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Abstract

Human motion prediction is still an open problem ex-
tremely important for autonomous driving and safety ap-
plications. Due to the complex spatiotemporal relation of
motion sequences, this remains a challenging problem not
only for movement prediction but also to perform a prelim-
inary interpretation of the joint connections. In this work,
we present a Context-based Interpretable Spatio-Temporal
Graph Convolutional Network (CIST-GCN), as an efficient
3D human pose forecasting model based on GCNs that en-
compasses specific layers, aiding model interpretability and
providing information that might be useful when analyzing
motion distribution and body behavior. Our architecture ex-
tracts meaningful information from pose sequences, aggre-
gates displacements and accelerations into the input model,
and finally predicts the output displacements. Extensive
experiments on Human 3.6M, AMASS, 3DPW, and ExPI
datasets demonstrate that CIST-GCN outperforms previous
methods in human motion prediction and robustness. Since
the idea of enhancing interpretability for motion prediction
has its merits, we showcase experiments towards it and pro-
vide preliminary evaluations of such insights here. '

1. Introduction

Human motion prediction plays a critical role in au-
tonomous driving, robotics, and safety applications. In the
recent past, several methods for human motion prediction
and modeling have led to significant results with the use
of neural networks [24]. Recently, the main approaches to
tackle this task have been by means of Graph Convolutional
Networks (GCN) [15,16,25,27,28,34,39,42,44], Recurrent
Networks (RNN) [9,22,28,30,35,37] and GANs [24]. Al-
though in the last years, RNN-based models were the most
effective methods, they come with the drawback of vanish-
ing or exploding gradients. Recent approaches mix more
sophisticated architectures such as Gated recurrent units
(GRU) [35] or transformers [1,24] with feature extraction
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using CNN or a gate system in the hidden states. Alter-
nately, the GAN-based approach [24] is another methodol-
ogy for generating the sequence from a hidden vector, but
this approach neglects the kinematic dependencies between
pose joints and ignores the temporal correlation between
frames. Instead, GCNs have received increasing attention
because this architecture can find a temporal relation be-
tween poses and can understand relationships among joints.

A second branch in this work uses interpretability con-
cepts, initial stages were inspired by class-activation [43] or
saliency maps. However, the authors using saliency maps
only performed a visual analysis without providing formal
statistical evaluations. [18,41,43]. Nowadays, more sophis-
ticated methods quantify the error or even measure the un-
certainty level of movement predictions [31, 32]. Despite
the great advances in interpretability of CNNs in classifica-
tion tasks, GCNs are not yet properly covered [4, 12], espe-
cially for regression tasks (such as motion prediction) and
not classification tasks.

The motivation for designing this architecture is to close
the gap between motion prediction and interpretability and
apply it to real-world problems to gain meaningful insights
into why the model predicted a specific output. In our pro-
posed Context-based Interpretable Spatio-Temporal GCN
(CIST-GCN) architecture, we embed GCN layers which
provide sample-specific adjacency matrices and importance
vectors to explain motion forecasting. The matrices are
composed of learnable parameters while the importance
vectors are generated at output layers a mix of CNN and
MLP layers. It stands to reason that these features are
human-interpretable. While we provide some of such in-
terpretations in this paper. To the best of our knowledge,
this is the first work that drives a GCN-based architecture
in this direction. Finally, data augmentation has been added
to speed up the training and also make the system more ro-
bust to possible data glitches that may occur in production
use-case such as faulty 3D-transformations or falsy recon-
structed 3d poses. We conducted experiments to study the
robustness of our model against out-of-distribution (OOD)
data samples, for example, rotations, glitches in poses.
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Figure 1. Illustration of our method. (a) Overview of the proposed CIST-GCN. X and X are the input and output respectively. (b) The
basic block of DST-GCN, (c) the Atraus Pyramid TCN, and (d) Context Network. More detailed, (e) Gating network weights the output of
DSGN and DTGN, and (f) Dynamic Adjacency Encoder (DAE) to compute the adjacency matrices.

Our approach consistently obtains comparable results to
the previous results on short- and long-term motion predic-
tion by training a single unified model for both settings.
Specifically, we achieve superior performance in 6 out of
15 actions on the Human3.6M benchmark, while remain-
ing comparable in the other motion predictions. Our model
also surpasses previous works in 3DPW and 12 out of 16
actions on ExPI datasets, while also achieving comparable
results on the AMASS benchmark. The main contributions
of our work can be summarized as follows: 1) we propose a
new architecture that provides not only human motion pre-
diction, but also interpretability to some extent given an in-
put sample, 2) we perform extensive experiments on Hu-
man3.6M [11], AMASS [26], 3DPW [36], and ExPI [&]
datasets, showing that quantitative and qualitative results
are comparable to state-of-the-art (SOTA) models, 3) we
discuss the different extents of interpretations such as rela-
tion matrices, and importance vectors, and 4) we perform
robustness experiments that showcases our model to be bet-
ter than existing SOTA models for ODD samples.

2. Related work
2.1. Motion Prediction

Initial research prove the strength of relations between
joint connections in pose sequences both in the temporal
and spatial domains [24]. Subsequent work [16, 19,28, 39,

] research deeper into this approach by grouping the in-
put joints in several ways or merging GCN, CNN, and GRU
layers to learn the graph connectivity (forming a spatio-
temporal graph). In [34], STS-GCN receives the 3D coor-
dinates as input but uses two GCNs to encode sequentially
temporal and spatial data in every encoding layer to feed
the decoder. This decoder is composed of a 4-block Tem-
poral Convolution Network (TCN) [27] that converts input
frames into output frames. Overall, this work requires a
lower number of parameters than previous approaches and
inspired recent architectures.

Another newest branch, such as MotionMixer [2], em-
ploys linear and feature mix layers to merge information.
Although the results are promising, there are problems in

understanding which joints or frames may be relevant for
further analysis such as prediction reliability or action clus-
tering. Since the architecture behaves as a black box model,
we cannot obtain correlation or relationship matrices com-
ing from the model. Also, experiments such as the applica-
tion of 3D transformations can illustrate its limitations.

In [7], several modifications to DSTD-GCN are pro-
posed such as dynamic spatial and temporal graph convo-
lutions are presented as separate units, allowing features to
be learned independently. The authors suggest using con-
strained training with different strategies. Later, they show
that relations can be acquired in unshared sample-specific
forms, reducing MPJPE significantly. The impact of this ap-
proach on metrics inspired us to incorporate learnable adja-
cency matrices in all our GCN layers, removing the need for
duplicating dynamic spatial GCN. This results in fewer pa-
rameters compared to DSTD-GCN. Also, in Section 5, we
explore the potential application of this as an interpretable
output for individual samples. In [42], a gating network is
proposed to generate blending coefficients that weighs the
most meaningful features of the adjacency matrices from
GCNs. Number of weight vectors for the temporal and spa-
tial GCNs are equal. Also, the authors suggest that these ac-
quired vectors could aid in action grouping and emphasize
the most important features in motion prediction. Motivated
by this approach, we use weighting vectors in a similar man-
ner, adding layers with interpretable variables, but reducing
the number of channels in every layer required for motion
prediction. We show how similar movements have similar
interpretable patterns in later sections.

2.2. Model Interpretability

The application of the CAM [33,41,43] methods is lim-
ited to GNN structures due to they have special require-
ments and assume heuristically that the final node embed-
ding can reflect the input importance. This assumption may
be wrong [40]. While saliency map techniques are com-
monly employed for model interpretability, they are pri-
marily designed for images. Many of these methods were
evaluated solely in classification tasks, applied as indepen-
dent post-training steps, or require subsequent visual val-
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idation. Given the nature of our problem, graph interpre-
tation is required [40]. In [12], a model capable of incor-
porating interpretable attention is proposed. Later, applica-
tions started to use interpretable GCNs (IGCN) [4, 12, 13].
Other approaches [5, 17,23, 38] need extra heavy computa-
tion to obtain interpretable features. A new method called
GraphLIME [10] proposed a generic GNN-model explana-
tion framework consisting of a local interpretable model
explanation. Our model has similarities with IGCN and
GraphLIME methods. However, we distinguish ourselves
by explaining the relationship between frame-to-frame and
joint-to-joint predictions, which deals with a subset of graph
data. Specifically, GraphLIME [10] offers prediction ex-
planations for GNN architectures, whereas our model pro-
vides interpretation output alongside motion predictions in
a specific data structure. While IGCN [12] has shown com-
bining prediction and interpretation on classification tasks
with diverse situations, it only was tested on classification
tasks and different data structures. In [5], self-explainable
GNN can find K-nearest labeled nodes for the unlabeled
nodes to explain the classification output. However, this
approach only was tested with a synthetic dataset on clas-
sification tasks not related to motion movements. Also, it
is well-known that post-hoc explanations can suffer bias
and misrepresentation due to interpretations are not directly
obtained from the GNNs [5]. In contrast, our model pre-
dicts not only motion but also its interpretations by means
of adjacency matrices and weighting vectors, solely utiliz-
ing GCN layers without requiring external post-processing
methods while being applied to regression tasks.

3. Methodology
3.1. Problem Formalization

We define the body motion as a sequence of poses
X € RT*/*D where T and J define a number of frames
and joints from the sequence, and D parameterizes each
body joint dimension for angles or 3D coordinates. Our
model receives a historical input poses X;, = Xou, =
20,1, .., Ty —1 € RWXP and predict a sequence of
poses X = th:tg = £t17£t1+17---7£t1+t2 € RbzxJIxD,
The math representation for an adjacency matrix is given
by A € RP*P where P € R™ is the node representation.

3.2. Review of GCN

Graph Convolutional Networks Graph Convolutions
(GCs) are suitable for non-grid data, where data is rep-
resented by a set of nodes (e.g. X,y,z coordinates) carry-
ing n-dimensional information. When GCs are stacked se-
quentially then they together become a GCN. In this work,
such a set of nodes is called a pose, and an adjacency ma-
trix shows the connection between pairs of nodes from the

whole graph. Formally, let H! € RP*F' Al ¢ RPxP

be the input and the adjacency matrix at the current layer [,
whereas the trainable parameters at current layer [ are repre-
sented by W' € RF' *F""" | F'is the number of channels of
this layer. We show the mathematical operation in Eq. (1)
where o is the activation function and H!*1 € RPXF'™" jg
the GC output.

H'T = g(A'H'WY) (1)

Spatio-Temporal GCN Given that our problem con-
tains a temporal factor in the data, we thus have a spatial-
temporal graph. To process this graph we use two graph
convolution operations, for the spatial and temporal do-
mains, just like the STS-GCN model [34], which takes the
interactions of the temporal evolution and the spatial joints.
Spatial and temporal graph convolutions are presented in
Eq. (2). Where W! and W! € RF *F""" are trainable pa-
rameters. Graph convolutions are separable if we operate
independently and stack later, as argued later in [7].

H™ = g(ALALH'W!) = o (AL ALH'WOWY) ()

We perform a similar approach and demonstrate via ex-
perimentation this operation is stable in Eq. (3). Where W}D
€ RF'F"™" are trainable parameters, and D represents the
temporal or spatial domain.

Hif' = o(ALHL W) 3)

3.3. Model architecture

Motivated by the interpretability of the feature impor-
tance of random forest, we built a model not only for pose
sequence prediction but also for output understanding via
feature importance and connectivity matrices similar to pre-
vious works [7,34,42]. This architecture is shown in Fig.
1. We argue that our results generate feature maps that
can be used to observe and figure out unexpected behav-
iors in certain OOD data. More concretely, Fig. la uses
an encoder-decoder architecture but splits the temporal and
spatial GCNs. Inspired by DeepLabv3+ [3], we propose
to replace the original TCN described in [34] with a new
Atrous Pyramid TCN (APTCN). Also, we propose the Con-
text Network (ConNet) and the Dynamic Spatio-Temporal
Graph Convolutions Network (DST-GCN) placed in paral-
lel that sum the results with a global residual connection to
obtain the final pose sequence. Additionally, following pre-
vious works that use trajectory representation successfully
as inputs [20,21,35]. We propose to use an overall of 10
input dimensions, 3 for joint positions, 6 for joint instant
velocities and accelerations in X,y and z, and 1 Ly-norm
vector of the instant velocities. We support the idea that the
last two layers from the model, DST-GCN and ConNet, can
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Table 1. Performance comparison for motion prediction using MPJPE in every action from the Human3.6M dataset. (*) implies metric is
computed by us using our pipeline and the standard metric. (") metric takes the average MPJPE over all previous frames.

Walking Eating Smoking Discussion
Time (ms) 80 160 320 400 560 1000 | 80 160 320 400 560 1000 | 80 160 320 400 560 1000 | 80 160 320 400 560 1000
ConvSeq2Seq [ 14] 17.7 335 563 63.6 722 823 11.0 224 407 484 613 871 11.6 22.8 413 489 600 817 17.1 345 648 77.6 98.1 1293
Traj-CNN [19] 119 225 387 457 545 62 84 166 324 398 535 784 84 162 31.1 376 493 723 11.7 263 573 704 914 1227
STS-GCN [34]* 120 23.0 415 485 566 627 7.9 168 334 407 53.1 767 7.5 157 31.3 384 50.7 73.1 114 264 578 71.1 912 1208
MSR-GCN [6] 122 22.6 386 452 527 630 84 17.0 330 404 525 771 80 163 313 382 494 716 120 268 57.1 69.7 83.6 117.6
MultiAttention [29] 9.9 193 337 390 462 57.1 79 175 374 452 486 737 70 143 254 29.0 465 68.7 86 228 51.0 64.0 852 1175
DSTD-GCN [7] 11.0 224 388 452 527 59.8 70 155 317 392 519 762 6.6 148 298 367 48.1 712 10.0 244 545 674 870 1163
MotionMixer [2] 10.8 224 365 424 - 59.9 77 140 273  36.1 - 76.6 7.1 140 29.1 368 - 68.5 102 225 51.0 64.1 - 117.4
PGBIG [25] 102 198 345 403 48.1 564 7.0 151 30.6 381 S1.1 760 6.6 14.1 282 347 465 69.5 10.0 23.8 53.6 66.7 87.1 1182
Mil6 120 23.6 410 468 543 619 6.9 15.1 30.6 378 508 753 7.5 157 315 384 497 715 103 241 528 658 859 1151
M32 11.8 234 405 465 541 613 6.7 148 298 36.8 49.8 747 7.3 156 31.0 380 494 70.7 102 23.7 523 653 86.1 1159
Directions Greeting Phoning Posing
Time (ms) 80 160 320 400 560 1000 80 160 320 400 560 1000 80 160 320 400 560 1000 80 160 320 400 560 1000
ConvSeq2Seq [14] 135 29.0 57.6 69.7 86.6 1158 | 22.0 450 82.0 96.0 1169 1473 | 13.5 266 499 599 77.1 1140 | 169 367 757 92.9 122.5 1874
Traj-CNN [19] 87 193 43.6 544 746 1094 | 158 351 73.6 889 1108 149.6 | 10.1 205 420 519 693 1044 | 12.1 269 624 79.3 1084 1709
STS-GCN [34]* 7.8 187 42.6 532 71.0 102.1 153 35.0 734 89.1 1122 1439 9.5 204 41.6 51.1 683 103.7 11.6 27.6 638 812 111.7 168.4
MSR-GCN [6] 86 19.6 433 53.8 712 100.6 16.5 37.0 773 934 1163 1473 10.1 20.7 415 51.3 683 1043 12.8 294 67.0 850 1163 1743
MultiAttention [29] 113 229 50.6 626 724 1057 | 129 266 682 854 100.5 136.7 112 19.6 377 441 66.5 104.6 9.8 23.7 622 78.7 1058 172.9
DSTD-GCN [7] 6.9 174 41.0 517 69.0 99.0 143 335 722 873 108.7 1423 8.5 192 403 499 66.7 102.2 10.1 254 60.6 77.3 106.5 163.3
MotionMixer [2] 83 18.1 438 534 - 105.4 12.8 334 623 822 - 136.5 10.0 20.1 374 51.1 - 104.4 117 233 624 795 - 174.9
PGBIG [25] 72 17.6 409 515 693 1004 152 341 716 87.1 1102 1435 8.3 183 387 484 659 102.7 10.7 25.7 60.0 76.6 106.1 164.8
Mi6 7.5 187 448 564 736 1052 13.8 31.1 66.7 80.8 102.6 133.9 8.6 185 395 494 673 103.6 10.0 24.1 58.9 762 107.2 169.3
M32 7.3 18.1 43.6 553 728 1055 137 310 657 799 1014 1357 8.6 185 393 49.6 674 1035 9.6 237 57.7 750 1058 168.7
Purchases Sitting Sitting Down Taking Photo
Time (ms) 80 160 320 400 560 1000 80 160 320 400 560 1000 80 160 320 400 560 1000 80 160 320 400 560 1000
ConvSeq2Seq [14] 203 41.8 76.5 89.9 1113 1515 135 27.0 520 63.1 824 1207 20.7 40.6 704 82.7 106.5 150.3 127 26.0 52.1 63.6 844 128.1
Traj-CNN [19] 145 319 66.6 80.8 103.6 141.0 11.0 21.2 455 575 79.0 120.1 16.1 29.6 58.7 72.6 97.0 147.0 104 20.6 444 558 76.8 120.1
STS-GCN [34]* 13.9 31.7 66.0 80.0 102.5 1425 9.6 206 452 573 790 122.0 15.0 29.6 59.4 73.6 98.8 149.5 92 199 434 550 762 1188
MSR-GCN [6] 14.8 324 66.1 79.6 101.6 139.2 10.5 220 463 57.8 782 120.0 16.1 31.6 624 76.8 102.8 1555 9.9 210 446 563 78.0 1219
MultiAttention [29] 18.1 36.8 584 67.9 945 133.1 99 243 538 663 758 115.0 104 266 54.6 663 96.0 141.8 59 148 380 494 718 1152
DSTD-GCN [7] 127 296 623 758 97.5 1378 88 193 429 543 749 1178 14.1 280 57.3 71.2 96.1 1472 84 188 420 535 745 1179
MotionMixer [2] 146 31.3 62.8 76.1 - 135.1 10.0 209 437 545 - 115.7 12.0 314 614 745 - 141.1 9.0 189 410 516 - 114.6
PGBIG [25] 12,5 28.7 60.1 733 953 1333 88 192 424 538 744 116.1 139 279 574 715 96.7 1478 84 189 420 533 743 118.6
Mil6 13.0 30.3 62.8 76.7 979 1362 89 194 427 539 742 1134 144 302 585 71.3 957 1416 85 186 410 51.7 729 1164
M32 13.3 302 63.0 77.3 97.7 1348 89 194 423 536 739 113. 14.1 29.8 57.3 69.8 94.3 140.2 8.2 184 40.6 51.8 730 116.6
Waiting ‘Walking Dog ‘Walking Together Average
Time (ms) 80 160 320 400 560 1000 80 160 320 400 560 1000 80 160 320 400 560 1000 80 160 320 400 560 1000
ConvSeq2Seq [14] 146 29.7 58.1 69.7 873 117.7 27.7 53.6 90.7 1033 1224 162.4 153 304 53.1 612 720 874 16.6 33.5 62.0 73.5 92.1 126.8
Traj-CNN [19] 10.5 21.8 45.8 563 734 1045 21.3 433 808 945 1156 1535 10.3 21.1 385 448 548 68.0 12.1 249 50.7 62.0 808 1149
STS-GCN [34]* 10.0 21.9 47.0 58.2 764 107.7 20.8 43.6 818 952 1144 1519 10.1 20.7 39.1 460 549 629 114 248 512 62.6 81.1 113.8
MSR-GCN [6] 10.7 23.1 482 59.2 763 1063 206 429 804 933 1119 1482 10.6 209 374 43.8 529 659 12.1 256 51.6 629 81.1 1142
MultiAttention [29] 9.0 225 557 71.1 727 105.1 29.5 54.8 100.3 105.1 119.0 141.4 8.0 17.6 332 420 512 632 11.0 23.6 49.2 60.0 759 110.1
DSTD-GCN [7] 87 202 443 552 732 1057 | 19.6 418 77.6 90.2 109.8 147.7 9.1 198 363 427 505 61.2 104 233 488 598 77.8 111.0
MotionMixer [2] 102 21.1 452 564 - 107.7 205 428 756 878 - 142.2 10.5 20.6 38.7 435 - 65.4 11.0 23.6 478 593 - 111.0
PGBIG [25] 89 20.1 436 543 722 1034 18.8 393 737 864 1047 139.8 8.7 18.6 344 410 519 643 10.3 22.7 474 585 769 1103
Mi6 87 195 436 546 732 104.6 199 409 741 86.6 1066 1492 9.7 204 385 458 552 647 10.6 233 485 595 778 1108
M32 8.6 194 435 548 736 1054 | 20.0 414 737 851 1038 1432 9.6 203 382 456 554 64.6 10.5 23.2 479 59.0 772 1103
Table 2. Performance comparison on different architectures using MPJPE for common action split from the ExPI dataset.
| Al | A2 | A3 | A4 | AS | A6 | A7 | AVG

Time (ms) | 0.2 04 06 08 10|02 04 06 08 10|02 04 06 08 1.0 02 04 06 08 10|02 04 06 08 10|02 04 06 08 10|02 04 06 08 10|02 04 06 08 1.0

LTD 28] | 70 125 157 189 | 131 242 321 426 | 102 194 260 357 | 62 117 155 197 | 72 131 173 231 | 81 151 200 - 280 | 112 223 315 442 | 90 169 226 303

HRI[27] | 52 103 139 188 | 96 186 256 - 349 | 57 118 167 240 | 45 93 131 180 | 51 105 149 214 | 61 125 176 - 252 | 71 150 222 333 | 62 126 177 251

MSR-GCN [6] | 56 100 132 175 | 102 187 256 - 365 | 65 120 166 244 | 50 95 127 172 | 54 100 138 - 202 [ 70 132 182 258 | 82 154 218 321 | 69 127 174 248

XIA [8] 49 98 140 192 | 84 166 234 - 346 | 51 105 154 - 234 | 41 84 120 - 161 |43 90 132 - 197 |55 113 163 - 242| 62 130 192 - 291 | 55 112 162 - 238

Mi6 50 92 124 149 173 | 89 171 241 296 350 | 54 109 157 195 235 | 40 80 115 141 163 | 47 95 138 174 208 | 58 115 166 212 255 | 72 157 236 313 376 | 58 117 168 211 251

M32 47 89 120 145 169 | 82 159 228 282 338 | 49 100 147 183 218 | 38 76 109 136 159 | 45 89 128 162 194 | 55 110 159 203 245 | 70 155 238 313 378 | 55 111 161 203 243

satisfactorily obtain interpretability from the output pose se-
quence whereas the DST-GCN blocks in the input can ex-
tract relevant information regarding the input sequence.

Interpretable-GCN layer. We implement DST-GCN
split into the Dynamic Spatial Graph Network (DSGN) and
Dynamic Temporal Graph Network (DTGN) that are con-

trolled by a Gating Network (GaNet) as shown in 1b, F'is
set given the model size and is detailed in Section 4.2. The
interpretable information from DST-GCN is located in the
adjacency matrices of the GCNs. In contrast to most GCNss,
we consider learning sample-specific connections in the ad-
jacency matrix has a more meaningful representation and
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Table 3. Performance comparison on different architectures using MPJPE for unseen action split from the ExPI dataset.

| A8 | A9 | Al0 | All |

Al2

| Al3 | Al4 | AlS | Al6 | AVG

Time (ms) 0.2 04 0.6 0.8 1.0[02 0.4 0.6 0.8 1.0[0.2 0.4 0.6 0.8 1.0[0.2 0.4 0.6 0.8 1.0[02 0.4 0.6 0.8 1.0[0.2 0.4 0.6 0.8 1.0[0.2 04 0.6 0.8 1.0]0.2 04 0.6 0.8 10|02 0.4 0.6 0.8 1.0[0.2 0.4 0.6 0.8 1.0

LTD 28] | - 239324394 - | - 175226259 - | - 148191220 - | - 176240286 - | - 143178192 - | - 146193226 - | - 252333387 - | - 174228264 - | - 139184217 - | - 177233272 -
HRI[27] | - 195283358 - | - 121169206 - | - 92 129160 - | - 129193245 - | - 80 104121 - | - 112154187 - | - 157219257 - | - 134190233 - | - 96 146187 - | - 124176218 -
MSR-GCN [6]| - 230289335 - | - 188245200 - | - 148198248 - | - 234319384 - | - 176232278 - | - 162218266 - | - 177239295 - | - 143179213 - | - 157222281 - | - 179238288 -
XIA[S] | - 191287377 - | - 118165203 - | - 91 129162 - | - 122183232 - | - 81 107128 - | - 106150185 - | - 156216256 - | - 126175213 - | - 96 152205 - | - 121 174218 -
MI6 |54 115170 220 257| 55 90 110 128 153 | 52 104 147 185 219| 80 156 213 256 293 | 65 130 183 226 260| 43 88 129 171 212| 94 192 282 356 410| 63 126 172 210 258| 50 98 135 166 203| 62 122 171 213252
M32 50 112 169 219 257| 51 86 105 121 145| 52 107 151 190 225 | 77 150 203 243 278 61 Lﬂﬂﬁﬂﬁ‘{& 87 129 169210‘87 185 277 354413‘58 120 166 208 252 | 46 89 120 148 187 | 58 118 166 207 246

Table 4. (left) (a) Performance comparison between different architectures using MPJPE for the AMASS and 3DPW datasets. (*) metric
is computed by us using our pipeline and the standard metric. (*) metric takes the average MPJPE over all previous frames. (right) (b)
Comparison summary of average MPJPE (using only 80, 160, 320, 400, and 1000ms), number of parameters and FLOPs.

Human3.6M

AMASS-BMLrub 3DPW Model MPIPE Params ~FLOPs
Time (ms) 80 160 320 400 560 720 880 1000 | 80 160 320 400 560 720 880 1000 MuliAtontion 0] o8 oM 1o
GAGCN [42]F 100 119 20.1 240 304 - - 431 | 84 119 187 236 291 - - 399 MSR-GCN [0] 533 63M  1924M
HRI[27] 113 207 357 420 517 586 634 672 | 12.6 23.1 39.0 454 560 63.6 69.7 73.7 STS-GCN [34] 528 575k 7.IM
STS-GCN [341* 112 206 365 43.1 525 592 643 687 | 117 207 350 403 487 550 59.4 624 MotionMixer [] 505 302K - 2aM

MultiAttention [20] | 11.0 203 350 412 50.7 574 619 658 | 124 226 38.1 444 547 62.1 679 718 DSTD-GCN [7] 506 0.18M -
MotionMixer [2]* | 10.1 184 327 389 483 550 604 642 | 109 194 333 39.0 484 552 60.0 63.6 PGBIG [25] 498 1L74M  55.8M
Mi6 9.9 189 341 404 502 569 613 649 | 10.6 19.6 33.4 39.0 480 54.1 588 62.0 M8 508 115.6K  19.5M
M32 .8 18.6 33.6 39.8 49.2 560 60.3 63.6 | 104 193 332 387 47.6 540 585 617 Mi6 505 164.0K  21.3M
M32 502 345.6K 27.5M
M64 49.6 1.048M 49.7M

also helps to interpret graph connections. To do this, we re-
place the adjacency matrix with a Dynamic Adjacency En-
coder (DAE) that provides a feature map of the same size,
described below.

Atrous Pyramid TCN. TCN architecture is widely used
as a decoder for the output sequences [7, 34, 42]. How-
ever, as explained above, we use a larger input dimension
and can increase the complexity of the feature search in the
output sequence. Given the outstanding results obtained by
DeepLabv3+ in image segmentation, we modified the TCN
to be pyramidal and used different dilation rates to later con-
catenate and compress the output, as shown in Fig. Ic.

Context Network. We propose a network to collect
statistics and generate feature importance vectors, detailed
in Fig. 1d. We think every pooling extracts different feature
information, as observed in point clouds [11,20]. Specifi-
cally, we use 3 different pooling operations for the same in-
put. Conv+BN+PReLU blocks and linear layers are applied
before and after each pooling. Later, every output with size
o € RT is merged in one unique vector with size O € R37.
Assuming we code the context information, we could ex-
tract two feature importance from this vector for spatial and
temporal domains: displacement and joint features.

Gating Network (GaNet). After obtaining the output
from DSGN and DTGN, we presume that not all feature
maps contribute equally, similar to [42], we weight the fea-
ture maps. But our GaNet blocks generate two vectors W1
and W2 with F' length but with a different fusion mode.
GaNet, as shown in Fig. le, implements a lightweight ar-
chitecture with the use of separable convolutions that reduce
the number of parameters. Also, the aggregation of statistic
values computed from the same input makes the represen-

tation more meaningful to the weighting vectors.

Dynamic Adjacency Encoder (DAE). This block, as
shown in Fig. 1f, is responsible to compute the adjacency
matrix used in every GCN. This efficient architecture uses
convolutional layers not only to map an input feature map
into a matrix adjacency shape but also to generate this ma-
trix with a lower number of parameters than other GCNSs.

4. Experimental Evaluation
4.1. Datasets

Using a unique model to evaluate short- and long-
predictions, same as [27,29], we conducted experiments on
widely used datasets: Human 3.6M [1 1], AMASS [26], and
3DPW [36]. Additionally, we analyzed multi-pose motion
prediction using the ExPI dataset [S].

Human 3.6M. Consists of 15 different actions per-
formed by 7 different actors per action. Following [27]
and [7], we downsample the frame rate to 25Hz and use 22
joints from the overall subjects 1,6,7,8,9 for training, sub-
ject 11 for validation, and subject 5 for testing.

AMASS. Consists of a gathering of 18 existing datasets.
We perform a frame rate down-sampling to 25Hz as in Hu-
man 3.6M. Then, following [34] and [2], we select 8, 4,
and 1 (BMLrub) datasets for training, validation, and test-
ing respectively. For each body pose, hand joints are dis-
carded and we consider 18 joints for training from the 22
body joints, skipping 5 frames instead of 1.

3DPW. Consists of both indoor and outdoor actions,
containing 51,000 frames captured at 30Hz. Following [34]
and [2], we only use 3DPW to test the generalization of the
models trained on AMASS.
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Figure 2. Motion prediction results on “walking” (top) and “eating’
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> (bottom) motion classes from H3.6M dataset. Sorted by the lowest

(left) and the largest errors (right). Solid lines are ground truth. Dashed lines are predictions from the M 32 model. Blue color of the poses
represents ground truth while the red color of the poses represents the predicted ones.

ExPI. The recent ExPI dataset contains 115 sequences
of 2 professional couples performing 16 different dance ac-
tions. It is recorded in a multiview motion capture studio at
25 fps. Following [8], The experiments performed include
two persons represented by 18 joints each one in all the 30K
frames. We benchmark in both protocols for common and
unseen action splits using the same settings.

4.2. Experimental results

Metric. The Mean Per Joint Position Error (MPJPE) is
a widely adopted evaluation metric used in previous works
[6,19,24] to compare two pose sequences and is described
in Eq. (4). We evaluate our topology defined as M and
the number of channels in the hidden DST-GCN layers for
various experiments, i.e. M8, M 16, M 32, and M64.

T J
1 .
Lyvpipe = 7J <T E E ||Cﬂj,t - xj,t||2 4

t=1 j=1

Quantitative results. We first compare our method with
the SOTA approaches on the four datasets. Since we re-
alized that some papers used another metric, which calcu-
lates the mean error across preceding frames with diverse
normalizations, resulting in a lower error compared to the
standard metric. we attempted to reproduce these outcomes
whenever feasible implementations were obtainable. but
our replication efforts relied solely on the standard met-
ric defined in Eq. (4). While running these experiments,
we found other noteworthy peculiarities in the literature:
Firstly, some authors did not use all motion classes for com-
parison. Secondly, some authors sampled 256 samples from
each motion class while others used the complete test sets.
We chose to use the 256-sample variation, as it is more
common in the literature and made more sense for a bal-
anced test set. We present in Tab. 1 our model results com-
pared to the benchmark architectures for H3.6M. Regret-
tably, we did not find an implementation for GAGCN [42].
In general, we observe that more complex actions such as
“Purchase”, “Sitting Down”, “Posing” and “Walking Dog”
yield lower performances for all methods since these “spon-
taneous movements” have large motion variations appear
after the input sequence. Although we outperformed most
of the SOTA models, we also obtained slightly lower but

still comparable performance to MultiAttention and PGBIG
models. But, these models are larger in both the number of
parameters and demanding complexity as detailed in sec-
tion 4.3. The newest MotionMixer [2] architecture obtains
comparable results using only a feature mix while keeping
a lower number of parameters. We also experimented with
OOD samples by introducing 3D transformations and noise
as adversarial examples to evaluate their impact on the mod-
els. Our model demonstrates its robustness on the test set
against random rotation attacks (Fig. 4a) when compared to
other models, and, performs slightly better than other mod-
els, for random noise attacks (depicted in Fig. 4b). This
shows the importance of data augmentation in the overall
robustness of the model against “natural perturbations”.

We also extend our experiments to the AMASS and
3DPW datasets as detailed in Tab. 4a. Our M 32 and M 16
models outperform previous works and M 16 is compara-
ble to MotionMixer. On AMASS, we observe that for some
models, the error is similar for short-term predictions while
differing more for long-term predictions. Interestingly, Mo-
tionMixer reduced significantly the short-term error but the
long-term margin remains similar. We obtain a similar be-
havior to MotionMixer with our two models and assume
that this is because of the nature of AMASS dataset which
contains many complex samples that are not necessarily
cyclic such as “Walking” action from H3.6M. On 3DPW
dataset, we observe that long-term predictions differ more
between models, and still M32 and M 16 outperform pre-
vious approaches. We believe that this behavior happens
due to spontaneous movements, even when we find some
“Walking” motion in both datasets. GAGCN is not directly
comparable to the other methods shown in the table.

Finally, we wanted to explore the multi-pose motion
interaction in the new ExPI dataset and how CIST-GCN
may behave in this situation. CIST-GCN was initially de-
signed for single-pose predictions. However, it impres-
sively reaches previous SOTA methods in both short-term
and long-term. In Tabs. 2 and 3, our model outperforms
other approaches by a short margin independent of the pro-
tocol type. But, our model complexity is only 0.76M on
M 32 compared to 8.5M from XIA model [&].

Qualitative results. In order to complement the quanti-
tative results, we present in Fig. 2 the results of the M32
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Figure 4. Augmentation effect on test set evaluated on our
pipeline. Average MPJPE over the 25 output frames, with (a) ro-
tations between 0-360 degrees, and (b) noise rate between 0.0-0.2.

model for input sequences of the “walking” and “eating”
classes from the H3.6M test set. The plot shows the samples
with the lowest (left) and largest (right) errors with predic-
tions of 80, 160, 320, 400, 560, 720, and 1000 ms. As we
can see, the right side sample (OOD or most difficult case)
is arguably very hard to predict without context knowledge,
for example, “walking and raising your hand after the input
period”. This might even be considered as unexpected be-
havior after the input sequence which is similar to an OOD.

4.3. Computational Complexity

We assess the trade-off between the performance and
the approximated computational cost of SOTA architectures
versus our model across 4 complexity configurations, as
presented in Table 4b. We use the average MPJPE value
as a performance reference next to a number of parameters
and FLOPs approximation. We observe that our architec-
ture has a lower number of parameters compared to most of
the previous works and outperforms other approaches while
being lightweight. However, due to the interpretable fea-
tures implemented in our model, the number of FLOPs in-
creased significantly due to the matrix multiplications and
linear layers. Although M 64 obtained the lowest error and
overcomes previous works, it requires a large number of pa-
rameters and sometimes has convergence issues. We believe
that the sum operator in the DST-GCN blocks can some-
times generate overflow or large gradients, making training
unstable. Therefore, we focus on M 32 for further analy-
sis because of the accuracy-complexity trade-off. PGBIG
and MotionMixer have the best MPJPE values from the
SOTA models, however, the estimated complexity (FLOPs)
for PGBIG is larger due to it requires a multi-stage architec-

ture with intermediate targets whereas MotionMixer under-
performs in terms of MPJPE by a small margin our model.

4.4. Implementation details

Our model was trained end-to-end and in a fully super-
vised manner using Eq. (4) as the loss function for all the
experiments. We used data augmentation composed of ran-
dom noises, rotations, scales, and translations. Inspired by
scalable modeling, we control the model size by two hyper-
parameters, complexity, and the number of layers. We stack
the DST-GCN module five times for the input but only apply
the DST-GCN module once for the output layer as shown in
Fig. la. The complexity was set on 8, 16, 32, and 64 for
simplicity (details in supplementary material and our code).

5. Discussion

In this section, we focus on the M 32 model. Additional
details can also be found in the supplementary materials.

5.1. Feature importance vectors

We explore the significance of interpretations learned
from the model by comparing them to another data repre-
sentation, as depicted in Fig. 3. We concatenate all fea-
tures’ importance obtained by every model layer. In con-
trast to the approach in GAGCN [42], where authors com-
puted the average of 16 samples from 4 motion classes and
plotted differences of the blending coefficients, we use the
t-SNE algorithm to visualize the entire test set. This ap-
proach avoids interpretation bias, especially when certain
classes share similar movements, as shown in Fig. 2. In
Fig. 3, only pure 3D euclidean poses and corresponding
feature importance representations are shown (see supple-
mentary material for displacement representations). Our
observation reveals that using pure input poses, as seen in
Fig. 3a, results in a cluster-like distribution visualization
for some motion sequences, while others exhibit less pro-
nounced grouping and higher variance without distinct cen-
troids. In comparison to other representations, Fig. 3b ef-
fectively shows well-grouped motion classes, while also un-
veiling instances of larger MPJPE located away from the
centroids. This experiment found a similar grouping as in
GAGCN [42] for “walking” and “sitting”. A similar inter-
pretation could be seen in other representations using other
grouping strategies. Quantitatively, we measured distances
from points to centroids and found that our data representa-
tion was more accurate. We can also utilize average vectors
for both the temporal and spatial domains to conduct soft
clustering on movements. Also, given our architecture uses
a global residual connection, the model indeed is learning
displacements from the last input. This is particularly use-
ful in inference since movements can be ambiguous some-
times, leading to instances where a sequence may exhibit
a blend of multiple motion actions such as “walking” and
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Figure 5. Normalized (0-1) and per-layer average adjacency matrices extracted from the CISi‘—GCN architecture in the spatial (left) and
temporal (right) domains for (a) walking, and (b) other motion actions. The right parts display changes in the angles of movement.

Figure 6. Normalized (0-1) and per-layer average adjacency ma-
trices for (a) “walkingtogether” and (b) “sitting” motion actions.

“eating”. Then, we could predict the future motion by also
getting an idea about the kind of motion that is observed.

5.2. Feature Maps

After evaluating Fig. 3b, we observe that motion classes
may behave as a mix of at least two motion classes. A
qualitative analysis of the saliency maps shows us the mo-
tion behavior. Consistent with DSTD-GCN [7], the inter-
pretable adjacency matrices are equivalent in some way to
relation matrices. In Fig. 5a, we present the saliency maps,
along with the spatial and temporal matrices, correspond-
ing to walking actions, as well as the associated variations
in movement angles (see supplementary materials for rel-
ative angle computation). We observe that when the in-
put sequence comprises cyclic movements like walking, the
temporal saliency maps (“tsgn-out” for the output) promi-
nently feature values close to 0. On the other hand, the out-
put spatial saliency maps (“dsgn-out”) present lower val-
ues when the right foot starts the cyclic movement before
the left foot, we observe the opposite behavior when these
spatial maps are mostly 1. We have observed that when
the input sequence comprises cyclic movements like walk-
ing, the output temporal saliency maps (“tsgn-out”) promi-
nently feature values close to 0. Conversely, the output spa-
tial saliency maps (dsgn-out) exhibit lower values when the
cyclic movement begins with the right foot before the left.
By contrast, when the left foot begins the movement, the
spatial maps predominantly display values near to 1. To
broaden this analysis to additional motion classes, we ob-
serve in Fig. 5b that similar patterns persist in “tsgn-out”
when the movement is cyclic, however, when the model
predict static motions “tsgn-out” displays a prevalence of
values near 1. Conversely, when we evaluate the averages
of the input saliency maps (“tsgn-in” and “dsgn-in”), the

patterns are faded in the hidden layers, making motion iden-
tification a challenging task. Sometimes, the saliency maps
exhibit inconsistencies for the highest MPJPE values. The
saliency maps should show the relation between frames and
joints, however, it becomes apparent that the precise val-
ues are distributed across consecutive rows and columns.
This phenomenon is evident when we present in Fig. 5 the
saliency label alongside the map’s mean and standard devi-
ation. Similar patterns are observed when input sequences
are rotated or slightly scaled as shown in Fig. 6. Essen-
tially, this shows that the matrices exhibit similarity for sim-
ilar predictions, enabling us to derive comparable interpre-
tations irrespective of the object’s position, orientation, or
scale. Given our model forecasts displacements, the output
layers contain more substantial and visually prominent in-
formation. Additional experiments are necessary to have a
deeper comprehension of which layer(s) within our network
transform input displacements into output displacements.

6. Conclusions and Future Outlook

We have introduced a novel architecture for human mo-
tion prediction using GCNs. The evaluations show that our
approach obtains comparable and/or superior performance
to SOTA models. As observed, our model is a robust ap-
proach not only for motion prediction but also for achieving
a certain interpretability level. We discussed the effects of
data augmentation and OOD data, also showed the robust-
ness of our models against previous works. For future out-
look, we plan to extend our study on adversarial attacks and
OOD to have a deeper understanding of the feature maps
and how the model complexity can be optimized.
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