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Towards Practical Human Motion Prediction with LiDAR Point
Clouds
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Figure 1: Visualization of our motion prediction performance. The top figure demonstrates the comparison of our LiDAR-HMP
and two-stage method on LIPD test set. The bottom figure highlights LIDAR-HMP’s practicality in real-world deployment,
unfettered by lighting conditions, where markers 1, 2, and 3 indicate the current moment and predicted poses for the future 0.4s
and 1.0s, respectively. With online captured LiDAR point cloud, our method achieves real-time promising prediction results,

which is significant for real-world applications.

ABSTRACT

Human motion prediction is crucial for human-centric multimedia
understanding and interacting. Current methods typically rely on
ground truth human poses as observed input, which is not practical
for real-world scenarios where only raw visual sensor data is avail-
able. To implement these methods in practice, a pre-phrase of pose
estimation is essential. However, such two-stage approaches often
lead to performance degradation due to the accumulation of errors.
Moreover, reducing raw visual data to sparse keypoint representa-
tions significantly diminishes the density of information, resulting
in the loss of fine-grained features. In this paper, we propose LiDAR-
HMP, the first single-LiDAR-based 3D human motion prediction
approach, which receives the raw LiDAR point cloud as input and
forecasts future 3D human poses directly. Building upon our novel
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structure-aware body feature descriptor, LIDAR-HMP adaptively
maps the observed motion manifold to future poses and effectively
models the spatial-temporal correlations of human motions for
further refinement of prediction results. Extensive experiments
show that our method achieves state-of-the-art performance on
two public benchmarks and demonstrates remarkable robustness
and efficacy in real-world deployments.

CCS CONCEPTS

« Computing methodologies — Temporal reasoning; Activity
recognition and understanding,.

KEYWORDS

Human motion prediction, Multimedia understanding, LIDAR point
cloud

1 INTRODUCTION

Bridging the gap between human actions and digital interactions,
human motion prediction stands as a pivotal innovation in the
ever-evolving field of multimedia. By accurately predicting future
human movements through the analysis of past motion sequences,
people are able to create multimedia content that is more intuitive,
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responsive, and engaging. For instance, fitness apps can offer per-
sonalized guidance and feedback in real-time based on the predicted
future movements of their users. Assistive robots can predict hu-
man intentions and proactively handover objects to users as they
reach out, instead of waiting until they stop moving.

Current human motion prediction methods [1, 12, 28, 38, 44, 46,
47, 52] have achieved remarkable success by explicitly modeling
the inherent body structural and dynamic features among sequen-
tial human skeletons. However, these approaches heavily rely on
precise historical human poses, necessitating complex setups like
multi-view cameras or densely deployed wearable IMUs, thus im-
posing substantial limitations on their practical application and
deployment. In multimedia applications such as augmented real-
ity(AR) environments, the system is expected to interpret human
actions and gestures in real-time using their onboard sensors, with
raw data often comprising images or point clouds from a single
viewpoint. The dependency on the accuracy of past motion es-
timation techniques [17, 22, 36, 45, 50, 55] leads to cumulative
errors as shown in the upper-right corner of Fig. 1 and the loss of
fine-grained features present in the raw visual data. To advance
practical human motion prediction, directly taking the raw visual
data as input is a more viable strategy. Some studies [39, 51] have
investigated video inputs to improve applicability, the absence of
precise depth information and sensitivity to lighting conditions
frequently results in ambiguous and inconsistent predictions in
unconstrained environments.

In recent years, LIDAR’s long-range depth-sensing and light-
insensitive capabilities have established it as an indispensable sen-
sor in the realm of autonomous driving [4, 23, 33, 43] and various
human-centric applications [17, 21, 36, 37, 53], such as 3D pose
estimation, human motion capture, gait recognition, action recog-
nition, etc. Studies in these areas have underscored the superiority
of LiDAR over traditional cameras, highlighting its robustness and
effectiveness due to its ability to provide precise 3D geometry and
dynamic motion information about humans in free environment.
Crucially, LiDAR is not affected by lighting conditions, presenting
a significant advantage for real-world deployment. Based on this,
we introduce LiDAR-HMP, the first LIDAR-based human motion
prediction solution, which directly predicts future human poses
from raw LiDAR point clouds and is more practical for real-world
multimedia applications.

Our approach is founded on three carefully crafted modules that
effectively harness the valuable information contained within the
raw point cloud input, enabling precise predictions of future human
motion as shown in Fig. 1. Firstly, the Structure-aware Body Fea-
ture Descriptor delves into the implicit semantics of human body
structure entailed by the point cloud observation, amalgamating
part-wise with global body features. This ensures a rich, detailed
representation of human structure essential for accurate motion
forecasting. Following this, our Adaptive Motion Latent Mapping
module employs a set of learnable queries, each mapping to a future
motion frame. These queries dynamically extract critical informa-
tion from the observed point cloud frames, laying the foundation for
precise motion prediction. Finally, the Spatial-Temporal Correla-
tions Refinement module embeds coarse motion predictions and
part-wise body features into a high-dimensional space. Leveraging
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spatial-temporal correlations among the predicted poses, it metic-
ulously refines the predicted keypoints, enhancing the prediction
accuracy. Together, these modules embody our design philosophy
of capturing both the spatial structure and temporal dynamics of
human motion, setting a new benchmark for LiDAR-based human
motion prediction in real-world robotic applications.

Notably, acknowledging the inherent unpredictability and po-
tential for sudden changes in human movement, we extend our
model to support diverse motion predictions [9, 24, 27, 32, 49], thus
broadening its applicability and enhancing predictive reliability
and robustness. Our experimental results and visual analysis both
indicate that diverse predictions not only enhance the robustness
and reliability of forecasts but also offer invaluable insights for ap-
plications requiring an in-depth understanding of human dynamics.
For instance, in interactive systems and autonomous navigation,
the ability to predict a range of potential motions can significantly
improve the decision-making process.

We conduct experiments on both short-term and long-term hu-
man motion prediction on two public LIDAR-based human mo-
tion datasets, including LIDARHuman26M [17] and LIPD [53]. Our
method significantly outperforms existing methods in terms of
mean per joint position error (MPJPE) by a large margin, e.g. av-
erage 17.42mm and 7.86mm for short-term prediction, and aver-
age 11.62mm and 9.12mm for long-term prediction, respectively.
We also evaluate the robustness and generalization ability of our
method under long-range distance, occluded and noisy cases. In
particular, we have deployed our method in real scenarios and
achieved real-time human motion predictions, providing a feasible
interface for further robotic applications. Our contributions can be
summarized as follows:

e We propose the first LIDAR-based method for practical 3D
human motion prediction by fully utilizing the fine-grained
motion details in raw LiDAR point clouds, which closely
aligns with real-world application scenarios.

e We present a structure-aware body feature descriptor that
decouples the holistic human point cloud into distinct body
parts based on the semantics of anatomical structure, en-
abling the capture of fine-grained dynamic motion details.

e We map the past motion manifold to the future motion mani-
fold adaptively, and fully leverage the spatial-temporal corre-
lation of the motions to further refine the predicted results.

e Our method achieves state-of-the-art performance on two
public LIDAR-based human motion datasets.

2 RELATED WORK

2.1 Human Motion Prediction

Existing human motion prediction methods focus on forecasting
future human motions based on past ground truth observations cap-
tured through multi-view cameras or dense IMUs, with specialized
network structures to address the spatial and temporal dependen-
cies in structured skeleton sequences. Several methods [11, 13, 16,
25, 31, 47] have explored modeling temporal dependencies in hu-
man motion prediction using RNN and TCN structures, but often
overlook spatial relationships. Recent advancements [3, 8, 19, 42, 52]
have seen GCNs achieving state-of-the-art results by learning spa-
tial dependencies among joints with learnable weights. Building
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on the GCN framework, DMGNN [19] and MSR-GCN [8] intro-
duced multi-scale body graphs to capture both local and global
spatial features. PGBIG [28] extended this approach by incorporat-
ing temporal graph convolutions for extracting spatial-temporal
features. SPGSN [18] introduced a graph scattering network to
enhance the modeling of temporal dependencies through multi-
ple graph spectrum bands. DMAG [12] uses frequency decom-
position and feature aggregation respectively to encode the in-
formation. Beyond GCN-based approaches, transformer architec-
tures [1, 2, 30] also have been utilized to model pair-wise spatial-
temporal dependencies, indicating a broad interest in capturing
complex spatial-temporal relationships in human motion predic-
tion. AuxFormer [46] introduced a model learning framework with
an auxiliary task that can recover corrupted coordinates depending
on the rest coordinates. [44] synthesizes the modeling ability of
the self-attention mechanism and the effectiveness of graph neural
networks. However, these methods are primarily designed for in-
puts of ground truth observed skeletons and showed performance
degradation with inputs of estimated skeletons from 3D pose estima-
tion methods [14, 17, 22, 26, 34, 36, 45, 50, 55] due to accumulative
errors, restricting their real-world applicability. Although some
studies [39, 51] have explored the use of video inputs to enhance
practical applicability, the absence of precise depth information and
sensitivity to lighting changes frequently result in ambiguous and
inconsistent predictions in uncontrolled settings.

2.2 LiDAR-based Human-centric Applications

Due to the accurate depth sensing and light-insensitive ability in
long-range scenes, LIDAR has emerged as a pivotal perception sen-
sor for robots and autonomous driving [4, 15, 23, 33, 43, 54]. In
recent years, numerous human-centric applications[5-7, 17, 21, 36,
37, 48, 53], such as pose estimation, motion capture, action recog-
nition, gait recognition, scene reconstruction, etc., have adopted
LiDAR to expand usage scenarios and improve performance of so-
lutions by utilizing accurate geometric characteristics of LIDAR
point clouds. Especially, recent works [17, 36, 53] have already
underscored the efficacy of single-LiDAR systems for human mo-
tion capture. Given LiDAR’s success in large-scale human-related
applications, we make the first attempt to leverage LiDAR for prac-
tical 3D human motion predictions by fully exploiting the dynamic
spatial-temporal correlations among observed sequential LIDAR
point clouds.

3 METHODOLOGY

In this section, we introduce the details of our single-LiDAR-based
3D human motion prediction method LiDAR-HMP. After defining
the problem in Sec.3.1, we introduce our components sequentially.
In Sec.3.2, we introduce Structure-aware Body Feature Descriptor
to extract comprehensive human features. Subsequently, in Sec.3.3,
we employ Adaptive Motion Latent Mapping to facilitate dynamic
interactions crucial for accurate motion prediction. Upon obtaining
the initial predicted 3D skeleton joints, the Spatial-temporal Corre-
lations Refinement module (Sec.3.4) further refines the correlations
between different body joints. Finally, Sec.3.5 outlines the decoding
and supervision of the network, while Sec.3.6 demonstrates the
potential of our methods across various settings.

ACM MM, 2024, Melbourne, Australia

3.1 Problem Definition

3D human motion prediction involves forecasting 3D human mo-
tion poses for the next few frames based on a few observed frames.
Let Py, = {Pl,Pz, Cel PTO} represent the historical point cloud
observation of length T;,, where P; denotes the point cloud frame at
time ¢. Additionally, denote JT0+1:TU+TP = { Jr,+1 1425 - - s JT0+Tp}
as the predicted 3D pose sequence of length T,. Here J; € R24X3
signifies the future human pose of time t, represented by 24 3D
keypoint coordinates. Our approach aims to predict the T, frames
of future 3D human motion poses from the T, observed frames of
human LiDAR point clouds.

3.2 Structure-aware Body Feature Descriptor

Contrary to the inherently structured skeleton-based human mo-
tion representations, the sparse and disordered nature of LIDAR
point clouds pose substantial challenges for efficient feature extrac-
tion. Existing methods in human-focused research [36, 53] com-
monly adopt PointNet [35] to extract bodily features from point
clouds, using max pooling to distill key features from the LiDAR
data. While efficient and widely applied in existing LIDAR-based
human analytics, such an approach overlooks the rich geometric
and structural details in the 3D point cloud data, which are essential
for deriving expressive features that accurately represent human
body structure. To overcome these limitations, we introduce the
Structure-aware Body Feature Descriptor. Our approach combines
the holistic global feature of the entire body with detailed local
features that capture the semantics of anatomical body parts, in-
cluding the thigh, calf, arm, and more. This decomposition enables
a nuanced and comprehensive representation of human motion,
facilitating a deeper understanding of complex movements.

Specifically, given a frame of point cloud observation of the
past human motion P; = {p1,...,pN} € Py7,, we segment the
human body point cloud into K semantically meaningful anatom-
ical parts via a pre-trained human part segmentation model ().
Details of the pre-trained human parsing model are illustrated in
the supplementary materials. We retrieve the point-wise features
Fi = {f1, f2,- .., fn} from the PointNet encoder before the global
max-pooling. These point-wise features are then scattered into K
bins corresponding to different body part segments. Within each
bin, we perform max-pooling across the points to obtain part-wise
feature Hpqrr € RToxKxd:,

Hpart = {Hpqre = MaxPool({|®(pi) == k}|k = 1,2,...,K}. (1)
We then integrate the global body feature Hy, yielded by the Point-
Net encoder with the part-wise feature to obtain the structure-
aware body feature descriptor H:

H = [Hyj, ® Hpart| € RTXKxdy @)

where & denotes concatenation. The feature descriptor is further
enhanced with a spatial-temporal transformer layer, which models
the non-linear dependencies among the body parts across different
frames, further refining the descriptor’s ability to capture complex
bodily dynamics.
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Figure 2: The pipeline of our LIDAR-HMP. First, we obtain the structure-aware body feature descriptor from the observed
LiDAR point cloud frames. Then, we adaptively predict the human motion with learnable queries for initial predictions and
explicitly model the spatial-temporal correlations among them to refine the predicted motions. Finally, we decode the joint-wise

results and point-wise results for auxiliary supervision.

3.3 Adaptive Motion Latent Mapping

Building upon the expressive feature descriptor of the observed Li-
DAR point cloud frames, we advance towards predicting the future
3D human motion from historical motion observations. Specifically,
we initialize a set of learnable motion queries Hy € R(To+Tp) x (K+1)xdy
following a normal distribution A (0, 0.02), designated for each of
the observed and predicted frames. These queries then selectively
assimilate information from past frame descriptors within a trans-
former decoder layer to translate past frame features into a com-
prehensive feature set that encapsulates both past observations
and future predictions, thereby laying the foundation for accurate
human motion forecasting:

F = MHCA (Q : WgHy, K: WiH,V : W,H), 3)

where MHCA(- query, - key, - value ) represents the multi-head
cross-attention layer [41] and Wy, Wy, Wy, are the linear projection
for query, key and value. To further reinforce the spatial-temporal
consistency within the updated body features, we apply spatial
and temporal transformer layers, progressively refining the pre-
dicted motion features F into F’. Finally, we regress the coarse 3D
joints J; € R24*3 through the refined motion features F’. The loss
function can be formulated as below:

To+T,,

Linitial = Z ”jt - Jt”z . 4
=1

3.4 Spatial-temporal Correlations Refinement

Leveraging the aforementioned modules, we derive the initial pre-
dicted 3D skeletal joints. However, given the structured nature of
human joint motion, it is crucial to explicitly model the spatial-
temporal correlations among various human joints for accurate
motion prediction. To address this, we employ a spatial-temporal
transformer to integrate joint features, local semantic features, and
global geometric features. This facilitates dynamic refinement of
these correlations, effectively modeling the spatio-temporal contex-
tual information. Specifically, we first embed the coarse 3D pose
predictionj = { Fi b, fT} into joint-wise features using an

Multilayer Perceptron(MLP) layer:
Ejoint = MLP(J) € RT"#4%, (5)

where T = Ty + Tp. Similarly, we transform the refined motion
features F’ to the same dimension:

Ep = MLP(F') € RT*(K+1)xd; (6)

These are concatenated to form tokens TK = [Ejoint ) F] for the
transformer layers. To explore implicit information within these
tokens, we deploy a spatial transformer (STFormer) Fs7r and a tem-
poral transformer (TTFormer) Frrr to capture the dependencies
within spatial and temporal dimensions, respectively. The STFormer
aims to model the spatial dependencies among all tokens within a
frame. We slice the token embedding TK at the spatial dimension
and encode the i token TK! with a learnable spatial positional
encoding to signify each token’s relative spatial location before
processing by STFormer. Utilizing the self-attention mechanism,
STFormer models the dependencies of all tokens per frame, yielding
spatially consecutive token-wise features as below:

H; = {FSTF (ricre) | 1} e RTX(Km29)xd ()

tl=
Conversely, TTFormer is tasked with discerning the temporal cor-
relations to ensure temporal consistency and motion accuracy. It
regards each feature across the sequence as tokens, generating
features TK; € RK+25)%Xdz with a total of T tokens, where TK;
represents the ! token of the token embedding TK sliced in the
temporal dimension. Additionally, we append a learnable temporal
positional encoding to TK’ to mark each token’s temporal posi-
tion in the sequence. The TTFormer then encodes the temporally
modeled motion features as:

. [(K+25)
Hy = {FTTF (TKy.7)! ‘i:l } e RTX(K+25)xd; ®

We adopt STFormer and TTFormer layers alternatively, which en-
ables a thorough modeling of spatial-temporal correlations. STFormer
layers effectively capture the complex spatial relationships present
in the data, whereas TTFormer layers adeptly model the temporal
dynamics of human motion. By focusing on both spatial and tempo-
ral aspects, essentially the “where” and the “when” of motion, our
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Table 1: Short-term motion prediction results of MPJPE(mm) on LIPD [53] and LIDARHuman26M [17] datasets. “AVG” means

the average MPJPE results of 100ms, 200ms, 300ms and 400ms.

Methods ‘ Publication Year ‘ LIPD [53] ‘ LiDARHuman26M [17]
| | 100ms| 200ms| 300ms| 400ms| AVG] | 100ms| 200ms| 300ms| 400ms| AVG]|
LiDARCap [17]+SPGCN [28] | 2022/2022 | 8263 10098 11671 12867 107.25 | 83.69 9468 10509 11397 9935
LiDARCap [17]+Eqmotion [47] | 2022/2023 | 81.27  97.26  111.28 12279 103.15 | 8301 9166 10115 10991  96.43
LiDARCap [17]+AuxFormer [46] | 2022/2023 | 8209  99.19  113.80 12489 10499 | 8377 9490 10536  113.96  99.50
LIP [53]+SPGCN [28] | 2023/2022 | 7775 9567 11140 123.68 10212 | 8120 9143  101.22 11007 9598
LIP [53]+Eqmotion [47] | 2023/2023 | 7734 9378 10819 12018 99.87 | 8114 8976 9880  107.49  94.30
LIP [53]+AuxFormer [46] | 2023/2023 | 77.81 9500  109.85 12118 100.96 | 81.31 9170 10177 11025 96.26
LiveHPS [36]+SPGCN [28] | 2024/2022 | 7040  87.83 10362 11621 9451 | 7629 8487 9389  101.73  89.20
LiveHPS [36]+Eqmotion [47] | 2024/2023 | 71.60 8775  102.67 11540 9422 | 7697 8417 9250 10114  88.69
LiveHPS [36]+AuxFormer [46] | 2024/2023 | 70.89 8831 10369 11555 9461 | 77.13  86.65  96.62 10440  91.20
MDM [40] | 2023 | 7738  89.28 10073 11066 9451 | 7312 7821  85.65 9268 8241
Ours | 60.05 70.84 8265 9370 76.80 | 67.09 69.88 7657  84.64 7455

approach achieves a comprehensive analysis and synthesis, leading
to more accurate and coherent motion predictions.

3.5 Motion Prediction Head

In the network’s final phase, we employ dual heads to decode
human skeletons and point clouds concurrently, utilizing Multilayer
Perceptrons (MLPs). The joint-wise regression head utilizes three
MLP layers to decode the final joints jt’ € R?**3_To supervise the
training of this head, we apply an L loss:

To+T,

Lfinal = Z ”j[’ _]t”Z . (9)
t=1

For the point-wise regression head, three MLP layers are employed
to decode each local-semantic feature into points corresponding to
each human body part. With K predefined body parts, we achieve
the final point clouds representation 13; € REX32X3 We compare
the point cloud obtained from the network outputs P; = {;3 € R3},
|13t| = N, with P; with the ground truth point cloud P; = {p € R3},
|P¢] = M by Chamfer Distance as follow:

1 s 1 -
Lepe = D, minlp—pli+ - > minlp—pll5.  (10)
ﬁepzp ! PEPtPGPt
The overall loss is:

L = Linitial + Linal + Lcp,r- (11)

3.6 Diverse Motion Prediction Extension

Given the highly subjective nature of human behaviour, motion
prediction requires multiple potential future predictions. We extend
our approach to diverse human motion prediction setting. Following
the above framework, we implement K = 4 multiple learnable

motion queries in our adaptive motion intention prediction module.

For each probable motion feature, they share all the network weight
during the training process. We can regard each learnable query
as a different motion mode that can map the past motion into

multiple future motion latent space with various motion patterns.
The “winner-take-all" (WTA) training strategy [10, 20] is employed,
which only optimizes the best prediction with minimal average
prediction error to the ground truth human motion.

4 EXPERIMENTS

In this section, we begin by introducing the datasets (Sec.4.1), im-
plementation details (Sec.4.2). Subsequently, we conduct a qualita-
tive and quantitative comparison between our method and current
state-of-the-art (SOTA) methods on two publicly available LIDAR-
based human motion datasets (Sec.4.3), showcasing the superiority
and generalization capabilities of our approach. Additionally, we
conduct ablation studies to illustrate the superiority of our net-
work design (Sec.4.4). Moreover, we analyze the robustness and
generalization ability of our method (Sec.4.5). Finally, we present ex-
perimental results on diverse human motion predictions in Sec.4.6,
highlighting its importance and utility in real-world scenarios, par-
ticularly in long-term prediction, where human behavior is highly
unpredictable and emergent.

4.1 Datasets

LIPD [53] is a comprehensive dataset designed for LiDAR-related
motion capture and focuses on a variety of challenging motions.
It includes data from 15 performers executing around 30 motion
types, amounting to 62,341 frames of LIDAR point clouds. LIDARHu-
man26M [17] includes contributions from 13 volunteers, consisting
of 11 males and 2 females. Each volunteer participated in sessions
ranging from 15 to 30 minutes, performing 20 types of daily motions
such as walking, swimming, running, phoning, and bowing. The
dataset contains 184,048 frames with a total of 26,414,383 points.

4.2 Implementation Details

We build our network on PyTorch 2.1.0 and CUDA 12.1, trained
over 100 epochs with batch size of 128, using an initial learning
rate of 1074, We set the hyper parameters of our model as {K =
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Table 2: Long-term motion prediction results of MPJPE(mm) on LIPD[53] and LIDARHuman26M [17] datasets. “AVG” means

the average MPJPE results of 600ms, 800ms and 1000ms.

Anonymous Authors

Methods ‘ Publication Year ‘ LIPD [53] ‘ LiDARHuman26M [17]
\ | 600ms| 800ms| 1000ms| AVG| | 600ms| 800ms| 1000ms| AVG]
LiDARCap [17]+SPGCN [28] |  2022/2022 | 14282 15370  159.64 15205 | 12542 13403  137.89  132.44
LiDARCap [17]+Eqmotion [47] | 2022/2023 | 138.83  147.95 15444 14691 | 12093 12685 13136  126.38
LiDARCap [17]+AuxFormer [46] |  2022/2023 | 137.10 147.15  153.54 14593 | 12286 12972 13405 12887
LIP [53]+SPGCN [28] | 2023/2022 | 13808 14946 15576  147.76 | 12079 12918  133.27  127.75
LIP [53]+Eqmotion [47] | 2023/2023 | 13603 14618  153.04 14508 | 118.84 12525  129.81  126.63
LIP [53]+AuxFormer [46] | 2023/2023 | 13379 14411 15079 14289 | 11873 12560 13039  124.91
LiveHPS [36]+SPGCN [28] | 2024/2022 | 130.66 14265  150.07 14113 | 111.79 119.97 12471  118.82
LiveHPS [36]+Eqmotion [47] |  2024/2023 | 13221 14341 15130 14231 | 11337 12030 12574  119.80
LiveHPS [36]+AuxFormer [46] | 2024/2023 | 127.03 137.92 14574  136.90 | 11240 11939 12422  118.67
MDM [40] \ 2023 | 13958 16251  173.69 15859 | 124.05 149.01  158.39  143.82
Ours | 11324 12649 13610 12528 | 100.85 110.81 117.00 109.55

Table 3: Ablation studies for network design on LIPD dataset, where “SBFD” denotes our structure-aware body feature descriptor
module, and “STCR” represents the spatial-temporal correlations refinement module.

Network Module ‘ short-term ‘ long-term
Baseline ‘ SBFD ‘ STCR ‘ point prediction ‘ 100ms ‘ 200ms ‘ 300ms ‘ 400ms ‘ AVG ‘ 600ms ‘ 800ms ‘ 1000ms ‘ AVG
oo | | | 64.49 | 7544 | 87.48 | 98.71 | 81.53 | 116.60 | 128.96 | 138.08 | 127.88
| v | | 6191 | 73.11 | 84.64 | 9587 | 78.88 | 114.44 | 12691 | 136.17 | 125.84
| vV |V | 60.46 | 7130 | 83.08 | 94.21 | 77.26 | 113.10 | 12578 | 135.33 | 124.74
| vV |V v | 60.05 | 70.84 | 82.65 | 93.70 | 76.80 | 112.84 | 125.51 | 135.11 | 124.49

9,dy = 1024, dy = 512} across all experiments. The process was run
on a server equipped with two Intel(R) Xeon(R) E5-2678 CPUs and
4 NVIDIA RTX3090 GPUs. We resample each frame of input point
clouds P; to a fixed N = 256 points by the farthest point sample
algorithm, then we subtract the center coordinates of point clouds to
normalize the input data. Following skeleton-based human motion
prediction methods [18, 28], our model takes 0.4s continuous point
clouds as input(4 frames for LiDAR with 10fps), and we predict
the future 0.4s(4 frames) and 1.0s(10 frames) human motion for
short-term and long-term prediction, respectively. For compared
methods, we keep the same training strategy as in the original paper.
For training data, we take training set of LIDAR-related human
motion dataset LIPD [53], LIDARHuman26M [17], and synthetic
dataset of a subset of AMASS [29], including ACCAD, BMLMovi,
CMU following LIP [53]. We leverage Mean Per Joint Position Error
(MPJPE) in millimeters as our evaluation metric, which is a common
metric used for evaluating the accuracy of predicted 3D human
poses against ground truth data.

4.3 Results

We evaluate LIDAR-HMP against several state-of-the-art meth-
ods [17, 28, 36, 40, 46, 47, 53] on two public datasets (LIPD [53]
and LiDARHuman26M [17]) to demonstrate its superiority in 3D
human motion prediction task. The results for short-term and long-
term human motion prediction are shown in Tab. 1 and Tab. 2,
respectively.

(1) Comparison with two-stage methods. Conventional methods
for human motion prediction typically rely on historical ground
truth skeletons as input. In contrast, our method utilizes histor-
ical LiDAR frames alone. We integrate results from state-of-the-
art LIDAR-based 3D human pose estimation methods into these
skeleton-based approaches. Due to accumulative error and the
loss of fine-grained features, two-stage methods often show de-
graded performance in real-world scenarios that depend solely on
raw sensor data. In contrast, our approach demonstrates substan-
tial improvements, achieving enhancements of average 17.42mm
and 7.86mm in short-term human motion prediction, and average
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Table 4: Ablation of structure-aware body feature descriptor
on LIPD dataset.
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Table 5: Ablation of adaptive motion latent mapping module
on LIPD dataset.

global local‘ 100 200 300 400 600 800 1000

‘ 100 200 300 400 600 800 1000

v 6340 7465 86.88 98.08 116.28 12874 137.78
v 60.67 7142 8293 9390 114.26 127.05 136.57
v v 60.05 70.84 82.65 93.70 112.84 125.51 135.11

)i

A AT TR RT AL )

static padding | 60.95 71.47 83.11 9427 11321 12633  136.39
linear mapping | 60.94 7193 83.62 9470 113.58 126.29 136.49
ours 60.05 70.84 82.65 93.70 112.84 125.51 135.11
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Figure 3: Qualitative comparisons of long-term predictions on LIPD and LiDARHuman26M dataset. “GT” denotes the future
ground truth skeletons. The green arrow denotes the motion trace.

11.62mm and 9.12mm in long-term prediction on the LIPD and Li-
DARHuman26M datasets, respectively. This superior performance
stems from our method’s capability to fully capture the dynamic
spatial-temporal motion features from raw LiDAR point clouds.
Our approach not only bypasses the inaccuracies introduced by
intermediate skeletons from 3D pose estimation methods, but also
retains the fine-grained, point-level features from the raw LiDAR
data.

(2) Comparison with diffusion-based method. In addition, we also
adapt the Motion Diffusion Model (MDM) [40] methodology for
LiDAR-based human motion prediction by substituting its text en-
coder with a PointNet [35] encoder for another comparison. From
Tab. 1 and Tab. 2, we can observe that diffusion-based methods ob-
tain limited performance. This is mainly because the diffusion-based
method relies on gradually denoising a signal towards generating a
coherent output, may struggle with the variability and noise inher-
ent in point cloud data. The nuances of human motion, particularly
subtle movements are lost or inadequately captured during the
diffusion process.

Furthermore, visual comparisons in Fig. 3 highlight our method’s
superiority in predicting long-term complex motions. Such as pre-
dicting the motion of bending down and getting up in LIPD and
the motion of the lowering left hand and raising the right hand in
LiDARHuman26M, MDM and two-stage method can only predict
short-term motions or remain consistent with historical motions. By
effectively modeling dynamic spatial-temporal correlations among
structure-aware motion features from raw visual input, our ap-
proach offers enhanced accuracy and applicability in real-world
scenarios of 3D human motion prediction.

4.4 Ablation on Network and Module Design

(1) Ablation on overall network design. We assess the efficacy of
our proposed modules through comprehensive ablation studies on
LIPD [53] dataset, as detailed in Tab. 3. Notably, our baseline models
focus solely on global-geometric feature extraction and incorporate
the adaptive motion latent mapping module. Incorporating fine-
grained local-semantic features leads to average 2.65mm, 2.04mm
improvements on short-term and long-term prediction, respectively.
The addition of our spatial-temporal correlations refinement module,
which explicitly models the spatial-temporal relationships among
distinct body joints and structure-aware motion features, further
refines our 3D human motion predictions. Introducing an auxiliary
points regression head also contributes to performance improve-
ments by providing additional supervision, thereby enhancing the
network’s predictive capabilities.

(2) Structure-aware body feature descriptor. The analysis pre-
sented in Tab. 4 underscores the importance of fine-grained local-
semantic feature modeling, especially for capturing nuanced body
movements. Our approach effectively leverages both holistic global-
geometric motion features and detailed local-semantic information,
delivering more robust and precise human motion predictions.

(3) Adaptive motion latent mapping. To validate the effectiveness
of our adaptive motion latent mapping module, we conducted ex-
periments by replacing the module’s learnable motion query with a
linear mapping in the temporal dimensions using an MLP. Addition-
ally, we compare our method against a "static padding” approach,
where future motions are extrapolated by replicating the last frame
of observed motion at the input stage. As shown in Tab. 5, our
approach achieves superior performance. This is attributed to our
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Table 6: MinMPJPE(mm) results of diverse motion prediction extension. “AVG” means the average MPJPE(mm).

. LIPD [53] \ LiDARHuman26M [17]
motions
| 200ms] | 400ms| | 600ms| | 800ms| | 1000ms| | AVG| | 200ms| | 400ms| | 600ms| | 800ms| | 1000ms| | AVG]|
1 70.84 | 93.70 | 113.24 | 126.49 | 136.10 | 108.07 | 69.88 84.64 | 102.16 | 11251 | 118.40 | 97.51
4 68.61 87.49 98.25 | 106.03 | 117.68 | 95.61 | 64.57 78.09 91.16 98.25 107.21 | 87.85

Table 7: Ablation on LIPD with simulated occlusion.

Table 8: Ablation on LIPD with simulated noise.

occlusion ratio‘ 100 200 300 400 600 800 1000

0% 60.05 70.84 82.65 9370 112.84 125.51 135.11
20% 61.60 72.60 84.48 9568 114.66 127.31 136.72
40% 6296 74.22 86.34 97.70 116.16 128.62 137.88
80% 66.57 7829 90.75 102.20 120.28 132.59 141.40

learnable motion query’s ability to selectively assimilate informa-
tion from past motion features and more accurately project it into
the future motion latent space.

4.5 Generalization Capability Test

(1) Distance. To assess the generalization capability of our LIDAR-
HMP across point clouds of varying sparsity and distances, we
evaluate our method on the LIPD testing sets. Performance of the
short-term motion prediction at 0.4s and long-term motion predic-
tion at 1.0s in different distances is illustrated in Figure 4. Despite
the decreasing density of LIDAR human point clouds with increas-
ing distance results in sparser representations, our method still
maintains stable performance up to a long-range distance of 17
meters. This stability is crucial for large-scale applications such
as autonomous driving and robot obstacle avoidance, where mo-
tion prediction at long ranges is essential. At about 20 meters, the
point cloud may reduce to roughly 30 points, capturing only the
basic human outline, which poses challenges for capturing detailed
movements. Nonetheless, our method consistently delivers the best
performance, even under these extreme conditions.

Short-term(0.4s) Long-term(1.0s)
129.50
& LiveHPS+AuxFormer /3.5 | W LiveHPS+AuxFormer
MDM // ’ H MDM
o Ours o Ours
2 & 103307 o0 = &F
; a’a ! d ,/'/ g
= $3.90 &
= : =
P
/\(\ 68. - \“;‘/
10-14 14-17 17-20 10-14 14-17 17-20
Distance(m) Distance(m)

Figure 4: Evaluation for the generalization capability on var-
ious distances on LIPD.

(2) Occlusion and noise. To evaluate the robustness of our al-
gorithm against occlusions and noise, we conduct simulations on
the LIPD dataset. We introduce random noise by adding 30 noise
points around the human point clouds and apply noise to 20%, 40%,
and 80% of the frames, respectively. For occlusion simulation, we

noise ratio‘ 100 200 300 400 600 800 1000

0% 60.05 70.84 82.65 93.70 112.84 125.51 135.11
20% 61.49 7252 8455 95.81 11397 126.63 136.18
40% 62.29 73.29 8524 96.42 114.43 127.27 136.96
80% 63.02 74.02 8593 97.13 11547 12821 137.55

randomly mask points within a cubic region measuring 0.4 meters
on each side on the human body, affecting 20%, 40%, and 80% of the
frames respectively. The results, as presented in Tab. 7 and Tab. 8,
demonstrate that even under severe 80% noise or occlusion, the
performance of our algorithm only slightly decreases, underscoring
its robustness to noise and occlusions. More visualization results on
noise and occlusion cases are detailed in our supplementary.

(3) Real-world applications. Fig. 1 shows that our method is practi-
cal for in-the-wild scenarios, capturing human motion in real-world
scenarios day and night with real-time performance about 40 fps.
This strongly demonstrates the feasibility and superiority of our
method in real-life applications.

4.6 Diverse Motion Prediction Extension

Given the inherent spontaneity and unpredictability of human be-
havior, deterministic action predictions, which provide only a single
outcome, are not optimal for scenarios requiring the anticipation
of multiple possible outcomes for accurate decision-making. To
address this, we expand our framework to diverse human motion
predictions, covering up to four potential future motions. Our com-
parative analysis of deterministic and diverse motion predictions,
detailed in Table 6, reveals that as the prediction time horizon in-
creases, so does the uncertainty in human motion. This underscores
the benefits of adopting diverse predictions, particularly for long-
term forecasting. Visualizations of these diverse motion prediction
results can be found in our supplementary materials.

5 CONCLUSION

We introduce the first single-LiDAR-based method for practical 3D
human motion prediction. Building upon our effective structure-
aware body feature descriptor, our approach adaptively maps the
observed motion manifold to the future and models the spatial-
temporal correlations of the human motion for further refinement.
Additionally, we extend our method to support diverse predictions,
accommodating multiple potential future motions for improved
decision-making in real-world applications. Extensive experiments
validate our method’s superior performance and generalization
capabilities in real-world human motion prediction scenarios.

876
877
878
879
880
881
882
883
884
885
886
887
888
889
890
891
892
893
894
895
896
897
898
899
900
901
902
903
904
905
906
907
908
909
910
911
912
913
914
915
916
917
918
919
920
921
922
923
924
925
926
927
928



929
930
931
932
933
934
935
936
937
938
939
940
941
942
943
944
945
946
947
948
949
950
951
952
953
954
955
956
957
958
959
960
961
962
963
964
965
966
967
968
969
970
971
972
973
974
975
976
977
978
979
980
981
982
983
984
985

986

Towards Practical Human Motion Prediction with LiDAR Point Clouds

REFERENCES

(1]

[2

[

(3

=

[10

(11

[12]

[13]

[14]

[15

[16]

[17

[18]

[19

[20

[21

[22]

Emre Aksan, Manuel Kaufmann, Peng Cao, and Otmar Hilliges. 2021. A spatio-
temporal transformer for 3d human motion prediction. In 2021 International
Conference on 3D Vision (3DV). IEEE, 565-574.

Yujun Cai, Lin Huang, Yiwei Wang, Tat-Jen Cham, Jianfei Cai, Junsong Yuan,
Jun Liu, Xu Yang, Yiheng Zhu, Xiaohui Shen, et al. 2020. Learning progressive
joint propagation for human motion prediction. In Computer Vision—-ECCV 2020:
16th European Conference, Glasgow, UK, August 23-28, 2020, Proceedings, Part VI
16. Springer, 226-242.

Ming Chen, Zhewei Wei, Zengfeng Huang, Bolin Ding, and Yaliang Li. 2020.
Simple and deep graph convolutional networks. In International conference on
machine learning. PMLR, 1725-1735.

Runnan Chen, Xinge Zhu, Nenglun Chen, Wei Li, Yuexin Ma, Ruigang Yang,
and Wenping Wang. 2023. Bridging Language and Geometric Primitives for
Zero-shot Point Cloud Segmentation. In Proceedings of the 31st ACM International
Conference on Multimedia. 5380-5388.

Xiaodong Chen, Wu Liu, Xinchen Liu, Yongdong Zhang, Jungong Han, and Tao
Mei. 2022. Maple: Masked pseudo-labeling autoencoder for semi-supervised point
cloud action recognition. In Proceedings of the 30th ACM International Conference
on Multimedia. 708-718.

Peishan Cong, Yiteng Xu, Yiming Ren, Juze Zhang, Lan Xu, Jingya Wang, Jingyi
Yu, and Yuexin Ma. 2022. Weakly Supervised 3D Multi-person Pose Estimation
for Large-scale Scenes based on Monocular Camera and Single LiDAR. arXiv
preprint arXiv:2211.16951 (2022).

Yudi Dai, Yi Lin, Chenglu Wen, Siqi Shen, Lan Xu, Jingyi Yu, Yuexin Ma, and
Cheng Wang. 2022. HSC4D: Human-centered 4D Scene Capture in Large-scale
Indoor-outdoor Space Using Wearable IMUs and LIDAR. CVPR (2022), 6782-6792.
Lingwei Dang, Yongwei Nie, Chengjiang Long, Qing Zhang, and Guiqing Li. 2021.
Msr-gen: Multi-scale residual graph convolution networks for human motion
prediction. In Proceedings of the IEEE/CVF international conference on computer
vision. 11467-11476.

Lingwei Dang, Yongwei Nie, Chengjiang Long, Qing Zhang, and Guiqing Li.
2022. Diverse human motion prediction via gumbel-softmax sampling from
an auxiliary space. In Proceedings of the 30th ACM International Conference on
Multimedia. 5162-5171.

Nemanja Djuric, Vladan Radosavljevic, Henggang Cui, Thi Nguyen, Fang-Chieh
Chou, Tsung-Han Lin, Nitin Singh, and Jeff Schneider. 2020. Uncertainty-aware
short-term motion prediction of traffic actors for autonomous driving. In Pro-
ceedings of the IEEE/CVF Winter Conference on Applications of Computer Vision.
2095-2104.

Katerina Fragkiadaki, Sergey Levine, Panna Felsen, and Jitendra Malik. 2015.
Recurrent network models for human dynamics. In Proceedings of the IEEE inter-
national conference on computer vision. 4346-4354.

Xuehao Gao, Shaoyi Du, Yang Wu, and Yang Yang. 2023. Decompose more
and aggregate better: Two closer looks at frequency representation learning for
human motion prediction. In Proceedings of the IEEE/CVF conference on computer
vision and pattern recognition. 6451-6460.

Liang-Yan Gui, Yu-Xiong Wang, Xiaodan Liang, and José MF Moura. 2018. Adver-
sarial geometry-aware human motion prediction. In Proceedings of the european
conference on computer vision (ECCV). 786-803.

Wenbo Hu, Changgong Zhang, Fangneng Zhan, Lei Zhang, and Tien-Tsin Wong.
2021. Conditional directed graph convolution for 3d human pose estimation. In
Proceedings of the 29th ACM International Conference on Multimedia. 602-611.
Siyuan Huang, Bo Zhang, Botian Shi, Hongsheng Li, Yikang Li, and Peng Gao.
2023. Sug: Single-dataset unified generalization for 3d point cloud classification.
In Proceedings of the 31st ACM International Conference on Multimedia. 8644-8652.
Ashesh Jain, Amir R Zamir, Silvio Savarese, and Ashutosh Saxena. 2016.
Structural-rnn: Deep learning on spatio-temporal graphs. In Proceedings of the
ieee conference on computer vision and pattern recognition. 5308-5317.

Jialian Li and etc. 2022. LIDARCap: Long-range Marker-less 3D Human Motion
Capture with LiDAR Point Clouds. In CVPR. 20502-20512.

Maosen Li, Siheng Chen, Zijing Zhang, Lingxi Xie, Qi Tian, and Ya Zhang. 2022.
Skeleton-parted graph scattering networks for 3d human motion prediction. In
European conference on computer vision. Springer, 18-36.

Maosen Li, Siheng Chen, Yangheng Zhao, Ya Zhang, Yanfeng Wang, and Qi Tian.
2020. Dynamic multiscale graph neural networks for 3d skeleton based human
motion prediction. In Proceedings of the IEEE/CVF conference on computer vision
and pattern recognition. 214-223.

Ming Liang, Bin Yang, Rui Hu, Yun Chen, Renjie Liao, Song Feng, and Raquel
Urtasun. 2020. Learning lane graph representations for motion forecasting. In
Computer Vision—-ECCV 2020: 16th European Conference, Glasgow, UK, August
23-28, 2020, Proceedings, Part II 16. Springer, 541-556.

Guanze Liu, Yu Rong, and Lu Sheng. 2021. Votehmr: Occlusion-aware voting net-
work for robust 3d human mesh recovery from partial point clouds. In Proceedings
of the 29th ACM International Conference on Multimedia. 955-964.

Hanbing Liu, Jun-Yan He, Zhi-Qi Cheng, Wangmeng Xiang, Qize Yang, Wen-
hao Chai, Gaoang Wang, Xu Bao, Bin Luo, Yifeng Geng, et al. 2023. Posynda:

[23]

[24

&~
i

[26

[27

[28

™
20,

(30]

(31

[32

w
&

(34

[35

[36]

[37

[38

[39]

[40]

[41]

[42]

[43

ACM MM, 2024, Melbourne, Australia

Multi-hypothesis pose synthesis domain adaptation for robust 3d human pose
estimation. In Proceedings of the 31st ACM International Conference on Multimedia.
5542-5551.

Jiaming Liu, Yue Wu, Maoguo Gong, Qiguang Miao, Wenping Ma, and Cai Xu.
2023. Exploring Dual Representations in Large-Scale Point Clouds: A Simple
Weakly Supervised Semantic Segmentation Framework. In Proceedings of the 31st
ACM International Conference on Multimedia. 2371-2380.

Yicheng Liu, Jinghuai Zhang, Liangji Fang, Qinhong Jiang, and Bolei Zhou. 2021.
Multimodal motion prediction with stacked transformers. In Proceedings of the
IEEE/CVF Conference on Computer Vision and Pattern Recognition. 7577-7586.
Zhenguang Liu, Shuang Wu, Shuyuan Jin, Shouling Ji, Qi Liu, Shijian Lu, and Li
Cheng. 2022. Investigating pose representations and motion contexts modeling
for 3D motion prediction. IEEE transactions on pattern analysis and machine
intelligence 45, 1 (2022), 681-697.

Zhiwei Liu, Xiangyu Zhu, Lu Yang, Xiang Yan, Ming Tang, Zhen Lei, Guibo Zhu,
Xuetao Feng, Yan Wang, and Jinqiao Wang. 2021. Multi-initialization optimization
network for accurate 3d human pose and shape estimation. In Proceedings of the
29th ACM International Conference on Multimedia. 1976—1984.

Kedi Lyu, Zhenguang Liu, Shuang Wu, Haipeng Chen, Xuhong Zhang, and
Yuyu Yin. 2021. Learning human motion prediction via stochastic differential
equations. In Proceedings of the 29th ACM International Conference on Multimedia.
4976-4984.

Tiezheng Ma, Yongwei Nie, Chengjiang Long, Qing Zhang, and Guiqing Li. 2022.
Progressively generating better initial guesses towards next stages for high-
quality human motion prediction. In Proceedings of the IEEE/CVF Conference on
Computer Vision and Pattern Recognition. 6437-6446.

Naureen Mahmood, Nima Ghorbani, Nikolaus F Troje, Gerard Pons-Moll, and
Michael ] Black. 2019. AMASS: Archive of motion capture as surface shapes. In
Proceedings of the IEEE/CVF international conference on computer vision. 5442~
5451.

Wei Mao, Miaomiao Liu, and Mathieu Salzmann. 2020. History repeats itself:
Human motion prediction via motion attention. In Computer Vision—ECCV 2020:
16th European Conference, Glasgow, UK, August 23-28, 2020, Proceedings, Part XIV
16. Springer, 474-489.

Julieta Martinez, Michael ] Black, and Javier Romero. 2017. On human motion
prediction using recurrent neural networks. In Proceedings of the IEEE conference
on computer vision and pattern recognition. 2891-2900.

Nigamaa Nayakanti, Rami Al-Rfou, Aurick Zhou, Kratarth Goel, Khaled S Re-
faat, and Benjamin Sapp. 2023. Wayformer: Motion forecasting via simple &
efficient attention networks. In 2023 IEEE International Conference on Robotics
and Automation (ICRA). IEEE, 2980-2987.

Zhenhua Ning, Zhuotao Tian, Guangming Lu, and Wenjie Pei. 2023. Boosting
Few-shot 3D Point Cloud Segmentation via Query-Guided Enhancement. In
Proceedings of the 31st ACM International Conference on Multimedia. 1895-1904.
Zehai Niu, Ke Lu, Jian Xue, Haifeng Ma, and Runchen Wei. 2021. Multi-view
3D Smooth Human Pose Estimation based on Heatmap Filtering and Spatio-
temporal Information. In Proceedings of the 29th ACM International Conference
on Multimedia. 442-450.

Charles R Qi, Hao Su, Kaichun Mo, and Leonidas J Guibas. 2017. Pointnet: Deep
learning on point sets for 3d classification and segmentation. In Proceedings of
the IEEE conference on computer vision and pattern recognition. 652—660.

Yiming Ren, Xiao Han, Chengfeng Zhao, Jingya Wang, Lan Xu, Jingyi Yu, and
Yuexin Ma. 2024. LiveHPS: LiDAR-based Scene-level Human Pose and Shape
Estimation in Free Environment. arXiv preprint arXiv:2402.17171 (2024).
Chuanfu Shen, Chao Fan, Wei Wu, Rui Wang, George Q Huang, and Shigi Yu. 2023.
Lidargait: Benchmarking 3d gait recognition with point clouds. In Proceedings of
the IEEE/CVF Conference on Computer Vision and Pattern Recognition. 1054-1063.
Pengxiang Su, Zhenguang Liu, Shuang Wu, Lei Zhu, Yifang Yin, and Xuanjing
Shen. 2021. Motion prediction via joint dependency modeling in phase space. In
Proceedings of the 29th ACM International Conference on Multimedia. 713-721.
Jiangxin Sun, Zihang Lin, Xintong Han, Jian-Fang Hu, Jia Xu, and Wei-Shi Zheng.
2021. Action-guided 3d human motion prediction. Advances in Neural Information
Processing Systems 34 (2021), 30169-30180.

Guy Tevet, Sigal Raab, Brian Gordon, Yoni Shafir, Daniel Cohen-or, and
Amit Haim Bermano. 2023. Human Motion Diffusion Model. In The Eleventh
International Conference on Learning Representations. https://openreview.net/
forum?id=SJ1kSyO2jwu

Ashish Vaswani, Noam Shazeer, Niki Parmar, Jakob Uszkoreit, Llion Jones,
Aidan N Gomez, Lukasz Kaiser, and Illia Polosukhin. 2017. Attention is all
you need. Advances in neural information processing systems 30 (2017).

Jiexin Wang, Yujie Zhou, Wenwen Qiang, Ying Ba, Bing Su, and Ji-Rong Wen.
2023. Spatio-Temporal Branching for Motion Prediction using Motion Increments.
In Proceedings of the 31st ACM International Conference on Multimedia. 4290-4299.
Yuanbin Wang, Shaofei Huang, Yulu Gao, Zhen Wang, Rui Wang, Kehua Sheng,
Bo Zhang, and Si Liu. 2023. Transferring CLIP’s Knowledge into Zero-Shot
Point Cloud Semantic Segmentation. In Proceedings of the 31st ACM International
Conference on Multimedia. 3745-3754.

987

988

989

990

991

992

993

994

995

996

997

998

999

1000
1001
1002
1003
1004
1005
1006
1007
1008
1009
1010
1011
1012
1013
1014
1015
1016
1017
1018
1019
1020
1021
1022
1023
1024
1025
1026
1027
1028
1029
1030
1031
1032
1033
1034
1035
1036
1037
1038
1039
1040
1041
1042
1043

1044


https://openreview.net/forum?id=SJ1kSyO2jwu
https://openreview.net/forum?id=SJ1kSyO2jwu

1045
1046
1047
1048
1049
1050
1051
1052
1053
1054
1055
1056
1057
1058
1059
1060
1061
1062
1063
1064
1065
1066
1067
1068
1069
1070
1071
1072
1073
1074
1075
1076
1077
1078
1079
1080
1081
1082
1083
1084
1085
1086
1087
1088
1089
1090
1091
1092
1093
1094
1095
1096
1097
1098
1099
1100
1101

1102

ACM MM, 2024, Melbourne, Australia

[44] Zhihao Wang, Yulin Zhou, Ningyu Zhang, Xiaosong Yang, Jun Xiao, and Zhao
Wang. 2024. Existence Is Chaos: Enhancing 3D Human Motion Prediction with
Uncertainty Consideration. In Proceedings of the AAAI Conference on Artificial
Intelligence, Vol. 38. 5841-5849.

[45] Peng Wu, Xiankai Lu, Jianbing Shen, and Yilong Yin. 2023. Clip Fusion with

Bi-level Optimization for Human Mesh Reconstruction from Monocular Videos.

In Proceedings of the 31st ACM International Conference on Multimedia. 105-115.

Chenxin Xu, Robby T Tan, Yuhong Tan, Siheng Chen, Xinchao Wang, and Yanfeng

Wang. 2023. Auxiliary tasks benefit 3d skeleton-based human motion prediction.

In Proceedings of the IEEE/CVF International Conference on Computer Vision. 9509~

9520.

[47] Chenxin Xu, Robby T Tan, Yuhong Tan, Siheng Chen, Yu Guang Wang, Xinchao
Wang, and Yanfeng Wang. 2023. Eqmotion: Equivariant multi-agent motion
prediction with invariant interaction reasoning. In Proceedings of the IEEE/CVF
Conference on Computer Vision and Pattern Recognition. 1410-1420.

[48] Yiteng Xu, Peishan Cong, Yichen Yao, Runnan Chen, Yuenan Hou, Xinge Zhu,

Xuming He, Jingyi Yu, and Yuexin Ma. 2023. Human-centric Scene Understanding

for 3D Large-scale Scenarios. arXiv preprint arXiv:2307.14392 (2023).

Maosheng Ye, Jiamiao Xu, Xunnong Xu, Tengfei Wang, Tongyi Cao, and Qifeng

Chen. 2023. Bootstrap motion forecasting with self-consistent constraints. In

Proceedings of the IEEE/CVF International Conference on Computer Vision. 8504—

8514.

[46

[49

Anonymous Authors

[50] Jinlu Zhang, Yujin Chen, and Zhigang Tu. 2022. Uncertainty-aware 3d human

pose estimation from monocular video. In Proceedings of the 30th ACM Interna-
tional Conference on Multimedia. 5102-5113.

Jason Y Zhang, Panna Felsen, Angjoo Kanazawa, and Jitendra Malik. 2019. Predict-
ing 3d human dynamics from video. In Proceedings of the IEEE/CVF International
Conference on Computer Vision. 7114-7123.

Wanying Zhang, Shen Zhao, Fanyang Meng, Songtao Wu, and Mengyuan Liu.
2023. Dynamic Compositional Graph Convolutional Network for Efficient Com-
posite Human Motion Prediction. In Proceedings of the 31st ACM International
Conference on Multimedia. 2856-2864.

Chengfeng Zhao, Yiming Ren, Yannan He, Peishan Cong, Han Liang, Jingyi
Yu, Lan Xu, and Yuexin Ma. 2022. LiDAR-aid Inertial Poser: Large-scale Hu-
man Motion Capture by Sparse Inertial and LiDAR Sensors. arXiv preprint
arXiv:2205.15410 (2022).

Ziyu Zhao, Zhenyao Wu, Xinyi Wu, Canyu Zhang, and Song Wang. 2022. Cross-
modal few-shot 3d point cloud semantic segmentation. In Proceedings of the 30th
ACM international conference on multimedia. 4760-4768.

Kangkang Zhou, Lijun Zhang, Feng Lu, Xiang-Dong Zhou, and Yu Shi. 2023.
Efficient Hierarchical Multi-view Fusion Transformer for 3D Human Pose Esti-
mation. In Proceedings of the 31st ACM International Conference on Multimedia.
7512-7520.

1103
1104
1105
1106
1107
1108
1109
1110
1111
1112
1113
1114
1115
1116
1117
1118
1119
1120
1121
1122
1123
1124
1125
1126
1127
1128
1129
1130
1131
1132
1133
1134
1135
1136
1137
1138
1139
1140
1141
1142
1143
1144
1145
1146
1147
1148
1149
1150
1151
1152
1153
1154
1155
1156
1157
1158
1159

1160



	Abstract
	1 Introduction
	2 Related Work
	2.1 Human Motion Prediction
	2.2 LiDAR-based Human-centric Applications

	3 Methodology
	3.1 Problem Definition
	3.2 Structure-aware Body Feature Descriptor
	3.3 Adaptive Motion Latent Mapping
	3.4 Spatial-temporal Correlations Refinement
	3.5 Motion Prediction Head
	3.6 Diverse Motion Prediction Extension

	4 Experiments
	4.1 Datasets
	4.2 Implementation Details
	4.3 Results
	4.4 Ablation on Network and Module Design
	4.5 Generalization Capability Test
	4.6 Diverse Motion Prediction Extension

	5 Conclusion
	References

