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Abstract In recent years, human motion generation has gained significant attention in the fields
of computer vision and computer graphics, demonstrating substantial application value in virtual
reality, animation production, game development, and sports training. With technological ad-
vancements, the demand for generating high-quality and naturally smooth human motions contin-
ues to grow. Among them, human interaction generation has emerged as a new research focus,
aiming to synthesize dual-person or multi-person motions with temporal consistency, spatial
plausibility, and interaction coordination. However, compared to single-person motion genera-
tion, human interaction generation is still in its early stages. In particular, ensuring coordination

and plausibility between individuals in complex interactions remains a significant challenge.
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Current text-guided human interaction generation methods have made progress in generating
high-quality interactive motions that align with textual descriptions. However, several critical is-
sues remain unresolved. First, most diffusion methods perform denoising directly on raw motion
sequences, which incurs high computational costs and results in slow generation speeds, making
them unsuitable for real-time applications. Moreover, these methods often struggle with captu-
ring fine-grained motion details, leading to suboptimal results. Second, the text encoder serves
as the linguistic guide for motion generation, yet it lacks temporal awareness, which negatively
impacts the quality of generated motions.

To address these issues, this paper proposes a new human interaction generation method,
named Human interaction Latent Diffusion Model (HilLDM). The core of this approach lies in
three key aspects. First, in order to better capture the interaction and spatial dynamics within
human interaction sequences, we introduce a new human interaction representation, i. e. , {frame-
level pose concatenation representation. Second, differing from conventional denoising methods
based on raw motion sequences, HilLDM conducts diffusion in latent representations. In other
words, denoising is performed in the latent space of human interaction sequences, which signifi-
cantly improves the generation efficiency. By leveraging a variational autoencoder to learn a low-
dimensional latent representation of human interactive motions, this method conducts the diffu-
sion process in a compact latent space. In comparison with direct diffusion on high-dimensional
raw motion data, it enables HiLDM to not only reduce substantially computational complexity,
but also accelerate inference speed. Lastly, to compensate for the temporal understanding limita-
tions of the CLIP text encoder, we design a Temporal-aware Text Encoder (TTE). Through
text-motion contrastive learning, TTE enhances the ability to comprehend implicit temporal and
interaction information in text, leading to motions that align better with textual descriptions.

To validate the effectiveness of HiLDM, we conduct extensive experiments on the InterHu-
man dataset. Experimental results demonstrate that HiILDM outperforms state-of-the-art meth-
ods in both generation speed and quality. In terms of generation speed, HiLLDM is 57 times faster
than ComMDM and 4 times faster than InterGen, significantly improving efficiency. This accel-
eration makes HiLDM more suitable for practical applications requiring real-time motion synthe-
sis. Regarding generation quality, as evaluated by the Fréchet Inception Distance (FID) metric,
HilLDM achieves a 36. 7% improvement over ComMDM and a 1. 7% improvement over InterGen,
indicating that the generated human interactive motions are more natural and adhere more closely
to real-world motion dynamics. In qualitative experiments, visual results further demonstrate the
superiority of HILDM in generating complex interactive motions.

Keywords latent diffusion model; human motion generation; human interaction generation; AIGC
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quence, which results in lower generation speed. Moreover,
existing motion diffusion models typically rely on text en-
coders derived from pre-trained language-image contrastive
models for linguistic guidance. Although these text encoders
perform well in the image domain, they fail to adequately
capture the temporal dynamics of motion text. This limita-
tion is particularly pronounced in human interaction genera-
tion scenarios, where the absence of temporal information
further degrades the quality and coherence of the generated
motions.

To address these challenges, this paper proposes a Hu-
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man interaction Latent Diffusion Model ( HILDM) ., which
performs denoising in the latent space of learned interactive
motion sequences, significantly improving generation speed.
In addition, the model employs a human interaction Tempo-
ral-aware Text Encoder (TTE) as linguistic guidance. ensu-
ring greater temporal consistency in the generated motions.
Experimental results demonstrate that, compared to state-of-

the-art methods, our model not only achieves a significant

advantage in generation speed but also delivers superior per-
formance in terms of motion quality and interaction natural-
ness, validating the effectiveness and superiority of our ap-
proach.
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