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Abstract
Human motion forecasting, with the goal of estimating fu-
ture human behavior over a period of time, is a fundamen-
tal task in many real-world applications. However, existing
works typically concentrate on predicting the major joints of
the human body without considering the delicate movements
of the human hands. In practical applications, hand gesture
plays an important role in human communication with the
real world, and expresses the primary intention of human
beings. In this work, we are the first to formulate a whole-
body human pose forecasting task, which jointly predicts the
future body and hand activities. Correspondingly, we pro-
pose a novel Encoding-Alignment-Interaction (EAI) frame-
work that aims to predict both coarse (body joints) and fine-
grained (gestures) activities collaboratively, enabling expres-
sive and cross-facilitated forecasting of 3D whole-body hu-
man motions. Specifically, our model involves two key con-
stituents: cross-context alignment (XCA) and cross-context
interaction (XCI). Considering the heterogeneous informa-
tion within the whole-body, XCA aims to align the latent fea-
tures of various human components, while XCI focuses on ef-
fectively capturing the context interaction among the human
components. We conduct extensive experiments on a newly-
introduced large-scale benchmark and achieve state-of-the-
art performance. The code is public for research purposes at
https://github.com/Dingpx/EAI.

Introduction
Predicting the evolution of human behavior/activity in the
physical world over time is an essential aspect of machine
intelligence (Tarvainen and Valpola 2017; Ruiz, Gall, and
Moreno-Noguer 2018; Yuan and Kitani 2020). For instance,
to make the seamless human-robot interaction (HRI), a robot
is supposed to have some notion of how people will move or
act in the near future, conditioned on a series of historically
observed poses (Gui et al. 2018; Cui and Sun 2021; Zhang,
Black, and Tang 2021; Mao et al. 2019; Cai et al. 2020; Dang
et al. 2021; Ding and Yin 2021).

Over the past few years, this attractive topic has re-
ceived considerable attention, emerging a large number of
approaches, with deep learning techniques proving to be
sought-after (Cai et al. 2021; Feng et al. 2021; Li et al. 2022;

*Corresponding author
Copyright © 2024, Association for the Advancement of Artificial
Intelligence (www.aaai.org). All rights reserved.

Figure 1: Top: Previous works focus on predicting the hu-
man major joints, without considering delicate hand move-
ments that are critical to the HRI application. Bottom: To fill
this gap, our work proposes a novel task: whole-body hu-
man pose forecasting, to jointly predict future both body and
gesture activities. We also highlight that within the proposed
EAI, both coarse- (major joints) and fine-grained (gestures)
properties are cross-facilitated to achieve a higher-fidelity
prediction. Here, red/blue pose is the predicted result, while
the underlying green is the ground truth.

Petrovich, Black, and Varol 2021; Ruiz, Gall, and Moreno-
Noguer 2018; Vaswani et al. 2017). Moreover, we note that
existing works fall into the coarse-grained scope, i.e., fore-
casting major joint movements of the human body (Adeli
et al. 2021; Cui and Sun 2021; Butepage et al. 2017; Ruiz,
Gall, and Moreno-Noguer 2018; Zhong et al. 2022; Ma et al.
2022). However, in terms of realistic applications, it remains
a significant limitation: the subtle activity (i.e., gestures) is
not considered. The human hand is a vital bridge for inter-
acting with the world, and meanwhile, for the HRI applica-
tion, it typically includes a detailed command to the robot,
embodying human behaviors with the major body (Zhang,
Black, and Tang 2021; Diller, Funkhouser, and Dai 2022;
Jin et al. 2020; Hidalgo et al. 2019; Taheri et al. 2020). From
real applications of human pose forecasting, we, therefore,
suggest that considering only major joints, while ignoring
the subtle hand gestures, is not sufficient.

To fully investigate this issue, we propose a novel
paradigm: whole-body human motion forecasting, that is,

The Thirty-Eighth AAAI Conference on Artificial Intelligence (AAAI-24)

1537



conjointly predicting future activities of all joints within the
body and hands, as shown in Figure 1. In contrast to the
conventional task, it presents significant challenges in the
following aspects: 1) There are distinct motion patterns in
major body and gesture (amplitude of movement, skeletal
freedom), and hence it is sub-optimal to treat them equally;
2) A human activity usually involves collaboration/interac-
tivity of different parts within the whole-body; For instance,
the clapping-hand embodies the interaction of both hands;
and for drinking, it is dominated by the semantic association
of the hands and mouth. 3) Due to the heterogeneous scales
and characteristics, it is not feasible to directly model such
cross-grained interaction as existing multi-person interactive
forecasting methods do (Guo et al. 2022).

In this work, we propose a novel Encoding-Alignment-
Interaction (EAI) framework to address these challenging
issues. Specifically, to avoid negative mutual-interference,
we first extract their separate internal spatio-temporal cor-
relations from the body and gesture’s heterogeneous mo-
tion properties. We observe that, the interaction/collabora-
tion of various elements within the whole-body is critical
for performing a specific activity. However, such interaction
is incompatible with the existing multi-person interaction
(Guo et al. 2022), because person-to-person information is
scale-uniform, whereas intra-body context is heterogeneous,
e.g., coarse-to-fine-grained (body-to-gesture), or vice versa.
Therefore, we propose to exploit the cross-context alignment
(XCA) to effectively align and smooth the latent features
of different parts, thus eliminating their heterogeneity. Fi-
nally, with the aligned features, we further introduce cross-
context interaction (XCI), a variant of cross-attention (Hao
et al. 2017), that is able to capture the pairwise interactiv-
ity between various human parts within the whole-body. We
note that, the proposed EAI is a generic framework capable
of simutaneously consider the interactivity of different parts
within the whole-body as well as the heterogeneous proper-
ties, resulting in the higher-quality whole-body prediction.

Our contributions are as follows: (1) To the best of our
knowledge, this work is the first to predict the future ac-
tions of major joints and human gestures simultaneously. (2)
We propose a Encoding-Alignment-Interaction (EAI) ap-
proach, equipped with the XCA and XCI, which is capa-
ble of extracting the heterogeneous interaction within the
whole body. (3) Extensive experiments show that our model
achieves superior performance for both short- and long-term
prediction compared to the competitors.

Related Work
Human Motion Forecasting. RNNs are the widely-used
architectures for time-series data modeling and human pose
prediction (Butepage et al. 2017; Bütepage, Kjellström,
and Kragic 2018; Honda, Kawakami, and Naemura 2020;
Corona et al. 2020). Despite encouraging progress, they typ-
ically suffer from error accumulation and tend to converge to
a static pose. Feed-forward networks, such as convolutional
neural networks (CNNs) (Liu et al. 2020; Ding and Yin
2022) and graph neural networks (GNNs)(Mao et al. 2019;
Mao, Liu, and Salzmann 2020; Li et al. 2021, 2022), are pro-
posed as an alternative solution to alleviate the drawbacks

of recurrent models. (Mao et al. 2019) presents the learnable
adjacent matrix to model spatial dependencies among hu-
man body joints. This approach is later extended with self-
attention on an entire piece of historical information (Mao,
Liu, and Salzmann 2020) or a selection of them (Li et al.
2021). Despite the promising performance, the existing ap-
proaches all fall into the scope of predicting the motions of
major human joints, without co-analyzing the hand gestures
(Pavlakos et al. 2019; Cui and Sun 2021). From the realistic
application, we note that subtle hand movements are indis-
pensable for the expressive human behavior and intention.
Our work first notices this challenging issue, i.e., how to pre-
dict the expressive whole-body human motion (unifying the
gesture and major human joints), and aims to solve it.

Contextual Interaction. Contextual Interaction have
proven to be effective in the human-to-human interac-
tions (Guo et al. 2022; Wang et al. 2021; Rong, Shiratori,
and Joo 2021). Specifically, (Wang et al. 2021) models the
context of individual motion and social interactions through
a Multi-Range Transformers structure. (Guo et al. 2022)
explores the multi-person contextual interactions via a de-
signed cross-interaction module. However, the interaction/-
collaboration of various components within the whole-body
is incompatible with the above method because human-to-
human information is scale-uniform, whereas the intra-body
context is heterogeneous. Therefore, in our proposed EAI,
we introduce the alignment of heterogeneous features across
human components to extract subsequent whole-body inter-
nal interactivity more effectively.

Proposed Method
Problem Setup. Previous works typically consider the
forecasting of the major human joints. Given T history hu-
man poses X = [x1, x2, ..., xT ], informally, its objective can
be defined as learning a mapping M : X −→ Y to estimate
the future poses Y, where X is the observed major joints,
Y = [xT+1, xT+2, ..., xT+∆T ] is the corresponding future ones
over ∆T frames. This work extends the above standard setup
to united whole-body human motion forecasting, including
major body, left and right hand, denoted by m, l, r variables
for the sake of simplicity. Analogously, we define the novel
task as learning a united mappingMWB:

MWB : {Xl,Xm,Xr} −→ {Yl,Ym,Yr} , (1)

where Xm ∈ R
Dm×T (Ym ∈ R

Dm×∆T ) is the past (future) skele-
tal sequence of major body. Dm = 3Nm is the number of 3D
joint coordinates in a single frame and Nm is the number of
major body joints. Also, Xl (Xr) and Yl (Yr) are the past and
future motion of the left (right) hands.

Intra-context Encoding
Due to the distinct motion patterns of major body and ges-
tures, we should consider the different body parts individ-
ually. Notably, we extract the intra-context of 3D skeletal
sequences comprising of left hand, head, and right hand po-
sitions, denoted as {Xl, Xm, Xr}, in feature space. This is
because the spatio-temporal correlations in feature space are
more expressive than the correlations in the original motion
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Figure 2: Overall framework of encoding-alignment-interaction (EAI). Given the observed whole-body sequences {Xl, Xm, Xr},
we first achieve the heterogeneous features {S l, S m, S r} via intra-context encoding for each body component independently.
Since those intra-context lacks the interaction information of components, the cross-context alignment (XCA) and the cross-
context interaction (XCI) are the subsequently proposed to extract cross-context information, where the former aims to alleviate
the heterogeneity of components to generate homogeneous features while the latter is designed to explore the cross-context
interaction according to the homogeneous features {S̃ l, S̃ m, S̃ r} from the XCI. The resulting expressive features {F̃l, F̃m, F̃r} are
then used to predict future whole-body sequences {Ŷl, Ŷm, Ŷr}.

space. Next, we illustrate the details of the encoding process
by taking the major body as a specific example.

In the temporal domain, Discrete Cosine Transform
(DCT) is exploited to capture the temporal smoothness by
transforming the observed sequence into trajectory space.
Given the past motion Xm, we compute the DCT coefficients
of this sequence X

′′

m ∈ R
Dm×Hc as:

X
′′

m = X
′

mC , (2)

where X
′

m ∈ R
Dm×(T+∆T ) is a variant of Xm by replicating the

last observed pose ∆T times following (Mao et al. 2019);
C ∈ R(T+∆T )×Hc is the predefined DCT matrix and each row
of C is the DCT coefficients for a trajectory.

In the spatial domain, we exploit GCNs (Mao et al.
2019; Cui and Sun 2021) to denote the skeleton as a fully-
connected graph, depicted as an adjacency matrix Am ∈

RDm×Dm . Formally, we define S(n)
m ∈ R

Dm×F(n)
as the input fea-

ture of n-th layer in GCNs, and W(n)
m ∈ RF(n)×F(n+1)

as the
weight matrix. Then the output feature S(n+1)

m is derived as:

S(n+1)
m = σ(A(n)

m S(n)
m W(n)

m ) , (3)

where S(1)
m = X

′′

m is the input feature and F(1) = Hc at the first
layer; The number of hidden layers F(n) are set to Hd; σ(·) is
an activation function. The final output features of last layer
are S(last)

m ∈ RDm×H , w.r.t Sm.
Following the above formalism, we also attain the intra-

context of the left (right) hands, forming the whole-body
intra-context {Sl, Sm, Sr}. We note that, although in the
standard anatomy the wrist is considered to come from the
major body, due to the physical connection with hands, we
also include it in the hands feature extraction. Accordingly,
the feature dimension of the hands is slightly changed as
Sl ∈ R

(Dl+3)×H and Sr ∈ R
(Dr+3)×H .

Cross-Context Alignment (XCA)
In contrast to person↔person interactivity (Guo et al. 2022)
task, the intra-body context of different body component is

scale-inconsistent due to the distinctive motion patterns. The
intra-body context is heterogeneous, coarse-to-fine-grained
(body-to-gesture), or vice versa, in contrast to the current
multi-person interaction where person-to-person informa-
tion is scale-uniform. In other words, these differences in
motion patterns need to be alleviated because they may enor-
mously disturb the overall motion perception.

Intuitively, the heterogeneous context within the whole-
body mainly originated from the amplitude of move-
ment, scale, and skeletal freedom of different parts, typi-
cally reflecting the discrepancy of feature distribution (Li
et al. 2018). To address this issue, we introduce cross-
neutralization among the body components combined with
discrepancy constraints to effectively align the latent fea-
tures of different parts. Specifically, we neutralize the dis-
tribution discrepancy among different features via a learn-
able factor that can be automatically adjusted according to
the MMD constraint. This reorganizes the original features
into new features with a closer distribution. Such a strategy
is able to alleviate the incompatibility of different body com-
ponents while being more conducive to extracting the inter-
action. We take the alignment process of the major body and
left hand as an example.

Cross Neutralization (CN). Given the intra-context {Sl,
Sm}, we introduce a learnable factor α ∈ [0.5, 1] to consti-
tute the fused distribution to neutralize the distributions dis-
crepancy between Sl and Sm. Formally, the CN(·) is defined
as:

µlm,α = αµl + (1 − α)µm,σlm,α = ασl + (1 − α)σm,

µml,α = αµm + (1 − α)µl,σml,α = ασm + (1 − α)σl,

s′l =
sl − µlm,α√
ϵ + σ2

lm,α

, s′m =
sm − µml,α√
ϵ + σ2

ml,α

,
(4)

where µl = Avg(Sl) and σl = Var(Sl) are the mean
and variance of intra-context features Sl; µm and σm can
be obtained similarly; Avg(·) and Var(·) is the operation
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Figure 3: Based on {S l, S m, S r}, XCA applies circular cross
neutralization and discrepancy constraint (MMD) to allevi-
ate the heterogeneity across components and generate the
homogeneous features.

to calculate mean and variance along the joint dimension;
µl,µm,σl,σm ∈ R

H; µlm,α (σlm,α) ∈ RH are the mean and
variance vector of fused features distribution; sm (sl), s′m (s′l)
∈ RH are the row vector of intra-context features Sm (Sl)
and fused features S′m ∈ RDm×H (S′l ∈ R

(Dl+3)×H); ϵ = e−5

is a factor to avoid numerical issues. To further part-to-part
alignment, we extend CN(·) to the circular version:

S
′

l ,S
′

m = CN(Sl,Sm, α), S̃m,S
′

r = CN(S
′

m,Sr, β),

S̃r, S̃l = CN(S
′

r,S
′

l , γ),
(5)

where S
′

m (̃Sm) ∈ RDm×H , S
′

l (̃Sl) ∈ R(Dl+3)×H , and S
′

r (̃Sr) ∈
R(Dr+3)×H are the intermediate (output) features of the cir-
cular CN(·); β and γ are the factors similar to α, which are
updated in the training phase.

Discrepancy Constraint. We apply maximum mean dis-
crepancy (MMD) to alleviate the part-to-part discrepancy.

Ldis
lm = MMD(Avg(̃Sl),Avg(̃Sm)), (6)

where Avg(·) is the average operation along the spatial di-
mension, and Avg(̃Sl)/Avg(̃Sm)) ∈ R1×H . Ldis

mr and Ldis
rl can

be obtained similarly.
With the cross neutralization and discrepancy constraint,

where the distribution discrepancy of intra-context features
is reduced, our proposed cross-context alignment (XCA)
could alleviate the heterogeneity of different intra-context.
Next, we present cross-context interaction (XCI) to explore
the interactions within the whole body that provides the vital
cues to perceive future human intention.

Cross-Context Interaction (XCI)
In contrast to the person↔person external interaction (Guo
et al. 2022), the body↔hands/hands↔hands involves the

Figure 4: Taking {S̃ l, S̃ m, S̃ r} as the input, the XCI explores
the pairwise interactivity of different parts from both the se-
mantic and physical interaction within the whole-body.

internal interaction across different parts within the whole
body. To be precise, it includes both semantic interaction
(driven by the collaboration of different parts to perform
a specific action) and physical interaction (inherent in the
chain link via the body↔hands wrist). Thus, we present a
variant of cross-attention (Hao et al. 2017) to capture the se-
mantic and physical interactivity of various human parts.

Semantic Interaction. The relevance of the three body
parts is mainly derived from the mutual semantic inter-
action within the integrated action. For example, for the
action of eating, fingers and head joints have strong cor-
relations. Therefore, we aim to model the semantic de-
pendency across components via cross-attention mecha-
nism (Hao et al. 2017). We take the cross-context seman-
tic interaction between the major body and left hand as an
example. The whole process is described as:

F(1)
lm = S̃m,Q(n)

m = F(n)
lm W(n)

m

K(n)
l = S̃lW(n)

l ,V
(n)
l = S̃lW(n)

l′ ,

M(n)
att,lm = Softmax(Q(n)

m K(n)
l

T
),

F(n+1)
lm = F(n)

lm + FFN(M(n)
att,lmV(n)

l ),

(7)

where F(n)
lm (F(n+1)

lm ) is the input (output) features; The input
feature of the first layer is S̃m ∈ R

Dm×H and the output fea-
tures of the last layer F(last)

lm ∈ RDm×H; W(n)
l′ , W(n)

l and W(n)
m

are the projection matrix with the size of H × H; Q(n)
m ∈

RDm×H , K(n)
l ∈ R

(Dl+3)×H , and V(n)
l ∈ R

(Dl+3)×H are the query,
key and value features respectively; M(n)

att,lm ∈ R
Dm×(Dl+3) is

the attention map calculated by the Softmax(·). FFN(·) is
composed of multi-layer perceptrons (MLPs).

For the major body, the semantic relevance with the
left hand could be leveraged to fuse the semantic interac-
tion context into itself progressively. Similarly, we can also
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obtain the cross-context semantic interaction of the right
hand for major body F(last)

rm ∈ RDm×H . Combing the above
semantic-related features with the ego features, we can ob-
tain the expressive features Fm ∈ R

Dm×3H:

Fm = Concat(F(last)
rm ; F(last)

lm ; Sm), (8)

where Concat(·) is the concatenate operation along the fea-
ture dimension. We also attain the features Fl ∈ R

(Dl+3)×3H ,
Fr ∈ R

(Dr+3)×3H for left and right hand.

Physical Interaction. As the bridge between the body
and hands, the wrist offers direct chain correlation between
these two components. Therefore, we apply the ‘divide-and-
fusion’ strategy. That is to say, we first replicate the wrist
joint to involve it, as illustrated in section for body and hand
independently, and then perform dynamic feature fusion to
form the final wrist features. In this way, the physical con-
nection between body parts could be better modeled. Specif-
ically, we identify the feature of the wrist in {major body,
left hand} as the complementary pair. It is fed into MLPs to
measure the mutual confidence, which are used as a weight
to fuse paired features for more informed inference:

F̃
lw
m = wlmFlw

l + (1 − wlm)Flw
m , (9)

wlm =
1

1 + exp
(
−τ ∗MLP(Flw

l ,F
lw
m )
) , (10)

where Flw
l ∈ R

3×3H (or Flw
m ∈ R

3×3H ) is the features of the
wrist in the left hand (or major body); and wlm is the im-
portance weight. F̃

lw
m ∈ R

3×3H is the fused wrist features.
τ is a learnable temperature coefficient, jointly trained with
all network parameters. Similarly, we obtain the fused wrist
features F̃

rw
m ∈ R

3×3H for {major body, right hand}.
Then, the final expressive features are further reorga-

nized as follows: (1) Removing the left (right) wrist features
Flw

l /F
rw
r from the Fl/Fr, the final features of left/right hand

changes to F̃l ∈ R
Dl×3H (F̃r ∈ R

Dr×3H); (2) As to the body,
after physical wrist refinement, the dimension of the feature
is unchanged, but with Flw

m /Frw
m updated by F̃

lw
m /F̃

rw
m to gener-

ate the final features F̃m ∈ R
Dm×3H; (3) The resulting features

{F̃l, F̃m, F̃r} are then followed by a predictor composed of a
MLP and IDCT to regress the final features into predicted
sequence {Ŷm, Ŷl, Ŷr}, where Ŷl ∈ R

Dl×∆T , Ŷm ∈ R
Dm×∆T ,

and Ŷr ∈ R
Dr×∆T .

Training Loss. Prediction Loss Lp
l is defined to to mea-

sure the accuracy of the predicted 3D coordinates, we calcu-
late the mean per joint position error:

L
p
l =

1
Nl∆T
∑Nl

n=1
∑∆T

t=1 ∥x̂n,t − xn,t∥ , (11)

where x̂n,t ∈ R
3 denotes the predicted n-th joint position

in frame t, xn,t the corresponding ground truth (GT). Nl the
number of joints in the left hand skeleton. Similarly, we can
also achieve Lp

r and Lp
m for right hand and body, forming

the prediction loss of whole body Lp = L
p
l +L

p
m +L

p
r .

Additionally, to further consider the hand semantics, we
preprocess the gestures to be aligned with its wrist:

L
pw
l =

1
Nl∆T
∑Nl

n=1
∑∆T

t=1 ∥x̂
w
n,t − xw

n,t∥ , (12)

where x̂w
n,t ∈ R

3 denotes the predicted n-th joint position
aligned with the left wrist, xw

n,t is the corresponding GT.
Then, we can obtain the fine-grained prediction loss of two
hands Lpw = L

pw
l +L

p
r .

Since bone length is fixed for a human skeleton, we intro-
duce the bone length loss:

Lb
l =

1
(Nl−1)∆T

∑(Nl−1)
n=1

∑∆T
t=1 |b̂n,t − bn| , (13)

where b̂n,t denotes the length of n-th bone, and bn the GT.
Lb = Lb

l +L
b
m +L

b
r the bone length loss of whole body.

To alleviate the features heterogeneity of different body
components, we utilize the minimum distribution discrep-
ancy error, proposed in section , as the alignment Loss

La = Ldis
lm +L

dis
mr +L

dis
rl (14)

Final Loss is the weighted sum of the above losses:

L = λ1L
p + λ2(Lpw +Lb) + λ3L

a, (15)

where λ1, λ2, λ3 are the trade-off parameters.

Experiments
Datasets. To our knowledge, previous widely-used
datasets, e.g., H3.6M (Ionescu et al. 2013), 3DPW (von
Marcard et al. 2018), only record the major body motions
(without human hands). To be compatible with our proposed
novel task, here we select the GRAB (Taheri et al. 2020). It
is a recently released dataset with over 1.6 million frames of
10 different actors performing a total of 29 actions. GRAB
provides SMPL-X (Pavlakos et al. 2019) parameters from
which we extract 25 joints (3D position) defined as the
body (Nm = 25), and each hand is represented as 15-joints
(Nl = Nr = 15).

Baselines. We note that for 3D whole-body human mo-
tions forecasting, there are no direct methods for compar-
isons. Therefore, to comprehensively investigate the pro-
posed EAI, we select 4 SOTA approaches of standard major-
joint prediction as our baselines, including LTD (Mao et al.
2019), DMGNN (Li et al. 2020), PGBIG (Ma et al. 2022),
SPGSN (Li et al. 2022). Notably, all baselines are based on
GCNs to consider the N-joint human skeleton (N = 17 or
N = 25). To a fair comparison, we retrain the baselines un-
der the following training setups.

We apply two training strategies to investigate this new
task. (1) For the divided (D) training, we separately train
the baselines for each human components. This independent
strategy lacks the interaction of components and thus can
be used to illustrate the effectiveness of XCI. (2) For the
united (D) training, we extend the node number of GCNs
to 55 (Nm = 25, Nl = Nr = 15), as in our experimental
setup. This strategy implicitly contains the cross-context in-
teraction via a whole-body graph but does not consider the
heterogeneity of different body parts. Therefore, it is used to
demonstrate the effectiveness of XCA.
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Body Parts Major body Left Hands Right Hands Left Hands (AW) Right Hands (AW)
Time (sec) 0.2 0.4 1.0 0.2 0.4 1.0 0.2 0.4 1.0 0.2 0.4 1.0 0.2 0.4 1.0

LTD (D) 8.7 18.9 48.7 19.7 57.0 181.5 33.3 77.5 195.6 9.1 18.3 41.4 17.2 28.3 53.1
DMGNN (D) 11.2 23.1 53.5 24.8 62.0 190.1 38.1 83.0 205.7 10.0 21.7 44.4 21.6 32.6 60.5
PGBIG (D) 10.4 21.7 52.8 22.8 61.5 186.7 37.6 82.4 203.9 10.5 22.2 43.5 21.5 31.1 58.7

D
iv

id
ed

SPGSN (D) 9.3 21.0 52.6 25.3 61.1 164.2 37.2 81.5 202.8 9.3 18.5 41.6 16.1 28.8 56.9
LTD (U) 9.1 19.9 50.2 19.9 50.5 162.5 32.3 74.6 195.5 8.9 17.1 42.5 16.7 29.3 58.3

DMGNN (U) 13.7 26.4 56.9 22.4 57.3 172.0 36.3 78.9 203.7 9.7 20.3 46.4 19.0 33.2 64.1
PGBIG (U) 13.2 24.9 54.2 23.0 56.4 165.7 35.0 77.2 199.4 10.2 19.5 45.7 19.1 32.5 62.0
SPGSN (U) 12.7 24.5 53.4 21.6 55.5 161.6 34.3 75.5 190.8 9.6 18.2 42.3 18.5 31.0 58.2

U
ni

te
d

EAI (Ours) 8.3 18.7 46.8 17.7 49.2 136.4 29.8 69.0 169.0 8.6 17.3 38.8 16.2 27.8 51.6

Table 1: Average results on all actions with the evaluation metrics MPJPE and MPJPE-AW (in mm). (AW), (D) and (U) are
the abbreviation of the MPJPE-AW, divided and united training strategies. A lower value means better performance. The best
results are highlighted in bold. Notably, EAI is only trained with united training strategies due to the need to explore body
components’ interactions.

Action A1 pass A2 eat A3 drink A4 lift
Time (sec) 0.2 0.4 1.0 0.2 0.4 1.0 0.2 0.4 1.0 0.2 0.4 1.0

LTD (U) 10.2 20.8 42.4 12.1 28.0 71.7 12.2 23.4 40.1 7.9 20.3 54.9
DMGNN (U) 11.7 26.4 40.7 17.9 37.6 88.4 14.5 32.1 58.0 12.1 26.3 61.5
PGBIG (U) 12.0 26.9 38.9 17.5 36.5 83.2 15.7 30.2 53.2 11.4 24.3 62.4
SPGSN (U) 13.1 25.8 35.1 18.4 34.8 82.0 15.6 28.9 48.6 10.6 22.6 51.6

M
aj

or
bo

dy

EAI (Ours) 9.0 19.7 31.6 10.5 26.4 72.5 10.2 19.1 30.8 6.5 16.4 44.4
LTD (U) 24.4 52.2 211.2 21.7 52.5 187.5 51.8 123.4 185.8 21.0 66.3 163.8

DMGNN (U) 36.7 68.9 196.6 38.6 87.5 234.4 56.2 128.8 265.4 22.2 68.7 181.2
PGBIG(U) 33.5 66.3 186.2 36.9 88.2 225.6 56.7 126.4 264.6 23.1 66.9 178.4
SPGSN (U) 30.9 71.1 165.1 36.5 94.6 263.6 51.4 119.8 242.7 20.3 65.2 175.5

L
ef

th
an

ds

EAI (Ours) 25.4 52.6 145.1 17.8 49.0 148.7 42.5 107.7 144.4 14.3 48.4 129.7
LTD (U) 37.0 82.1 136.1 35.3 79.3 204.3 22.9 82.2 167.2 25.5 81.5 229.1

DMGNN (U) 39.2 80.5 129.5 37.5 78.3 215.0 23.5 85.8 221.4 27.3 83.4 231.0
PGBIG (U) 36.8 78.3 124.6 34.2 76.4 212.5 24.0 87.6 210.5 26.1 82.5 233.7
SPGSN (U) 33.7 73.0 108.7 31.8 59.5 207.6 22.5 92.0 249.4 21.3 76.4 215.6

R
ig

ht
ha

nd
s

EAI (Ours) 21.7 50.3 69.6 31.8 70.2 180.3 15.2 60.8 111.0 17.6 51.0 136.9

Table 2: Detailed results on common action split with the evaluation metrics MPJPE (in mm). (U) is the abbreviation of united
training strategy. The best results are highlighted in bold. We observe that for both fine- and coarse-grained motion patterns,
our results consistently outperform the competitors. It evidences the compatibility of the EAI for various activities.

Training Details. We employ AdamW (Loshchilov and
Hutter 2017) optimizer with an initial learning rate of 0.001
and batch size of 64 to train our model (50 epochs). The
learning rate is decayed by 0.96 for every two epochs. The
trade-off parameters {λ1, λ2, λ3} are set as {1, 0.1, 0.001}.
More details are set in the supplementary materials.

Metrics For the whole-body motion, we use the mean per
joint position error (MPJPE) (Mao et al. 2019) to measure
the 3D prediction accuracy of overall movement. Besides,
since there are no baselines for hand prediction, we ex-
tend the baseline of major body motion prediction (Mao
et al. 2019) into hand prediction and also leverage MPJPE
to measure the prediction accuracy. However, the MPJPE of
hands is affected by wrist movement severely, which is not
able to show subtle hand activities and semantic informa-
tion. Therefore, we also report the MPJPE-AW after align-
ment(Martinez et al. 2017) with the wrist.

Comparison With the SOTA Methods
Baselines (U) v.s. Baselines (D). Table 1 shows the aver-
age prediction error of all actions between our method and
the above four baselines. The baselines are trained with two

strategies: divided and united, as illustrated in section . No-
tably, because the MPJPE of hands is severely affected by
wrist movement, we also show the MPJPE-AW on the pre-
diction of delicate hand movement. Compared with the di-
vided strategy, the predicted results for the body are worse
when training unitedly. And the hands’ results show oppo-
site trends on the two metrics. The above result reveals that:
(1) The interaction is indeed meaningful to improve predic-
tion accuracy (MPJPE of hands is lower). (2) However, the
implicit modeling of interaction within a whole-body graph
may bring negative mutual interference (MPJPE of body and
MPJPE-AW of hands are higher) because major body and
gestures have heterogeneous motion patterns.

EAI v.s. Baselines (U&D). Our proposed EAI addresses
the above two limitations of existing methods. (1) As to
the united strategy, EAI is superior to all baselines by a
large margin. It verifies the effectiveness of cross-context
alignment (XCA), which considers the motion heterogene-
ity of different body parts. (2) Compared with the base-
line results using the divided strategy, our method is bet-
ter, which demonstrates that cross-context interaction (XCI)
across body components is vital. Both rough (major joints)
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Figure 5: Predicted whole-body poses visualization (skeleton). The past sequence is in a grey box, and the predicted ones are
in yellow boxes. The GT and predicted poses are denoted as green and blue/red skeletons, respectively. As highlighted by the
dashed ellipse boxes, both performances of fine-grained (body) and coarse-grained (gestures) motion are enhanced.

and delicate (gestures) properties are cross-facilitated to
achieve a higher-fidelity prediction via the EAI framework.

Compatibility. Table 2 shows more detailed results on
common action with the evaluation metrics MPJPE. The er-
ror obtained by our method is smaller than others in most
cases. The activity with both fine-grained (drink & eat)
and coarse-grained (lift & pass) motion patterns achieve
more improvements than the baseline approaches, which ev-
idences the compatibility of our proposed EAI. Moreover,
the enhanced performance on all body parts also verifies the
necessity of considering both the heterogeneity and interac-
tivity across different body parts. Results of the other actions
can be found in the supplementary material.

Visualization. In Figure 5, we show the whole-body qual-
itative results of the ’play’ action via the skeletal form. As
highlighted by the purple dashed ellipse, the absolute pre-
diction of upper limbs and hands is much closer to ground
truth (denoted by solid green lines). It demonstrates that ex-
pressive context information extracted from EAI leads to the
overall refinement of coarse-fined motion. Besides, the other
two dashed ellipses show fine-grained gestures by aligning
the hand sequence with the wrist. We observe that EAI still
outperforms other baselines in the relative results, which il-
lustrates that the delicate semantic information of gestures
could be better considered. The results of fine-grained and
coarse-grained motion are enhanced, verifying the signif-
icance of co-analyzing different body components for the
novel whole-body pose forecasting task.

Ablation Studies
We conduct ablation studies on model architecture for
deeper analysis. More discussions are in the supplementary
materials. We run experiments under the condition of sepa-
rately removing the XCA and XCI, as well as the following
sub-modules: (a) cross neutralization (CN), (b) discrepancy
constraint (DC) in XCA; (c) semantic interaction (SI), (d)
physical interaction (PI) in XCI.

Table 3 reports the detailed results. (1) Without the CN
and DC, the prediction error is 66.6mm, which is a notice-
able performance drop, demonstrating the necessity to alle-
viate distribution discrepancy. Removing CN/DC, the aver-

age error increases by 2.5/1.4mm. It shows the CN is more
critical in XCA; (2) Excluding the entire XCI, the prediction
error drastically increases from 61.9mm to 68.7mm. This
gap is larger than the case without the whole XCA, indi-
cating that the interaction extraction is more vital than het-
erogeneity reduction relatively. Remarkably, the prediction
error of XCI (w/o SI) /XCI (w/o PI) increased by 5.6/2.6mm.
It reveals that the semantic relevance of body components is
more valuable to perceive motion properties.

CN DC PI SI 0.2s 0.4s 1.0s Avg.
✓ ✓ ✓ 16.7 40.7 90.4 64.4

✓ ✓ ✓ 17.0 41.3 87.9 63.3
✓ ✓ 17.0 42.8 93.7 66.6

✓ ✓ ✓ 16.7 41.1 89.8 64.5
✓ ✓ ✓ 17.0 42.5 94.2 67.5
✓ ✓ 17.8 43.2 95.0 68.7
✓ ✓ ✓ ✓ 16.7 40.7 85.8 61.9

Table 3: Ablation experiments of model architecture. The
best (second-best) result is highlighted in bold (underlined).

Conclusion

In this work, we introduce a new task: expressive forecast-
ing of 3D whole-body human motions. To tackle this chal-
lenge, we propose a novel Encoding-Alignment-Interaction
(EAI) framework that takes into account the heterogeneous
information within the whole body and the collaboration
among various human components. Our approach jointly
considers the heterogeneous information within the whole
body and the interaction among various human compo-
nents. Compared with conventional predictive algorithms,
EAI could cross-facilitate both coarse- (body) and fine-
grained (gestures) properties. Experiments demonstrate that
the proposed approach achieve the superior performance and
outperforms the state-of-the-art methods. Considering the
downstream application of whole-body forecasting, we con-
clude that the proposed model is of practical importance.
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