIA module,
which effectively captures fine-grained interaction details. For
the prompt: One person moves one step to the right with the
left knee bent, while the other moves one step to the left with
the right knee bent, InterGen struggles to maintain correct foot
placement and knee bending, due to its weaker ability to capture
fine-grained textual details. In contrast, InterMamba, leveraging

AdaLN and Mamba’s strong contextual information extraction
capabilities, accurately reflects the prompt, ensuring synchro-
nized stepping and spatial coherence. Besides, InterMamba
exhibits superior interaction naturalness and spatial awareness,
producing smooth transitions and physically plausible inter-
person contact.

Furthermore, from Fig. 7, it is evident that In2IN suffers from
severe foot sliding artifacts and unnatural motion patterns, es-
pecially in dynamic scenes. These artifacts severely degrade the
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TABLE III
THIS TABLE COMPARES THE COMPUTATIONAL COMPLEXITY OF OUR METHOD

WITH THAT OF OTHER APPROACHES, BASED ON THREE INDICATORS: AVERAGE

INFERENCE TIME, PARAMETERS, AND FLOPS. AS SHOWN IN THE TABLE, OUR

INTERMAMBA ACHIEVES THE HIGHEST OVERALL EFFICIENCY ACROSS ALL

METRICS.

realism and physical plausibility of the generated interactions.
In contrast, InterMamba generates more temporally consistent
and physically grounded motions, further demonstrating its ad-
vantage in fine-grained interaction modeling.

Overall, these qualitative results highlight that our Inter-
Mamba significantly surpasses InterGen and In2IN in generating
semantically accurate, structurally coherent, and interaction-
consistent human motions, establishing it as a more effective
solution for text-driven human-human interaction generation.

3) Complexity Analysis: To assess the efficiency of our ap-
proach, we conduct a complexity analysis comparing our method
against several existing approaches. The results, summarized in
Table III, include inference time, model parameters, and FLOPs
(floating point operations per second). From the table, InterGen
exhibits the highest computational cost, requiring 1.233 s for
inference with 182 M parameters and 68.33 G FLOPs, making it
computationally expensive. in2IN has a slightly higher inference
time (1.260 s) but with 160 M parameters, indicating similar
computational demands as InterGen, though FLOPs data is
unavailable. In contrast, our InterMamba significantly reduces
computational complexity, achieving an inference time of 0.567
s—nearly 2.2× faster than InterGen—while maintaining a more
efficient model size (117M parameters, 33.53G FLOPs). Fur-
thermore, InterMamba (UltraLight) optimizes efficiency even
further, achieving the lowest inference time (0.325 s) with
just 66M parameters and 14.05G FLOPs, making it the most
lightweight and computationally efficient solution. Compared
to InterGen and in2IN, InterMamba runs more than twice as fast
with significantly lower FLOPs, demonstrating its scalability
and efficiency for real-time applications.

C. User Study

To evaluate the subjective quality of different generation
methods from a human perspective, we conducted a user study.
The result is shown in Fig. 8. In our user study, a total of 30
volunteers (15 males and 15 females, aged 19–25) participated
in answering the questions, all of whom had prior experience
with MAYA or 3ds Max.

Each participant was asked to watch 30 groups of videos,
where each group contained outputs generated by the three
methods (In2IN, InterGen, and InterMamba). The three results
in each group were randomly ordered and anonymized to avoid
bias. Participants were instructed to select the result they found
most natural or preferable in each case. All selections were

Fig. 8. User Study comparing our InterMamba, InterGen and in2IN.

Fig. 9. As the training progresses, the variation process of the adaptive
parameters α and β.

recorded and aggregated, and the final statistics were used to
compare the overall user preference for the three methods.

As shown in the Fig. 8, InterMamba received the highest
number of votes, accounting for 60.9% of all selections. In
comparison, InterGen and in2IN received 30.4% and 8.7%,
respectively. These findings suggest that InterMamba produces
outputs more aligned with human preference and confirm the
effectiveness of our method, particularly in terms of naturalness
and diversity.

D. Ablation Study

To assess the effectiveness of each module, we conduct
comprehensive ablation study to quantify the significance of
each module and explore their interactions within the overall
framework. First, we present the importance of the adaptive
parameters during training in Fig. 9 and Table IV. Next, we
examine the effectiveness of the three key components in our
InterMamba framework by incrementally adding the proposed
modules to the baseline InterGen [24], with the results shown in
Table V.

The Effect of Adaptive parameters: To evaluate the
effectiveness of the adaptive Spatio-Temporal SSM and different
fusion strategies, we conduct a detailed ablation study on the
InterHuman dataset. In each ASTM block, we introduce two
trainable scalar parameters,wα andwβ , which are independently
learned during training and fixed during inference. These pa-
rameters are not shared across modules and are not conditioned
on the input, allowing localized and stable spatial-temporal
adaptation. As shown in Fig. 9, wβ gradually decreases over
training steps, indicating increased temporal emphasis, while
wα remains stable, reflecting its persistent contribution to spatial
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TABLE IV
QUANTITATIVE ABLATION STUDY ON THE INTERHUMAN DATASET EVALUATING THE IMPACT OF ADAPTIVE SPATIO-TEMPORAL FUSION AND ALTERNATIVE FUSION

STRATEGIES. BOLD INDICATES THE BEST RESULT IN EACH CATEGORY, AND UNDERLINE REFERS TO THE SECOND BEST RESULT.

TABLE V
THE EFFECTIVENESS OF EACH MODULE IN INTERMAMBA ON THE INTERHUMAN DATASET. THE SELF-ASTM REFERS TO THE SELF-ASTM BLOCK IN

SECTION IV-B, CROSS-ASTM DENOTES THE CROSS-ASTM BLOCK IN SECTION IV-D, AND LIIA STANDS FOR THE LOCAL INTERACTION INFORMATION

AGGREGATION MODULE IN SECTION IV-C. BOLD FONT HIGHLIGHTS THE BEST PERFORMANCE IN EACH CATEGORY, AND UNDERLINE REFERS TO THE SECOND

BEST RESULT.

encoding. Table IV presents quantitative results under various
settings. Without temporal Mamba, the model achieves the best
FID (5.539) but lower R-Precision (Top1: 0.464), suggesting
structurally plausible but temporally less coherent motion.
We observe that removing the adaptive parameters—replacing
the learned weighted fusion with a simple summation of the
temporal and spatial features—leads to training instability and
eventual failure of convergence and higher FID (6.121), further
confirming that the adaptive parameterization is essential for
stable and effective training. When adaptive parameters are
included, our model achieves the best overall performance,
with the highest R-Precision (0.475/0.625/0.706), the lowest
MM Distance (3.785), and the highest Diversity (7.963),
demonstrating enhanced text-motion alignment and generation
diversity.

We further compare three commonly used fusion strategies:
Linear Fusion achieves relatively high Diversity (8.061) but suf-
fers from worse FID (7.680) and R-Precision, implying seman-
tic inconsistency; Gate Fusion obtains the highest MModality
(1.070), indicating better interaction variety, but with poor FID
(10.961); Plus Fusion shows similar trends.

These results confirm that our adaptive fusion strategy not
only stabilizes training but also effectively balances spatial-
temporal information, achieving superior precision, coherence,
and diversity in human-human interaction motion generation.

Effect of Self-ASTM Block: To demonstrate the superiority of
the self-ASTM module, we compare its standalone performance
against other configurations. The first row in Table V shows that
using only the Self-ASTM results in an R-Precision of 0.371 and
an FID of 5.918, indicating that SRM establishes a solid baseline
for individual motion modeling. However, without inter-human
interaction understanding, the model’s text-motion alignment is
suboptimal, highlighting the need for additional components to
capture complex interactions.

Effect of Cross-ASTM Block: Adding the cross-ASTM block
further improves the model’s R-Precision to 0.409, but signif-
icantly increases the FID to 8.524. This trade-off highlights
that while Cross-ASTM enhances inter-character motion coor-
dination and interaction, it introduces challenges in maintaining
consistent and coherent motions across the characters. As a
result, the quality of motion generation degrades, leading to
visual inconsistencies and a reduction in overall motion fluidity.

Effect of Local Interaction Information Aggregation: Fur-
ther integrating the Local Interaction Information Aggregation
(LIIA) alongside Self-ASTM and Cross-ASTM significantly
boosts the R-Precision to 0.705, the highest among all config-
urations, while maintaining a competitive FID of 5.945. These
results confirm that LIIA plays a crucial role in refining inter-
human interactions and enhancing semantic consistency, effec-
tively balancing high motion quality with strong text alignment.

VI. CONCLUTION

In this paper, we introduce InterMamba, an efficient and
high-quality framework for text-driven human-human interac-
tion generation. Our approach effectively tackles two major chal-
lenges in the field: efficiently capturing individual motion fea-
tures and interaction details from text while ensuring real-time
inference speed. To achieve this, we propose an Adaptive Spatio-
Temporal Mamba framework (ASTM) to dynamically extract
and integrate spatial and temporal features. Building on this
foundation, we develop two core modules: Self-ASTM, which
captures long-range dependencies for each character using AST,
and Cross-ASTM, which explicitly models human-human in-
teractions with the assistance of Local Interaction Informa-
tion Aggregation (LIIA). These modules enable InterMamba
to generate realistic human-human interaction efficiently. Our
extensive experiments demonstrate that InterMamba sets a new
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benchmark for real-time, high-quality human-human interaction
generation, laying the groundwork for future advancements in
text-driven Human-Human interaction generation.

VII. LIMITATIONS

Despite InterMamba’s advancements, several limitations re-
main. First, although inference speed is improved by integrat-
ing Mamba, the method still relies on diffusion-based genera-
tion, which involves multiple iterations. Reducing these steps
speeds up inference but may affect motion quality. Future work
could explore alternative models—like flow-based or hybrid
approaches—to improve both speed and quality. Second, while
Mamba helps with long-range dependencies, the generated mo-
tions may still lack detail in subtle interactions, emotions, or
physical realism. Enhancing contact modeling and biomechani-
cal constraints is vital for more expressive results. Finally, prac-
tical deployment needs improvement. Real-world applications
like avatars and games require better user control, real-time
adaptation, and multi-task optimization. Future work should
focus on adaptive strategies like user feedback and multi-agent
collaboration to bridge the gap between algorithms and real-
world use.
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