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Abstract

The past few years has witnessed the dominance of Graph
Convolutional Networks (GCNs) over human motion predic-
tion. Various styles of graph convolutions have been pro-
posed, with each one meticulously designed and incorpo-
rated into a carefully-crafted network architecture. This paper
breaks the limits of existing knowledge by proposing Uni-
versal Graph Convolution (UniGC), a novel graph convo-
lution concept that re-conceptualizes different graph convo-
lutions as its special cases. Leveraging UniGC on network-
level, we propose GCNext, a novel GCN-building paradigm
that dynamically determines the best-fitting graph convolu-
tions both sample-wise and layer-wise. GCNext offers mul-
tiple use cases, including training a new GCN from scratch
or refining a preexisting GCN. Experiments on Human3.6M,
AMASS, and 3DPW datasets show that, by incorporating
unique module-to-network designs, GCNext yields up to 9×
lower computational cost than existing GCN methods, on top
of achieving state-of-the-art performance. Our code is avail-
able at https://github.com/BradleyWang0416/GCNext.

Introduction
The idea of predictable human motion has attracted much re-
search interest over the years across a wide range of applica-
tions such as human-robot interaction and autonomous driv-
ing. To generate plausible predictions, early successes were
achieved with RNNs (Fragkiadaki et al. 2015; Ghosh et al.
2017) and CNNs (Butepage et al. 2017; Li et al. 2018). At
present, human motion prediction is dominated almost ex-
clusively by Graph Convolutional Networks (GCNs) (Kipf
and Welling 2016), due to the innate graph-like nature of
human body joints and bones. Human motion data are often
in the form of 3D skeleton sequences, where each dimension
corresponds to a different aspect—time, space, or channel,
as shown in Fig. 1. To extract features, various graph con-
volutions are proposed. They either focus on aggregating in-
formation in a single dimension (Li et al. 2020; Cui, Sun,
and Yang 2020), or combine aggregations in two dimensions
without considering the remaining one (Wang et al. 2024;
Ma et al. 2022; Li et al. 2021; Mao et al. 2019; Sofianos
et al. 2021; Liu et al. 2020). There are yet a number of other
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graph convolution types unexplored by existing works. One
is naturally motivated to ask: What makes an ideal type of
graph convolution for human motion prediction?

To answer this question, we propose Universal Graph
Convolution (UniGC), a novel graph convolution concept
that pushes the boundaries of existing knowledge by re-
conceptualizing different graph convolutions, both existing
and unexplored, as its special cases. In the most general
case, UniGC uses 6D global adjacency to encode inter-
relationships within and across space, time, and channels,
which can be categorized into 7 types as shown in Fig. 1. The
entry at position [i, k,m, j, ℓ, n] of the 6D adjacency repre-
sents the relationship between channel-m of joint-k at time-i
and channel-n of joint-ℓ at time-j. Using two techniques—
adjacency masking and sub-adjacency tying, UniGC can be
specialized into various different special cases, which focus
on different subsets of all the 7 types of relationships. Ex-
isting graph convolutions are either the vanilla form or vari-
ations of these special cases, such as spatial (Cui, Sun, and
Yang 2020; Li et al. 2020; Ma et al. 2022), temporal (Ma
et al. 2022), spatial-temporal (Li et al. 2021), dense (Ma
et al. 2022), trajectory (Mao et al. 2019; Mao, Liu, and
Salzmann 2020; Dang et al. 2021), space-time-separable
(STS) (Sofianos et al. 2021), and unified (G3D) (Liu et al.
2020) graph convolutions. This gives rise to the second
question: What is the best way for UniGC to be leveraged
network-wise to address the task?

An intuitive answer based on common practices would be
to stack multiple layers of UniGC. However, its 6D global
adjacency would require too many parameters, making com-
putation less efficient and optimization more challenging.
This paper gives a better answer by proposing GCNext,
which exploits the versatility and adaptability of UniGC on
network-level. In contrast to existing approaches which typ-
ically involve manually choosing one from all possible types
of graph convolutions, stacking it multiple layers, and eval-
uating the resulting network, GCNext is structured to make
the choice-making process learnable and sample-specific,
where each layer dynamically chooses the optimal graph
convolution type based on each different sample. Specif-
ically, each layer in GCNext contains several graph con-
volutional blocks of different types in parallel and a light-
weight selector block tasked with choosing the best-fitting
one for each sample. Other network designs include a rein-
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Figure 1: Our proposed Universal Graph Convolution (UniGC) explores all aspects of human motion: space, time, and channel.
(a) A motion sample. (b) A simplified 3D sketch of the sample. (c) Our proposed UniGC. (d) Graph convolutions for skeleton
data in existing works such as BIG (Ma et al. 2022), STS (Sofianos et al. 2021), LDR (Cui, Sun, and Yang 2020), DMGNN (Li
et al. 2020), MST (Li et al. 2021), G3D (Liu et al. 2020), LTD (Mao et al. 2019), MSR (Dang et al. 2021), DDGCN (Wang
et al. 2024) focus on only a subset of all human motion aspects, and can be seen as variants of UniGC’s special cases.

vention of update operations, and a replacement of batch
normalization with layer normalization, both of which lead
to performance improvement and efficiency boost. Combin-
ing these designs, GCNext can yield up to 9× reduction in
computational cost compared to existing GCNs with compa-
rable model sizes. GCNext offers multiple use cases. First,
it can be trained from scratch to obtain a GCN combining
the strengths of different graph convolutions both layer-wise
and sample-wise. Second, it can be used to refine a preexist-
ing GCN with a predetermined type of graph convolution.

Our proposed UniGC and GCNext combined represent a
module-to-network paradigm package, providing an effec-
tive approach that better addresses human motion prediction.
In summary, our contributions are three-fold:
• On concept-level, we propose UniGC, a novel graph con-

volution concept that re-conceptualizes different graph
convolutions as its special cases. The specialization is
achieved through two techniques: adjacency masking and
sub-adjacency tying. UniGC represents not only a new
concept of graph convolution, but also a new paradigm of
designing graph convolutions.

• On network-level, we propose GCNext, a novel GCN
framework that dynamically determines the optimal GCN
architecture both sample-wise and layer-wise. GCNext
offers multiple use cases, including training a new GCN
from scratch or refining a preexisting GCN.

• We conduct extensive experiments on three benchmark
datasets, Human3.6M, AMASS, and 3DPW, which show
that GCNext can yield up to 9× lower computational cost
than existing GCNs with comparable model sizes, besides
achieving state-of-the-art performance.

Related Work
GCNs For Human Motion Data. Graph Convolutional
Networks (GCNs) (Kipf and Welling 2016), a popular type
of graph neural network (Scarselli et al. 2008; Hamilton,
Ying, and Leskovec 2017; Zaheer et al. 2017), have wide-
ranging applications in human motion prediction, action
recognition (Yan, Xiong, and Lin 2018; Chen et al. 2021; Shi
et al. 2021; Liu et al. 2023; Liu, Meng, and Liang 2022) and

so on. Human motion data typically have three dimensions:
space, time, and channel. Spatial graph convolutions are em-
ployed to aggregate information in the spatial domain (Cui,
Sun, and Yang 2020; Li et al. 2020). Temporal graph con-
volutions aggregate temporal information across different
frames (Ma et al. 2022; Li et al. 2021; Sofianos et al. 2021).
Spatial-channel graph convolutions treat each trajectory as
a node (Mao et al. 2019). Spatial-temporal graph convolu-
tions capture both spatial and temporal relationships (Yan,
Xiong, and Lin 2018; Liu et al. 2020; Zhong et al. 2022; Li
et al. 2021). A related work to ours is G3D (Liu et al. 2020),
which proposes a unified spatial-temporal graph convolution
to aggregate cross-space-time features. However, the cross-
channel relationships, known to be important for achieving
superior performance (Mao et al. 2019; Mao, Liu, and Salz-
mann 2020; Dang et al. 2021; Guo et al. 2023; Mao et al.
2021), is not addressed in G3D. G3D can be seen as a vari-
ant of a special case in our UniGC. Therefore, our UniGC
is a more inclusive and unified concept, taking into account
richer information with and across different spatial, tempo-
ral, and channel aspects of human motion.

GCN-based Human Motion Prediction. LTD (Mao et al.
2019) considers each joint coordinate as a node in the graph.
Follow-up works incorporate techniques that better address
the task, such as attention (Mao, Liu, and Salzmann 2020;
Mao et al. 2021), and multi-scale graph (Dang et al. 2021;
Li et al. 2020). LDR (Cui, Sun, and Yang 2020) employ
spatial graph convolutions to exploit skeleton structure, with
temporal CNNs to learn temporal information. Later works
combine spatial and temporal graph convolutions to learn
spatial-temporal dependencies (Li et al. 2021; Ma et al.
2022; Sofianos et al. 2021). DDGCN (Wang et al. 2024) pro-
poses a dynamic dense graph convolution that unifies spa-
tial and temporal domains and dynamically learns sample-
specific dependencies. In contrast to current approaches fo-
cusing on a subset of human motion aspects, our UniGC
can provide both global modeling and more specific focus
on local patterns among space, time, and channels, whose
strengths can be combined by our GCNext.
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Operations
Notation Variables Description

Y = RAB,CD(X)
X : (A,B,C,D)

Y : (AB,CD)
array reshape

Y = G(X;A)
X, Y: features
A: adjacency

graph convolution
depending on A

X⊙Y
X, Y: arrays
of equal shape

element-wise
multiply

Symbols
Notation Shape Description
X (T, J, C) input sample
Xt = X [t, :, :] (J,C) pose features
x = RTJC(X) (TJC, 1) flattened X
xt = RJC(Xt) (JC, 1) flattened Xt

A (T, J, C, T, J, C) global adjacency
M (T, J, C, T, J, C) adjacency mask

Table 1: Notations of operations and symbols.

Universal Graph Convolution (UniGC)
Our goal is to predict the future motion sequence given the
history sequence. Suppose that a motion sequence consists
of T frames, J joints and C coordinates (channels). Each
sample is represented by a 3D array X of shape (T, J, C).
For better readability, we list the notations of operations and
symbols used in the paper in Table 1.

The Most General Case. We first present the most gen-
eral case of UniGC. Given a sample X, we represent it as a
global graph with TJC nodes whose relationships are stored
in global adjacency A of shape (T, J, C, T, J, C). The most
general case of UniGC is defined as:

Y = G(X;A)
x = RTJC(X);
A = RTJC,TJC(A);
y← Ax;

Y = RT,J,C(y),

(1)

where the UniGC operation takes X as input and outputs Y.
Without any specialization, global adjacency A is fully pa-
rameterized, defining a global aggregation of node features
over a fully-connected graph where every node aggregates
information from all the nodes including itself.

Consistently with the space, time, and channel dimen-
sions and their combinations, UniGC can be specialized into
C1

3 + C2
3 = 6 graph convolution types: spatial-temporal

(Gst), spatial-channel (Gsc), temporal-channel (Gtc), spatial
(Gs), temporal (Gt), and channel (Gc) graph convolutions.

Special Case 1: Spatial-Channel Graph Convolution.
Based on the most general case, an spatial-channel adja-
cency mask Msc is introduced as an extra input to UniGC:

Msc[t1, :, :, t2, :, :] =

{
1 if t1 = t2;

0 if t1 ̸= t2.
(2)

The mask Msc is applied upon the global adjacency A, giv-
ing the definition of spatial-channel graph convolution:

Y = Gsc(X;A,Msc)

x = RTJC(X);
A = RTJC,TJC(A);
Msc = RTJC,TJC(Msc);

y← (A⊙Msc)x;

Y = RT,J,C(y).

(3)

Component-wise, the effect of Msc is to keep only the main-
diagonal blocks of shape (JC, JC) in A such that:

y1

y2

...
yT

←


A11 0 · · · 0
0 A22 · · · 0
...

...
. . .

...
0 0 · · · ATT




x1

x2

...
xT

 , (4)

where Att = RJC,JC(A [t, :, :, t, :, :]). The mask Msc nulli-
fies cross-frame relationships, restricting the network to ag-
gregating features only within each frame independently of
other frames. For any time step t, we have:

yt ← Attxt. (5)

Such frame-wise independence allows one to apply graph
convolution frame-by-frame, and then concatenate the out-
puts of each frame together for the final output.

The above graph convolution can be more constrained, by
tying the sub-adjacencies of different frames:

Ashare = A11 = A22 = · · · = ATT . (6)

Using this cross-frame sub-adjacency tying, we can derive
temporally-tied spatial-channel graph convolution:

Y = Gsc∗(X;A)
X = RJC,T (X);
Ashare = RJC,JC(A [1, :, :, 1, :, :]);

Y ← AshareX;

Y = RT,J,C(Y).

(7)

Similar to Eq. 4 and Eq. 5, the matrix multiplication step in
Eq. 7 has component-wise representation as:

[y1,y2, · · · ,yT ]← Ashare [x1,x2, · · · ,xT ] ;

yt ← Asharext.
(8)

The spatial-channel adjacency masking and the cross-
frame sub-adjacency tying techniques combined allow the
module to capture frame-specific cross-spatial-channel in-
formation while benefiting from shared insights from simi-
lar patterns in different frames. Also, the size of adjacency
parameters is reduced from T × J × C × T × J × C (as in
A) to a minimum of JC × JC (as in Ashare).

Special Case 2: Spatial-Temporal Graph Convolution.
Similar to special case 1, we introduce spatial-temporal ad-
jacency mask Mst, which is defined as:

Mst[:, :, c1, :, :, c2] =

{
1 if c1 = c2;

0 if c1 ̸= c2.
(9)
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Figure 2: GCNext and its two use cases. (a) GCNext trained from scratch to dynamically determine the best-fitting GCN
architecture at each layer for each sample. (b) GCNext as a plug-in to refine a preexisting GCN. By leveraging a novel “zero-
graph convolution” scheme, GCNext preserves the qualities of the original GCN, and gradually refines it during training.

The spatial-temporal graph convolution Gst can be obtained
by simply replacing the mask term Msc in Eq. 3 with Mst.
Also similar to special case 1, it can be further constrained
by cross-channel sub-adjacency tying, becoming channel-
tied spatial-temporal graph convolution:

Y = Gst∗(X;A)
X = RTJ,C(X);
Ashare = RTJ,TJ (A [:, :, 1, :, :, 1]);

Y ← AshareX;

Y = RT,J,C(Y).

(10)

Special Case 3: Spatial Graph Convolution. Spatial
graph convolution Gs(X;A) uses the spatial adjacency mask
Ms = Msc⊙Mst, where only the spatial relationships within
the same frame and the same channel are aggregated.

The rest of the special cases, including temporal-channel
(Gtc), temporal (Gt), and channel (Gc) graph convolutions,
can all be derived in ways similar to special case 1–3.

Connections with Existing Graph Convolutions. Graph
convolutions proposed by existing works largely are the
vanilla form or are variants of UniGC’s special cases. For
example, the temporally-tied spatial-channel graph convo-
lution (Eq. 7) is used in LTD (Mao et al. 2019), while its
variants are used in MSR-GCN (Dang et al. 2021) and His-
Rep (Mao, Liu, and Salzmann 2020). The well-accepted
concept of spatial-temporal graph convolutions in the com-
munity (Ma et al. 2022; Li et al. 2021; Sofianos et al. 2021;
Liu et al. 2020) is actually the variation of the channel-
tied spatial-temporal graph convolution (Eq. 10), while the
channel-untied case is unexplored by existing work.

Further Discussion. It is worth noting that, while the for-
mulas for UniGC appear complex in matrix form, they can
be easily implemented using tensor operations, with the help
of Einstein notation.

GCNext Framework
The most general case of UniGC requires a large size of pa-
rameters, making computation less efficient and optimiza-
tion more challenging. To balance effectiveness and effi-
ciency, we propose GCNext, which leverages the adaptabil-
ity of UniGC, and offers multiple use cases.

Use Case 1: Training from Scratch. As shown in
Fig. 2 (a), GCNext contains L dynamic layers, where each
layer has N candidate graph convolution operations, a se-
lector, and a layer normalization. The selector is tasked with
determining the optimal graph convolution operation for this
layer based on the layer input X. Each of the N candidates
perform a different type of graph convolution:

Yi = Gi(X;A,Mi, θi), ∀i ∈ [1, N ] , (11)

where Gi ∈ {Gst,Gsc,Gtc,Gs,Gt,Gc}, θi is the parameters
that parameterize A, and Mi is the adjacency mask required
for specializing to Gi. The layer input X is also passed
through the selector, which relies on a learnable process S
followed by Gumbel Softmax (Jang, Gu, and Poole 2016):

v = GumbelSoftmax
(
S(X; θs)

)
, (12)

where v = [v1, v2, · · · , vN ] ∈ {0, 1}N is a one-hot vector
that indicates the optimal block, and S : RT×J×C → RN is
implemented with an average pooling followed by an MLP,
which learns to assign higher values to the best-matched
candidate. The graph convolution output Z is obtained by
Z =

∑N
i=1 viYi, followed by layer normalization to produce

the final output of this layer. During inference, the network
directly passes the input through the optimal graph convolu-
tion block based on the index of the one-hot vector, thereby
reducing computational cost.

Use Case 2: Refining Preexisting GCNs. Alternatively,
GCNext can be used to refine a preexisting GCN. Suppose
that the preexisting GCN is built on graph convolution Gτ .
Fig. 2 (b) shows the case of τ = 1. At each layer, the net-
work decides whether or not it needs to be refined, and if
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Model Venue Mean Per Joint Position Error (mm)
80ms 160ms 320ms 400ms 560ms 720ms 880ms 1000ms

LTD (Mao et al. 2019) ICCV’19 11.2 23.4 47.9 58.9 78.3 93.3 106.0 114.0
HisRep (Mao, Liu, and Salzmann 2020) ECCV’20 10.4 22.6 47.1 58.3 77.3 91.8 104.1 112.1
MSR-GCN (Dang et al. 2021) ICCV’21 11.3 24.3 50.8 61.9 80.0 - - 112.9
PGBIG (Ma et al. 2022) CVPR’22 10.6 23.1 47.1 57.9 76.3 90.7 102.4 109.7
siMLPe (Guo et al. 2023) WACV’23 9.6 21.7 46.3 57.3 75.7 90.1 101.8 109.4
Ours 9.3 21.5 45.5 56.4 74.7 88.9 100.8 108.7
STSGCN (Sofianos et al. 2021)† ICCV’21 10.1 17.1 33.1 38.3 50.8 60.1 68.9 75.6
GAGCN (Zhong et al. 2022)† CVPR’22 10.1 16.9 32.5 38.5 50.0 - - 72.9
MotionMixer (Bouazizi et al. 2022)† IJCAI’22 9.0 13.2 26.9 33.6 46.1 56.5 65.7 71.6
Ours† 6.9 12.7 24.7 30.5 41.3 50.7 59.0 64.7

Table 2: Results on Human3.6M in terms of mean per joint position error (MPJPE). † indicates methods that compute the
average error over all frames, whose results (except ours) are taken from the paper by Bouazizi et al. (2022). Otherwise, the
methods are evaluated at each frame, whose results (except ours) are taken from the paper by Guo et al. (2023).

Dataset AMASS-BMLrub 3DPW
milliseconds 80 160 320 400 560 720 880 1000 80 160 320 400 560 720 880 1000
LTD 11.0 20.7 37.8 45.3 57.2 65.7 71.3 75.2 12.6 23.2 39.7 46.6 57.9 65.8 71.5 75.5
HisRep 11.3 20.7 35.7 42.0 51.7 58.6 63.4 67.2 12.6 23.1 39.0 45.4 56.0 63.6 69.7 73.7
siMLPe 10.8 19.6 34.3 40.5 50.5 57.3 62.4 65.7 12.1 22.1 38.1 44.5 54.9 62.4 68.2 72.2
Ours 10.2 19.3 34.1 40.3 50.6 57.3 62.0 65.3 11.8 22.0 37.9 44.2 55.1 62.1 67.8 72.0

Table 3: Results on AMASS and 3DPW in terms of mean per joint position error (MPJPE).

so, which graph convolution operation to use to refine it. Let
Z̃ = Gτ (X;A,Mτ ) denote the locked original output of this
layer in the preexisting GCN. We re-define Eq. 11 as:

Yi =

{
0, if i = τ ;

Gi(X;A,Mi, θi), if i ̸= τ.
∀i ∈ [1, N ] (13)

The graph convolution output Z is obtained as:

Z = Z̃+
N∑
i=1

viYi. (14)

During training, the adjacencies A are initialized at zeros.
Therefore, in the first train step, we have:

θi = 0, ∀i ∈ [1, N ] , i ̸= τ ;

Gi(X;A,Mi, θi) = 0, ∀i ∈ [1, N ] , i ̸= τ ;

Z = Z̃.
(15)

It indicates that, before optimization, the network is the same
as the preexisting GCN as if GCNext did not exist. The qual-
ities of that GCN are perfectly preserved. Therefore, further
optimization takes effect in a fine tuning manner.

Other Network Designs. We adopt a few other network
designs to balance effectiveness and efficiency.

1) We reinvent the update operations in traditional GCNs.
The update operation usually uses a weight matrix to trans-
form input features into high-dimensional hidden features,
which is the main source of computation cost in GCNs. At
each layer of GCNext, we employ one dimension-preserving
update operation following the selection step, which saves
a lot of computation cost, compared to updating high-
dimensional features in every graph convolution.

2) We replace batch normalization, commonly applied in
traditional GCNs, with layer normalization, which requires
fewer parameters and computes more efficiently.

Experiments
We report the Mean Per Joint Position Error (MPJPE), which
is the preferred metric in human motion prediction. The
lower the MPJPE, the better the performance.

Implementation Details
The model was trained on RTX 3080 Ti GPU, and the train-
ing consumed about 3GB memory and took about 3 hours
with batch size of 256. Testing took about 13 seconds. For
H3.6M dataset, the model is trained for 85k iterations. The
learning rate starts with 0.0006, and drops to 0.000005 af-
ter 75k iterations. For AMASS dataset, the model is trained
for 115k iterations. The learning rate starts with 0.0003, and
drops to 0.000001 after 100k iterations.

Datasets
Human3.6M (H3.6M) (Ionescu et al. 2013) comprises 15
types of actions by 7 actors. Following siMLPe (Guo et al.
2023), the dataset is preprocessed and converted into 3D co-
ordinates, and each pose contains 22 joints. For the valida-
tion and test sets, we respectively use subject 11 and subject
5. The remaining 5 subjects for training.
AMASS (Mahmood et al. 2019) combines multiple Mo-
cap datasets unified by SMPL parameterization. Following
siMLPe (Guo et al. 2023), we use AMASS-BMLrub as the
test set and split the rest into training and validation sets.
3D Pose in the Wild (3DPW) (Von Marcard et al. 2018)
includes activities captured from indoor and outdoor scenes.
We evaluate 18 joints using the model trained on AMASS.

Comparison with State-of-the-Art Methods
Comparison on Human3.6M. Considering that the base-
line methods follow two separate testing protocols: error
computation at each time step (Mao, Liu, and Salzmann
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Model Walking Eating Smoking Discussion
80 400 560 1000 80 400 560 1000 80 400 560 1000 80 400 560 1000

LTD 11.1 42.9 53.1 70.7 7.0 37.3 51.1 78.6 7.5 37.5 49.4 71.8 10.8 65.8 88.1 121.6
HisRep 10.0 39.8 47.4 58.1 6.4 36.2 50.0 75.7 7.0 36.4 47.6 69.5 10.2 65.4 86.6 119.8
MSR-GCN 10.8 42.4 53.3 63.7 6.9 36.0 50.8 75.4 7.5 37.5 50.5 72.1 10.4 65.0 87.0 116.8
PGBIG 11.2 42.8 49.6 58.9 6.5 36.8 50.0 74.9 7.3 37.5 48.8 69.9 10.2 64.4 86.1 116.9
siMLPe 9.9 39.6 46.8 55.7 5.9 36.1 49.6 74.5 6.5 36.3 47.2 69.3 9.4 64.3 85.7 116.3
Ours 8.8 38.9 46.4 55.0 5.9 35.0 48.2 73.9 5.6 36.1 46.9 68.6 8.8 63.1 84.0 114.8
STSGCN† 10.7 38.2 40.6 51.8 6.7 31.6 33.9 52.5 7.1 30.6 33.6 50.1 9.7 45.0 53.4 78.8
GAGCN† 10.3 32.4 39.9 51.1 6.4 25.2 31.8 51.4 7.1 24.3 31.1 48.7 9.7 38.9 53.1 76.9
MotionMixer† 7.3 28.6 - 49.2 4.3 20.9 - 47.4 4.7 21.4 - 45.4 6.4 35.5 - 78.0
Ours† 6.8 24.3 30.3 40.3 4.3 18.9 25.9 42.6 4.5 19.8 26.5 41.2 6.2 32.9 45.4 70.8

Model Waiting Walking Dog Walking Together Average
80 400 560 1000 80 400 560 1000 80 400 560 1000 80 400 560 1000

LTD 9.2 54.4 73.4 107.5 20.9 86.6 109.7 150.1 9.6 44.0 55.7 69.8 11.2 58.9 78.3 114.0
HisRep 8.7 54.9 74.5 108.2 20.1 86.3 108.2 146.9 8.9 41.9 52.7 64.9 10.4 58.3 77.3 112.1
MSR-GCN 10.4 62.4 74.8 105.5 24.9 112.9 107.7 145.7 9.2 43.2 56.2 69.5 11.3 61.9 80.0 112.9
PGBIG 8.7 53.6 71.6 103.7 20.4 84.6 105.7 145.9 8.9 43.8 54.4 64.6 10.6 57.9 76.3 109.7
siMLPe 7.8 53.2 71.6 104.6 18.2 83.6 105.6 141.2 8.4 41.2 50.8 61.5 9.6 57.3 75.7 109.4
Ours 7.7 52.6 71.5 104.0 18.4 82.8 104.6 142.8 8.4 40.5 50.2 60.8 9.3 56.4 74.7 108.7
STSGCN† 8.6 40.7 47.3 72.0 17.6 66.4 74.7 102.6 8.6 35.1 38.9 51.1 10.1 38.3 51.7 75.6
GAGCN† 8.5 33.8 45.9 69.3 17.0 59.4 70.1 91.3 - - - - 10.1 38.5 50.0 72.9
MotionMixer† 5.4 30.0 - 68.2 13.4 54.1 - 99.6 5.9 27.4 - 50.4 9.0 33.6 - 71.6
Ours† 5.4 27.4 38.0 61.3 13.3 49.0 62.6 89.8 6.1 23.4 30.1 41.6 6.9 30.5 41.3 64.7

Table 4: Action-wise results on Human3.6M.

Model refined 80 560 1000
LTD 11.2 78.3 114.0
Ours+LTD 9.9 (↓ 1.3) 77.6 (↓ 0.7) 110.5 (↓ 3.5)
MSR-GCN 11.3 80.0 112.9
Ours+MSR 10.5 (↓ 0.8) 78.1 (↓ 1.9) 110.8 (↓ 2.1)
PGBIG 10.6 76.3 109.7
Ours+PGBIG 9.7 (↓ 0.9) 75.7 (↓ 0.6) 108.8 (↓ 0.9)

Table 5: Results on use case 2: refining preexisting GCNs.

Model FLOPs (M) Infer.
time (ms) Mem.Train Infer.

MSR-GCN 1449.6 1449.6 3.9 5.1GB
PGBIG 224.8 224.8 2.1 2.5GB
HisRep 148.7 148.7 1.6 2.3GB
LTD 133.3 133.3 1.2 2.2GB
Ours 29.1 14.5 0.8 3.1GB

Table 6: Comparison of efficiency in terms of train and in-
ference FLOPs, inference time, and memory.

2020) and error averaging (Sofianos et al. 2021), we test
our method on both protocols. Table 2 shows the results
on H3.6M using average Mean Per Joint Position Errors
(MPJPEs) at different time steps for all actions. Our method
surpasses all others under both testing protocols. Table 4
shows action-wise results for 7 exemplary actions in H3.6M.
Table 5 reports the results of existing GCNs refined with
GCNext, showing that refining with GCNext brings perfor-
mance boost. Table 6 compares the efficiency of different
GCNs, showing that GCNext is generally more efficient.
Comparison on AMASS and 3DPW. In Table 3, we
present the results obtained from AMASS and 3DPW
datasets. As there are two distinct evaluation proto-
cols (Mao, Liu, and Salzmann 2020; Sofianos et al. 2021),

time(ms)0 40 200 400 800

GT

Ours

siMLPe

Figure 3: Qualitative results on H3.6M.

we evaluate our method under both. The models are trained
on AMASS and tested on AMASS-BMLrub and 3DPW.

Ablation Studies
We conduct ablation studies to verify two factors: 1) the ne-
cessity of a dynamic network over static ones; 2) the best
architecture design within the dynamic network. Factor 1 is
studied in Table 7, and factor 2 in Figure 4, Table 8 & 9.

Necessity of Dynamic Network. Table 7 verifies the ad-
vantages of our dynamic network compared against static
networks. Specifically, we design two types of static net-
works for ablation. The first type, similar to existing GCNs,
is built using one single type of graph convolution, which
can be one of the special cases or the most general case of
UniGC, i.e., Gst,Gsc,Gtc,Gs,Gt,Gc, or G. The second type
adopts the original GCNext architecture, but instead of let-
ting the selector select one at each layer, we simply use all
graph convolutions by averaging or summing their outputs.
Table 7 shows that our GCNext (default) outperforms all
static architectures, no matter how they are designed, veri-
fying the necessity of a dynamic architecture for the task.

Ablation on Graph Convolution Options. At each layer,
the selector is expected to select the best candidate graph
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Architecture 80 1000 Architecture 80 1000
st 9.8 109.9 s 10.1 110.7
sc 9.6 109.9 t 10.1 111.0
tc 11.0 113.6 c 10.2 111.6
general 14.5 116.0 all average 9.7 109.6
default 9.3 108.7 all sum 10.1 110.9

Table 7: Ablation on dynamic architecture of GCNext.
The dynamic architecture of GCNext (default) is compared
against different static variations. st, sc, tc, s, t, and c repre-
sents a single-typed GCN. “general” means UniGC without
any specialization. “all average” and “all sum” represents
using multiple graph convolutions by averaging or summing
their outputs, instead of selecting one.

GC option 80 400 560 1000st sc tc s t c
✓ ✓ 9.8 57.1 75.2 109.5
✓ ✓ 9.9 58.0 75.8 110.1

✓ ✓ 9.8 57.3 75.5 109.8
✓ ✓ ✓ 9.8 57.2 75.3 109.7
✓ ✓ ✓ ✓ 9.7 57.0 75.4 109.8
✓ ✓ ✓ ✓ 9.4 56.7 75.2 109.5
✓ ✓ ✓ ✓ 9.5 56.9 75.2 109.1
✓ ✓ ✓ ✓ 9.3 56.4 74.7 108.7

Table 8: Ablation on graph convolution options. Each line
represents a GCNext variant, whose option set is formed
from all the graph convolutions marked with ✓. The best
architecture is using {st,sc,s,c} as the option set.

convolution for each sample. While with more options
comes higher representational capacity and more flexibility,
training and optimization become more challenging. There-
fore, we determine the optimal set of options through exper-
iments. Specifically, we use different combinations of graph
convolutions as different sets of options. Table 8 shows that
the best architecture is providing the selector with 4 op-
tions: spatial-temporal (Gst), spatial-channel (Gsc), spatial
(Gs), and channel (Gc) graph convolutions.

Ablation on Number of Layers. To determine the opti-
mal model size, we study the influence of model size by de-
creasing or increasing the number of layers. Table 9 shows
that GCNext with 48 layers yields the best performance.

Ablation on Dynamic Policy. We assess the impact of dy-
namic policy on GCNext in Fig. 4. Specifically, we com-
pare 6 different policies, including unbiased (default), ran-
dom, and biased towards different graph convolution types.
GC 1–4 represent Gst,Gsc,Gs, and Gc respectively, which
are used in default GCNext architecture. The biased pol-
icy is obtained by piling more blocks such that the selector
will make biased decision towards that type. The red, yel-
low, green, and blue bars respectively represent the propor-
tions of GC 1–4 being selected. Fig. 4 shows that GCNext
achieves the best performance with the unbiased policy.

# Layers 80 560 1000 # 80 560 1000
12 9.8 76.6 110.7 64 9.5 75.0 109.5
24 9.6 75.3 109.8 80 9.5 75.3 109.6
48 9.3 74.7 108.7 96 10.1 75.9 110.2

Table 9: Ablation on the number of layers.
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GC3      GC4
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Figure 4: Ablation on dynamic policy. Six different poli-
cies are evaluated, including unbiased, random, and biased
towards GC 1–4. Their corresponding MPJPEs at 1000ms
(red line) are also reported. The unbiased (default) policy
achieves the best performance.

Visualization
To put a finer point in the evaluation of our method, we
present qualitative results, by visualizing the predicted mo-
tion sequence. Fig. 3 provides a sample of action “sitting”
on H3.6M. We compare the results of ours and of the most
recent state-of-the-art, siMLPe (Guo et al. 2023), along with
the corresponding ground truth (GT). Our method generates
more realistic and accurate body movements, as can be seen
from the frame highlighted with red boxes.

Conclusion
This paper advances towards achieving unity of graph con-
volutions applied to 3D skeleton sequence data for human
motion prediction. First, we propose Universal Graph Con-
volution (UniGC), which re-conceptualizing different graph
convolutions, both existing and unexplored, as its special
cases. This innovation brings significant potential for dis-
covering novel graph convolutions and evaluating diverse
graph convolutions fairly. Moreover, we propose GCNext
framework, which dynamically builds the optimal GCN ar-
chitecture for each sample. GCNext offers multiple use
cases, such as to be trained from scratch into a new GCN
that better addresses the specific task, or to be used to refine
a preexisting GCN. We believe GCNext is a universal opera-
tor that can be applied to more than just human motion data.
Exploiting its further application in more graph-structured
spatial-temporal data types could be promising.
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