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Abstract

Grasping the intricacies of human motion, which involve per-
ceiving spatio-temporal dependence and multi-scale effects,
is essential for predicting human motion. While humans in-
herently possess the requisite skills to navigate this issue, it
proves to be markedly more challenging for machines to em-
ulate. To bridge the gap, we propose the Human-like Vision
and Inference System (HVIS) for human motion prediction,
which is designed to emulate human observation and fore-
cast future movements. HVIS comprises two components: the
human-like vision encode (HVE) module and the human-like
motion inference (HMI) module. The HVE module mimics
and refines the human visual process, incorporating a retina-
analog component that captures spatiotemporal information
separately to avoid unnecessary crosstalk. Additionally, a vi-
sual cortex-analogy component is designed to hierarchically
extract and treat complex motion features, focusing on both
global and local features of human poses. The HMI is em-
ployed to simulate the multi-stage learning model of the hu-
man brain. The spontaneous learning network simulates the
neuronal fracture generation process for the adversarial gen-
eration of future motions. Subsequently, the deliberate learn-
ing network is optimized for hard-to-train joints to prevent
misleading learning. Experimental results demonstrate that
our method achieves new state-of-the-art performance, sig-
nificantly outperforming existing methods by 19.8% on Hu-
man3.6M, 15.7% on CMU Mocap, and 11.1% on G3D.

Introduction

Comprehending and predicting human motion constitute an
integral aspect of computer vision (Su et al. 2021). Hu-
mans exhibit an intuitive understanding of human motion,
effortlessly anticipating various ranges of motions and ef-
fectively interacting with their physical surroundings (e.g.,
avoiding crowds on the street). However, this ability is not
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Figure 1: Problem illustration.

easily replicated in machines due to the complex relation-
ship between human motion, kinematics, and anatomy. Con-
sequently, building models that enable machines to compre-
hend and predict human motion is crucial yet challenging.
Valid models impel machines to understand and react to hu-
man behaviors, which are likewise essential for augmented
reality (Nescher and Kunz 2012), animation (Zhang and Li
2006), and automatic drive (Yang, Yuan, and Liu 2020).

Propelled by the evolution of deep neural networks
(DNNS) and the availability of large-scale public motion
capture datasets, human motion prediction (HMP) has wit-
nessed extensive investigation and remarkable advance-
ments. Recurrent neural networks (RNNs) such as Long
Short-Term Memory (LSTM) (Hochreiter and Schmidhuber
1997), and Gated Recurrent Unit (GRU) (Cho et al. 2014)
have emerged as mainstream solutions for HMP tasks. Re-
searchers also leverage anatomical and kinematic constraints
to improve performance, incorporating convolutional neu-
ral networks (CNNs) (Zhou et al. 2021) due to their ability
to capture spatial information. Further, generative adversar-
ial networks (GANs) (Barsoum, Kender, and Liu 2018) and
variational Auto-Encoder (VAE) (Sohn, Lee, and Yan 2015)
are employed to implement non-deterministic predictions.



Throughout the achievements of HMP, current method-
ologies are still hindered by three primary challenges: i)
The high stochastic nature of human motions: Regu-
lar motion (e.g., simple harmonic motion, and parabolic
motion) can be accurately described by mathematical or
physical formulas. Unfortunately, the degrees of freedom
(DOFs) of joint movements within space, coupled with un-
predictable internal and external stimuli over time, ren-
der the description of complex human motions exceedingly
challenging using traditional mathematical or physical mod-
els. Therefore, accurately capturing spatio-temporal depen-
dencies in such a stochastic state is challenging. ii) The
high dimensionality of human poses: Accurate HMP ne-
cessitates precise prediction of the changes in each joint.
a pose is consisted of joints J (usually J € [17,56]).
The prior pose sequence p, has M frames and the future
pose sequence py has N frames (usually M, N € [5,25]).
Accordingly, the dimensionality of a pose sequence D =
3xJx M(or N) (D € [255,4200]). As a result, such a
large amount of data presents an obstacle to understanding
the structural characteristics of human bodies. iii) Insuf-
ficiency in capturing long-term dependencies: Predicting
future poses is overly dependent on the RNNS, which leads
to errors accumulating during the recurrent process. Addi-
tionally, easy-to-train points (e.g., static joints) can be mis-
leading for training. Clearly, these issues lead to difficulties
in capturing long-term dependencies.

Interestingly, humans are naturally well-equipped to deal
with these challenges, such as effective defending an oppos-
ing player in a football match. This greatly inspires us to em-
ulate human patterns in order to accomplish this task, which
can yield substantial advantages for machines to understand
and model human motion. Now the question is how fo de-
sign a framework to perform human-like HMP task? As
a first attempt, we explored human pose regression based
on human vision and inference to enhance HMP perfor-
mance. 1) Visual Perception: Given the inherent graph
structure of skeleton-based human poses, current methods
typically employ spatio-temporal graphs to naturally capture
spatio-temporal dependencies. A straightforward extension
involves utilizing spatio-temporal maps of all joints in the
observed sequence to capture both the structural informa-
tion of the pose and its temporal dependencies. However,
while there is an inherent spatial correlation between neigh-
boring joints in a human pose, the temporal trajectories of
individual joints tend to be relatively independent. Thus,
the spatial structure of the pose and its temporal dynamics
across frames must be captured separately. Additionally, hu-
man poses exhibit a distinct hierarchical nature, where single
global processing often overlooks local features and signif-
icant semantic information. 2) Motion Inference: When
confronted with complex issues, the human brain typically
adopts a multi-stage and multi-strategy learning approach,
beginning with an initial comprehensive understanding and
progressing to targeted breakthroughs in later stages. In the
HMP task, the inference of existing methods often tends
to average errors, causing effective features to become ob-
scured within the high-dimensional data. This can some-
times mislead the training process.
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To this end, we propose a human-like vision and infer-
ence system (HVIS) for HMP, which simulates three as-
pects of human retinal, visual cortex, and brain learning,
respectively, and not only avoids spatiotemporal crosstalk
and insufficient local information but also prevents mislead-
ing learning. HVIS consists of two modules, e.g., a human-
like vision encode (HVE) module and a human-like motion
inference (HMI) module. In the vision phase, inspired by
the visual pathway (Van Essen and Maunsell 1983) we de-
sign the HVE to simulate human hierarchical visual per-
ception to optimize human pose encoding. HVE utilizes a
retinotopic analog component (RA) to model the spatial and
temporal information of human poses in a discrete man-
ner and a visual cortex analog component (VA) to encode
motion information from the RA in a hierarchical manner.
In the inference phase, we designed the HIM to simu-
late human inference on motion information through two
modes of spontaneous and deliberate learning. During spon-
taneous learning, adversarial learning is utilized to simu-
late neuronal disconnection and generation. Also consider-
ing that the temporal trajectories of each joint tend to be in-
dependent, this learning object is joint-level. The deliberate
learning network is then targeted mainly at the hard-to-train
joints. Here we highlight the main contributions as follows:
1) To the best of our knowledge, we are the first to propose a
HVIS, which replicates human observation and learning pat-
terns with deep neural networks. 2) We design a human-like
vision system that enables human motion modeling along
the human visual pathway. Spatio-temporal dependencies as
well as global and local information relationships can be ad-
equately captured. 3) We present a novel two-step training
strategy for human-like inference, simulating a spontaneous
learning process to handle regular prediction processes and
a deliberate learning process to enhance hard-to-train joint
performance, respectively. 4) Our proposed method achieves
state-of-the-art (SOTA) results on three challenging bench-
mark datasets, namely H3.6M, CMU, and G3D.

Related Work

GCN-based Methods. The skeletal representation of hu-
mans, characterized by joints and their adjacent links, can
be effectively modeled as a graph. This correlation has been
extensively explored by researchers (Mao et al. 2019; Mao,
Liu, and Salzmann 2020; Yao, Li, and Xiao 2024). Graph
Convolutional Networks (GCNs), specifically designed for
graph data, offer a robust method for feature extraction in
this context. In (Li et al. 2020; Guo and Choi 2019), a
multi-scale graph was introduced that adeptly captures fea-
tures across multiple scales, enabling the accurate prediction
of future human motions. Concurrently, (Liu et al. 2021b)
developed a semi-constrained graph that explicitly encodes
skeletal connections and integrates prior knowledge. Build-
ing on this, they proposed a multi-scale spatial-temporal
graph (Li et al. 2021) to achieve comprehensive modeling.
Differently, our work simulate the human visual system. We
design a unique GCN structure that handles dynamic and
static information separately, thereby eliminating the disrup-
tion of irrelevant data. Moreover, we encode the data hierar-
chically to obtain richer localized human information.



TCN-based methods. RNNs are inherently prone to
error accumulation (Pavllo, Grangier, and Auli 2018; Lyu
et al. 2021; Shuai et al. 2023). Conversely, Temporal Re-
current Networks (TCNs) mitigate common issues such as
gradient explosion or vanishing gradients, as their back-
propagation paths diverge from the temporal sequence di-
rection. These strengths have led to the increasing applica-
tion of TCNs in HMP. For instance, in (Zang, Pei, and Kong
2020), TCNs are employed to decode the dynamics of sub-
motions and the spatial correlations within the entire motion
sequence to predict future movements. Subsequently, (Cui
et al. 2021) propounds a residual TCN that is characterized
by a minimalist design yet delivers high efficiency. Diverg-
ing from conventional methods, we have developed a TCN-
based model. This network harmoniously fuses the strengths
of both RNNs and TCNss, creating a recurrent temporal con-
volutional network adept at predicting future movements.

GAN-based Methods. GANs have emerged as a piv-
otal tool in addressing HMP challenges, not only for con-
structing novel networks but also for advancing learning al-
gorithms. Recent advancements include specialized adap-
tations such as HP-GAN, which modifies the improved
WGAN-GP for probabilistic HMP (Barsoum, Kender, and
Liu 2018). Additionally, Bi-GANs (Kundu, Gor, and Babu
2019) and GAN-poser (Jain et al. 2020) introduce bi-
directional structures to enhance prediction accuracy. An
AMGAN (Liu et al. 2021a) targets kinematic chains. Ad-
versarial strategies in motion analysis also be leveraged for
network training (Chao et al. 2020; Gui et al. 2018; Yao, Li,
and Xiao 2024), demonstrating their effectiveness in various
contexts. Notably, SGRU (Lyu et al. 2021) employs GANs
to simulate path integral, offering a distinct perspective on
motion modeling. In our investigation, we contribute a theo-
retical demonstration that dimension reduction significantly
enhances the convergence of WGAN. Moreover, we utilize
GANSs for motion context modeling.

Our Approach

Problem Formulation. Given an observed human pose
sequence (Py, Pa, ..., Po) with O human poses. The objec-
tive of HMP task is to predict the future human motion se-
quence (Po+1, Po+2, ..., Po+r) in the next F' frames.

Method Overview. As a first attempt, HVIS predicts
3D human motion from an observed human pose sequence.
The key idea is to establish a human-like motion prediction
framework to aid in understanding and modeling human mo-
tions. The pipeline of our proposed approach is illustrated in
Fig.2 with two meticulously designed components, namely
human-like vision module (HVM) and human-like inference
module (HIM). Specifically, the former is proposed to en-
code human motion, capturing spatiotemporal dependencies
in a separate manner that mimics retinal properties, and em-
ulating the optic cortex in its hierarchical processing of in-
formation. The latter is designed to simulate the learning
patterns of the human brain and model the context from
HVM by spontaneous and deliberate network learning. In
what follows, we will elaborate on the technical details of
the two components, respectively.
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Human-like Vision Module

Traditional methods represent parameterized 3D human
pose sequences as kinematic spatio-temporal graphs (Yan,
Xiong, and Lin 2018; Li et al. 2021; Zhou et al. 2021), lever-
aging the inherent structural properties of skeleton-based hu-
man poses. Through a detailed analysis of human pose data
and its encoding, we identify two key issues: i) Despite
the inherent spatial correlation between neighboring joints
in a human pose, the temporal trajectories of each joint are
often quite independent. This necessitates a separate capture
of the spatial structure of the pose and its temporal dynam-
ics across frames.  ii) In high-dimensional data, localized
information is often obscured, so it becomes difficult for the
network to fully extract this useful hierarchical information.

Given an observed human pose sequence I’
(Py, Py, ..., Pr), consisting of T poses PN (t € [1,T]),
where N denotes the number of joints, we encode the mo-
tion history tensor into a graph. This graph is constructed
with an intent to model the intricately interwoven interac-
tions among all body joints across every captured frame.
The encoding graph is defined as G = (V, E'), wherein V
represents nodes - the total J = N x T' body joints across
all observed time frames. The connections or edges are sym-

bolized by the spatio-temporal adjacency matrix A%* € R’ ’ ,
delineating the interactions of all joints at all times.
Ordinarily, the spatio-temporal dependencies of joints can
be encoded efficiently through a Graph Convolutional Net-
work (GCN). The input to a graph convolutional layer L is
the tensor T( L) € RCLxJ, encoding the observed J joints,
with C'y, being the input dimensionality of the hidden repre-
sentation T{1,). A graph convolutional layer L then produces

the output Ty 41y € RC+1%J which can be obtained from
the input 7|7,y of the current layer, by multiplying it with the
corresponding weights W, and the shape space adjacency
matrix Ait and through the activation function G.

Our approach aims to simulate the human visual path-
way (Van Essen and Maunsell 1983) for encoding human
poses. The human visual system processes information hier-
archically, beginning at the retina and moving through the
primary visual cortex to higher-order visual cortex areas,
with each stage further refining and abstracting visual input.
We introduce a retinotopic analog component (RA), which
processes pose data structured graphically in a discrete man-
ner, leveraging the principles of optic cone and sensory cell.
This design mitigates spatio-temporal crosstalk and effec-
tively captures spatio-temporal dependencies. A visual cor-
tex analog component (VA) hierarchically processes data
from the RA to prevent critical information from being over-
whelmed and fully access global and local information.

Retinotopic Analog Component (RA). RA targets to
mimic the synergy of optic cone cells and optic sensory cells
by decomposing the space-time adjacency matrix into the
product of static adjacency matrices A° and dynamic adja-
cency matrices A?. Consequently, a RA graph convolutional
layer L, its output 7} is defined as:

Ty = G(D; 2 A3 44D Pryw) (1)

The adjacency matrix A® accounts for the static interactions,
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Figure 2: HVIS including two components: Human-like vision module (HVM) and Human-like inference module (HIM).

while A% handles the dynamic relations. During graph con-
volution, the distinct implications of static and dynamic in-
teractions are taken into account.

Visual Cortex Analog Component (VA). The purpose
of VA is to prevent information flooding by hierarchically
encoding the human graph structural information and to
fully capture global and local information. It simulates the
work pattern of the human visual cortex, where different
levels of the cortex also process information of different
scales and complexity. Directly, it is to consider the spatial
and temporal information on different scales so as to better
capture the complex dynamics of human poses. We need to
construct multiple spatial and temporal adjacency matrices
at different scales. Suppose we have M scales, and the cor-
responding spatial and temporal adjacency matrices for each
scale are {Ag’”’}%ﬂ and {A,Em)},]‘,f{:l. Consequently, a VA
graph convolutional layer L, its output 77 is defined as:

M
Tsny =90 AL AL TV WE™) @)
m=1

Within our approach, the number of scales, M = 3,
are processed separately for different scales of information.
The primary visual cortex corresponds to the processing of
joint-scale information, the intermediate visual cortex cor-
responds to the processing of kinematic chain-scale (trunk
and limbs) information, and the advanced visual cortex cor-
responds to the processing of overall pose information.

Human-like Inference Module

So far, we have explored the utilization of HVM with spatio-
temporal information separation and hierarchical represen-
tation to comprehensively capture spatio-temporal depen-
dencies and human poses, from local to global information,
for advanced human pose coding. However, the challenges
of high dimensionality in pose sequences and the misleading
effects of easily trainable joints on network learning remain
significant issues. In response, we propose the Human-like
Inference Module (HIM) to simulate the learning mode of
the human brain and predict future motion through spon-
taneous and intentional learning. HIM includes two parts:
a spontaneous learning network (SLN), and a deliberate
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learning network (DLN). SLN simulates the form of neu-
ronal fracture synthesis in human brain learning to design
joint-level adversarial networks to generate future human
motions to alleviate the distress caused by the high dimen-
sionality of pose sequences. DLN, as the name implies, pre-
vents the emergence of misleading training by actively filter-
ing the easy and difficult training points for targeted training.

Spontaneous Learning Network (SLN). The SLN is
to effectively manage the high dimension inherent in human
poses and mitigate the error accumulation typically associ-
ated with traditional RNN-based modeling. For these, two
sub-modules are designed i.e. a temporal recurrent network
(TRN) and a critic. Note that adversarial networks are not
solely inspired by the workings of the human brain. Our ap-
proach leverages a theoretical insight related to GANs that
helps to address the dimensionality issue. The specific theo-
retical findings are shown in the following section.

Curse of Dimensionality. In (Dudley 1969), it shows
that the the rate of convergence of v,, to v in the Wasserstein-
1 metric is n /.

E[Wy (v, ¥,)] = n~ Y4, 3)

(Weed and Bach 2019) extends these results to the
Wasserstein-p metric, demonstrating that the rate of conver-
gence slows exponentially as data dimensionality increases,
highlighting the curse of dimensionality. Meanwhile, we ac-
count for the independence of human joints in temporal se-
quences. Based on these, SLN is deployed to each joint of
the human pose with a TRN as the generator and a critic.
TRN. Based on the above, TRN is designed with a tem-
poral information Unit (TIU) and a latent temporal features
Unit (LTF). In detail, TIU includes three parts. First, the
TCN blocks serve as the foundational element due to their
robustness against error accumulation. Notably, the more
widely adopted Transformer framework was deliberately not
chosen for this task, owing to its inconsistent performance
on HMP task. The discussion on this decision is detailed in
the Experimental section. Then, a residual learning frame-
work is employed among the TCN blocks to improve the
training efficiency. Finally, dilated convolution is utilized to
capture sparser temporal information. Following these, the
TIU can target the joint-level information S* from the HVM
and generate latent temporal features Lg: to be fed to the



LTF. In the LTF, we opt for the GRU over the TCN for pro-
cessing latent information L g:. This decision is informed by
empirical evidence demonstrating that GRUs are more ef-
fective in capturing and processing latent temporal informa-
tion. Specific experimental proofs are available in our open-
source library. This procedure can be expressed as:

Si 3 residual TCN blocks LTF(-)

Lg: “

Critic. A single-layer fully connected feed-forward net-
work is utilized as the critic. First, it measures the simili-
tude of the distributions between the generated pose and the
ground truth. Second, the critic assesses whether generations
are natural and smooth.

Deliberate Learning Network (DLN). Our training
methodology aims to minimize the mean error; however,
the network struggles to differentiate between easy-to-train
points (e.g., static joints) and difficult-to-train points (e.g.,
joints with irregular motions). This often leads to suboptimal
training performance. To address this issue, we adopt a strat-
egy of deliberate training, which involves explicitly memo-
rizing the hard-to-train joints and concentrating the learning
process on these challenging joints. A deliberate learning
Network (DLN) is proposed, which includes a memory com-
ponent (MC) and a deliberate training component (DTC).

MC. 1Inthe MC, atrained TRN is employed as the mem-
ory component ®(-), where all the joints {S%}iY | are fed,
N is the number of joints, as shown in Eq 5.

Uep = (I)({Si i\;l)

Si+T

&)

Then, memory component U,, are ranked quantitatively by
the rank function R(+) to get a deliberate train map P.

U =R(U,). (6)

The ¥ can guide the network to get corresponding joint
{8}, m is the number of hard-to-train joints.

{Su iz, = ({51, ¥). ™
Finally, these S, are inputted into the DTC.

DTC. The objective of the DTC is to only train the
{84}, deliberately and generate the target {S%,}7 . In
order to handle the temporal information efficiently, we de-
sign the DTM consisting of multiple TCN blocks.

Loss Function

Until now, we have introduced our framework for predict-
ing human motions. Now, we focus on the loss function for
training and optimizing our model. The objective is to min-
imize the error between generation and target joints. There
are mainly three loss functions utilized in the training pro-

cess: generator loss, critic loss, and deliberate train loss.
Generator Loss. It is similar to WGAN adversary loss,
with an added joint error loss Lg, shown as follows:
Lg= ng + LS,i (8)

where L, is the generator loss in the WGAN defined as:

ng: _D[(St+1>---vgt+T)‘(Sl’""St)] (9)
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where S is the observed joints and SIt1:4+7] jg the gen-
erated joints. And the joint loss L; is defined as:

T
1 o
Lj _ T Z ‘St-‘rz _ St+z|2 (10)
1
Critic Loss. The Critic attempts to award higher scores
to the real future joints and lower scores to the generated
joints. Follow this, the critic loss is defined as:

Leritic = ED(St+1:t+T) _ ED(S«tJrlctJrT) (11)
where S is the target joints and S is the generated joints.

Deliberate Train Loss. It is responsible for the individ-
ual training of the memorised joints.

T
1 . Ay
LD-tmin = T § |S}E\;}_L - S}I;//[+l|2 (12)
1

where S’,{j‘" represents the memorised joints.

Experiments
Datasets and Experimental Settings

Datasets. To testify the effectiveness and robustness of
our proposed model, three large benchmark datasets Human
3.6 Million (H3.6M), CMU MoCap (CMU), and G3D are
engaged. H3.6M public dataset records a total of 3.6 mil-
lion human motion data involving 15 different actions. Ex-
perimentally, these poses are divided into 7 subjects and
removed duplicate points of the human pose. A down-
sampling is set to 25 FPS. CMU dataset has 144 different
subjects. In general, these samples are split into a training
set and a test set in the experiment. The sequences are also
25 FPS. G3D is a gaming dataset from Microsoft Kinect de-
vices and Windows SDK. Totally, 210 samples and 10 sub-
jects perform 20 gaming action. The frame rate is 30 FPS.

Experimental Settings and Evaluation Metrics. We
build our model on the PyTorch with a NVIDIA 3090Ti
GPU. The Adam Optimizer is utilized with a learning rate of
0.001. The TIU has three blocks. In each block, kernel-size
is 3, dropout rate is 0.1 and dilation rate is 2° ! in each layer
1 (1 < 4).The linear has 256 units. For LTF, the hidden unit
size is 256. The critic is a three-layer FCN with 256 units.
In the DLN, a three-block TCN is used with 4 layers and
0.2 dropout rate in each block. The lengths of the observed
sequence and the predicted sequence are set to 25 frames.
Note that different datasets and different actions are trained
independently in our method. We evaluate our method by
measuring the mean per joint position error (MPJPE) after
alignment of the root joint. In our experiments, we consider
two kinds of prediction: short-term prediction (less than 400
ms) and long-term prediction (400 — 1,000 ms).

Comparison with Existing Methods

Results on H3.6M. We benchmark our method against
exist SOTA methods in Table 1 including res-GRU (Mar-
tinez, Black, and Romero 2017), HPGAN (Barsoum,
Kender, and Liu 2018), BiGAN (Kundu, Gor, and Babu



Time (ms) 80 160 320 400 1,000 80 160 320 400 1,000 80 160 320 400 1,000 80 160 320 400 1,000
Directions Greeting Phoning Posing
res-GRU 364 566 803 981 1263 368 733 1382 155.6 189.5 243 423 72,6 823 1242 267 524 1295 1594 181.7
HPGAN 809 101.3 148.6 1688 2346 81.5 118.8 1784 200.1 258.6 788 1003 1527 179.0 2442 755 1074 1683 178.0 250.1
BiGAN 220 375 589 720 1147 246 458 899 103.0 1481 17.0 29.7 541 62.1 1120 16.8 350 864 1056 187.0
HMR 233 250 472 615 1169 129 319 55.6 825 1232 125 213 39.3 58.6 112.8 136 235 62.5 1141 1436
LTD 92 206 469 588 1058 167 339 675 816 1402 102 202 409 509 1051 125 275 625 79.6 171.7
DMGNN 123 238 46.2 55.5 90.3 140 298 74.0 89.1 140.2 102 14.0 32.8 40.0 1041 9.2 235 65.0 82.8 170.2
HRI 7.4 184 445 565 1065 137  30.1 638 78.1 1388 8.6 183 390 492 1050 102 244 585 758 1782
MSR-GCN 8.6 19.7 433 53.8 - 16.5 37.0 713 93.4 - 10.1  20.7 415 51.3 - 128 294 67.0 850 -
SPGSN 7.4 164  39.6 50.1 972 146 326 70.6 864 1432 87 183 387 485 1025 107 253 599 765 1654
FDU 6.6 164 396 50.1 972 13.0 307 63.1 7824 1418 7.8 172 375 473 967 15 193 47.1 62.0 1495
Ours 63 107 171 298 598 9.2 253 401 632 1023 6.7 128 309 425 787 96 188 452 70.0 108.2
Waiting Eating Smoking Discussion
res-GRU 20.5 398 78.2 90.3 120.1 17.5 343 71.1 875 117.6 224 399 80.2 925 1192 258 434 83.5 95.8 129.1
HPGAN  70.1 89.6 982 121.0 1452 641 784 999 113.7 1362 672 886 100.1 1239 1404 714 913 1052 129.7 1504
BiGAN 175 313 53.9 614 1285 13.6 26.1 51.4 63.1 84.1 11.0 21.0 33.1 38.2 88.1 192 39.0 67.7 753 1225
HMR 172 314 535 611 99.0 132 260 511 626 740 103 205 330 372 69.1 190 388 673 750 1215
LTD 105 216 459 57.1 1069 7.7 158 30.54 376 74.1 8.4 16.8 325 39.5 73.6 122 258 53.9 66.7 118.6
DMGNN 122 241 60.0 775 12800 11.0 214  36.1 439 570 9.0 176 25.1 40.3 - 173 348 610 700 -
HRI 8.7 19.2 43.4 549 1082 8.7 18.7 39.5 47.1 57.0 7.0 14.9 29.9 36.4 69.5 102 234 52.1 654 119.8
MSR-GCN 107 23.1 483 592 - 8.4 17.1 33.0 400 - 8.0 163 313 382 - 120 268 571 700 -
SPGSN 9.2 19.8 4311 541 1036 7.1 149 305 379 734 6.7 138 280 346 686 104 238 536 671 118.6
FDU 8.2 184 413 521 1012 6.3 137 29.1 363 71.1 5.1 9.1 213 299 593 74 17.1 429 504 923
Ours 73 158 381 495 926 60 127 212 271 573 59 10.1 202 275 612 71 168 31.2 46.0 874
Purchases Sitting Sittingdown Takingphoto
res-GRU 385 70.1 101.0 1023 131.2 341 532 1104 1150 150.1 286 552 856 1158 180.0 23.1 47.0 923 110.1 1492
HPGAN 424 889 950 1202 1702 363 600 1200 123.1 1682 399 659 921 130.0 2002 38.0 493 799 838 160.4
BiGAN 29.0 541 822 924 1390 199 410 763 882 1205 17.0 348 665 769 1520 142 27.1 535 661 128.0
HMR 153  30.6 64.7 739 1227 12,6 256 44.7 60.7 1184 9.6 18.6 41.1 577 1483 79 19.0 31.5 57.3 1085
LTD 155 323 649 781 1359 107 246 506 620 1157 17.0 334 616 744 1441 99 205 438 552 1202
DMGNN 214 387 757 927 - 11.9 251 446 502 - 150 329 771 93.0 - 136 290 460 588 -
HRI 13.0 292 604 739 1342 93 201 443 560 1159 149 307 59.1 720 1436 83 184 407 515 1159
MSR-GCN 148 324  66.1 79.6 - 103 220 463 578 - 16.1 316 625 768 - 99 210 446 563 -
SPGSN 128 28,6 610 744 1339 93 194 423 536 1162 142 277 568 70.7 1499 87 189 415 527 1182
FDU 1.8 272 564 639 1307 8.7 189  42.1 532 1145 139 256 542 672 1453 8.1 180 392 506 116.1
Ours 11.0 268 502 605 1058 82 181 372 489 1084 89 178 382 556 998 78 135 272 431 941
Table 1: Performance evaluation (in MPJPE) on the H3.6m dataset. The best results are highlighted in bold.
Time(ms) 80 160 320 400 1,000 80 160 320 400 1,000 80 160 320 400 1,000 80 160 320 400 1,000
Basketball Basketball Signal Directing Traffic Jumping
res-GRU 185 339 48.1 49.0 1063 129 238 402 60.1 775 156 30.1 552 66.1 127.1 36.1 687 1250 140.0 192.6
BiGAN 165 305 472 488 915 87 163 301 378 766 106 203 387 49.0 1133 224 443 873 105.1 1563
LTD 143 255 484 626 1090 35 67 120 158 544 74 155 319 425 1519 169 344 763 98.6 1644
MSR-GCN 13.1 22.1 372 558 977 34 62 112 138 473 68 163 663 788 1297 110 245 657 903 189.1
Ours 105 193 355 468 893 25 60 109 128 445 49 98 219 297 985 104 235 60.1 856 1482
Running Soccer Walking ‘Washing Window
res-GRU 174 200 273 367 502 203 395 713 840 1296 82 137 219 245 322 84 158 293 354 6l.1
BiGAN 143 163 180 202 275 121 21.8 419 529 946 76 125 230 275 498 82 159 321 399 589
LTD 255 367 393 399 582 113 215 442 558 1175 7.7 11.8 194 231 402 59 119 303 400 793
MSR-GCN 152 197 233 358 474 103 21.1 427 509 914 7.1 104 178 207 375 58 123 278 382 56.6
Ours 111 143 172 188 254 79 151 305 412 8.3 58 85 151 172 301 45 92 261 322 551

Table 2: Performance evaluation (in MPJPE) on CMU MoCap dataset. The best results are highlighted in bold.

2019), HMR (Liu et al. 2019), LTD (Mao et al. 2019),
DMGNN (Li et al. 2020), HRI (Mao, Liu, and Salzmann
2020), MSR-GCN (Li et al. 2021), SPGSN (Li et al. 2022)
and FDU(Gao et al. 2023). HPGAN and BiGAN are clas-
sical GAN-based approaches that leverage the improved
WGAN to predict both deterministic and non-deterministic
human motions. However, the distribution exploration pro-
cess inherent to these methods often impedes effective con-
vergence, resulting in suboptimal accuracy. According to the
quantitative results presented in Table 1, our method en-
hances the performance of these networks by 37% T, validat-
ing the efficacy of our proposed WGAN and brain-inspired
learning. Res-GRU and HMR are robust RNN-based meth-
ods. Despite their strengths, these methods are prone to
error accumulation. In the direction action scenario, our
method boosts short-term prediction accuracy by 100.6%
1 and long-term prediction accuracy by 95% *. These im-
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proved results clearly demonstrate the viability of employ-
ing TRNs to address temporal challenges in motion pre-
diction. LTD, DMGNN, HRI, MSR-GCN, and FDU ex-
cel in terms of performance. LTD encodes temporal de-
pendencies in trajectory space and utilizes a feed-forward
network for HMP. DMGNN extracts features at individual
scales and merges them using a multi-scale graph approach.
HRI introduces motion attention mechanisms to extract sim-
ilarities between the current motion context and historical
motion sub-sequences, effectively avoiding pose similarity
issues. MSR-GCN employs a multi-scale spatio-temporal
graph to model motion relationships. These methods utilize
various advanced strategies to tackle HMP, including tra-
jectory space encoding, motion attention, and graphs. FDU
achieves stable prediction results through a decomposition-
aggregation two-stage strategy in frequency representation
learning. Compared to these methods, our approach sur-
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Figure 3: Visual comparisons on H3.6M dataset (Purchase) and CMU dataset (Soccer). The blue poses are the ground truth.

Time(ms) 80 160 320 400 1,000 80 160 320 400 1,000
Bowling Golf
res-GRU 185 339 481 490 1063 129 238 402 60.1 775
BiGAN 16.5 305 472 488 915 87 163 30.1 378 76.6
LTD 143 255 484 626 1090 35 67 120 158 544
MSR-GCN  13.1 221 372 558 977 34 62 112 138 473
Ours 105 193 355 468 893 25 60 109 128 445
Tennis jump
res-GRU 174 200 273 367 502 203 395 713 840 1296
BiGAN 143 163 180 202 275 121 21.8 419 529 946
LTD 255 367 393 399 582 113 215 442 558 1175
MSR-GCN 152 19.7 233 358 474 103 21.1 427 509 914
Ours 1.1 143 172 188 254 79 151 305 412 853

Table 3: Performance evaluation on G3D dataset.

HVM HIM-TRN HIM-DLN 80 160 320 400 1,000
v 16.8 28.1 422 572 1219

v v 108 16.1 323 47.1 101.0
v v 81 159 30.0 451 987
v v v 78 135 272 431 941

Table 4: Ablation studies on H3.6M dataset.

passes all others across all actions. Besides quantitative eval-
uation, we conduct a visual comparison of the performance
of SOTA methods. As illustrated in Fig.3, our method con-
sistently maintains high fidelity to the ground truth in both
short-term and long-term predictions.

Results on CMU. We further investigate our method
on the CMU on 8 actions with results reported in Table
2. Four methods with publicly available results are com-
pared: res-GRU (Martinez, Black, and Romero 2017), Bi-
GAN (Kundu, Gor, and Babu 2019), LTD (Mao et al. 2019),
MSR-GCN (Li et al. 2021). Quantitative analysis clearly in-
dicates that our method outperforms all actions. These em-
pirical findings reaffirm the superiority of our approach for
HMP in both short-term and long-term scenarios. The con-
sistent and significant performance improvements observed
on the two benchmark datasets underscore the robustness of
our method. Furthermore, as illustrated in Fig. 3, our method
produces significantly enhanced visual results on the CMU
dataset, further demonstrating its efficacy.

Results on G3D. The results on G3D are reported in
Table 3. We also compare with the methods that are simi-
lar to CMU. From the quantitative evaluation, Our method
achieves SOTA performance, demonstrating the effective-
ness and robustness of our proposed method for both short-
term and long-term predictions.

Ablation Experiments. We further study the influence of
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individual components in our framework through the follow-
ing ablation studies. Experiments verify human-like vision
module (HVM) and human-like inference module (HIM) on
the H3.6M, as shown in Table 4. First, we removed HVM
and used the general GCN as the encoder. Without the HVM
module, the performance of the model deteriorates dramat-
ically. This clearly reflects that utilizing HVM to encode
human motion significantly boosts accuracy for both short-
term and long-term predictions. Next, to show the effective-
ness of HIM, we replaced the TRN with GRU. Experimental
results are reported in Table 4. Compared with the results of
our method demonstrates the validity of the TCNs. Finally,
we remove DLM directly. The DLM can effectively improve
the predictive performance of the basic network. The results
of these ablation experiments show the contribution of each
module that constitutes our method: 1) the HVM contributes
to better encoding human motion and plays a crucial role in
motion prediction. 2) The TRN captures temporal dependen-
cies between joints, which is also important for generating
accurate predictions. 3) The DLM contributes to enhancing
trained model performance.

Conclusion

In this paper, we propose a Human-like Vision and Infer-
ence System, which attempts to handle HMP issues in three
aspects. 1) Our approach is designed to simulate human ob-
servation and predict future motion with a human-like vision
module and a human-like inference module. 2) Simulating
human visual perception, a human-like vision system is de-
signed which can adequately capture spatio-temporal depen-
dencies as well as global and local information. 3) A multi-
step training strategy is proposed for simulating human-
like inference, which simulates a spontaneous learning pro-
cess to deal with the conventional prediction process and
a deliberate learning process to improve the performance
of difficult-to-train joints, respectively. Experimental results
demonstrate that our approach significantly outperforms ex-
isting methods in both short-term and long-term HMP tasks.
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