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Fig. 1: Overview of our ECHO framework. First, we learn how to encode (E) and decode (D) the JVRC-1 robot [1] (in
the top left, R1) and the TIAGo++ robot (in the bottom left, R2) to a latent representation shared with a human (H) while
preserving its semantics. Then, we take advantage of this shared space in the social motion forecasting task. Our Single
Encoder learns the dynamics of single agents given a textual intention and its past observations. Later, we iteratively refine
those motions based on the social context of the surrounding agents using the Social Decoder. Our overall framework can
decode the robot’s motion in a social environment, closing the gap for natural and accurate Human-Robot Interaction.

Abstract— Integrating robots into populated environments is
a complex challenge that requires an understanding of human
social dynamics. In this work, we propose to model social
motion forecasting in a shared human-robot representation
space, which facilitates us to synthesize robot motions that
interact with humans in social scenarios despite not observing
any robot in the motion training. We develop a transformer-
based architecture called ECHO, which operates in the afore-
mentioned shared space to predict the future motions of the
agents encountered in social scenarios. Contrary to prior works,
we reformulate the social motion problem as the refinement
of the predicted individual motions based on the surrounding
agents, which facilitates the training while allowing for single-
motion forecasting when only one human is in the scene. We
evaluate our model in multi-person and human-robot motion
forecasting tasks and obtain state-of-the-art performance by a
large margin while being efficient and performing in real-time.
Additionally, our qualitative results showcase the effectiveness
of our approach in generating human-robot interaction behav-
iors that can be controlled via text commands.

I. INTRODUCTION

As humans, we commonly find ourselves in social scenar-
ios in which we interact and communicate with each other.
Through our experience, we learn how to navigate through
those dynamic settings by understanding social norms, in-
dividual differences, and the intentions of the surrounding
people. While robots have made remarkable strides in various
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fields, integrating them into social environments still remains
a complex challenge. In this work, we propose to tackle this
problem by first building a shared representation between
humans and robots that we use to learn natural dynamics in
social scenarios through motion forecasting. An overview of
our framework is depicted in Fig. 1.

Human motion forecasting is the task of predicting the
human future poses given its past observations. While the
community has largely explored individual human motion
forecasting [2]–[9], how to effectively model the depen-
dencies in human-human interacting scenarios is still a
challenge. When modeling single motions, prior works [2]–
[9] only consider local skeleton dynamics and do not predict
their global trajectory. However, in multi-person forecasting
[10]–[15], there is the need to contextualize the spatial
dependencies with the surrounding agents. However, prior
works focused on encoding the relationship of multiple
humans in scenarios with little or artificially synthesized
interactions between the subjects [12]–[14], or with strong
interactions that are not adequate for robots [15]. On the
contrary, we envision scenarios closer to real-world Human-
Robot Interactions (HRI) and model highly interactive scenes
between humans that are executing a shared action [16], such
as handovers, dancing, or greeting.

To effectively model the social dynamics in human-human
interactions, we first ground our model to individual mo-
tions. We construct a Transformer-based encoder [17] that
forecasts the next human motion using its own past poses.
Previous works [10]–[12], [15] fuse the spatial relations of
multiple humans in the early stage to build a social motion
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representation. However, we observe that first dealing with
individual movements leads to better long-term prediction.
Later on, we refine these generated single motions based on
the surrounding agents using a cross-attention decoder [17].
By first dealing with individual motions, we ensure that our
refinement not only takes into account the current state of
the humans in the scene but also the prediction of what other
agents and ourselves might do in the future. Our findings
observe that understanding other’s intentions directly helps to
better aggregate all motions into a more natural and human-
like social setting. Therefore, we additionally propose to
condition the motion synthesis through a text command, that
summarizes this overall intention of the social interaction.

Assuming that we are able to model human dynamics in
social settings, it is still a challenge to apply this behavior to
robots. Previous works [18]–[21] considered a reactive robot
behavior where it first forecasts a human motion and then
acts accordingly through a set of learned motions. However,
we aim to include the robot behavior in the synthesis of the
social dynamics. In our previous work [22] we built a shared
latent space between humans and robots that encodes poses
with similar semantics. We propose to extend [22] so that it
can deal with more complex robot kinematics while having
a shared representation for multiple robots and a human
decoder. By pre-training our human and robot encoders and
decoders, we are able to learn the human dynamics in a
human-robot shared space, which facilitates a more efficient
and natural human-robot interaction generation.

To sum up, we consider the task of social human motion
forecasting but operate in a human-robot shared representa-
tion space which allows for the synthesis of accurate and
real-time human-robot interactions. The contributions of our
paper can be summarized as follows:

• A deep-learning architecture that forecasts individual
and high-interactive human motions while facilitating
their condition on a given interaction.

• The encoding of humans and robots in a shared space to
synthesize a human-robot interaction in a social context.

• An efficient model that achieves state-of-the-art perfor-
mance in real-time for the social human forecasting task
as well as in human-robot collaborative scenarios.

II. RELATED WORK
A. Human Motion Forecasting

In the early stages of research, Recurrent Neural Networks
(RNNs) [2], [23] were used to understand the time dependen-
cies of human motions and therefore better predict the future
human poses. Additionally, [4], [5] adopted the Discrete
Cosine Transformations (DCT) with Graph Convolutional
Networks (GCN) [24] to better model the spatio-temporal
relationships. With the success of attention mechanisms, [6],
[7] used a transformer to model the joint relations in both
space and time. Despite significant advances in performance
and efficiency, all these models are specialized for motion
forecasting tasks within a single human and do not take
into consideration the social dynamics essential in interactive
scenarios.

Modeling multi-person interactions has been a long-
standing challenge. Early works [25], [26] tackle the global
trajectory prediction of humans in a scene. Later, [27]
considered the task of multi-person 3D motion forecasting
where the context was used to condition the next movements.
Recently, [28] proposed to parallelly leverage individual
and multiple human features using transformers to enhance
long-term prediction for higher groups of people. On the
contrary, [15] focused on modeling dyadic interactions of
humans performing extreme actions via cross-attention. [15],
[28] used a cross-attention mechanism (CA) to enhance
one’s motion based on others. However, they consider the
CA as the synthesis model, while we only leverage CA
for motion refinement and address the synthesis with self-
attention (SA). To explicitly capture the interactions among
joints between the same individual and with others, [29]
operates in each joint with SA, and [10] partitions the body
into parts and operates in the flattened sequence through
SA. While this strategy facilitates better capturing the spatial
relationship between joints in each individual, it increases
the complexity of the transformer in capturing inter-human
dependencies. Finally, [11] proposes an overall recipe for
accurate dyadic motion prediction by reusing DCT and GCN
[24] in an autoregressive manner. Contrary to our work, all
these previous works adopt DCT to encode the temporal
dependencies. We show in our experiments that when us-
ing DCT the synthesized motions are too smooth and do
not capture the nuances between motions. Additionally, we
predict the whole future sequence in one step, which avoids
the autoregressive approach from [11], [15] that accumulates
error over iterations and collapses in the long term.

B. Motion retargeting in robotics

Human motion retargetting has been widely explored in
the animation community [30]–[32]. However, in robotics,
it is essential to consider not only the naturality of the
motions but also the feasibility and adequate control of the
robot [22], [33]–[37]. Early works [34], [35] considered
optimization-based approaches to transfer a human pose to
robots, which required handcrafted features with limited
generalizability. To cope with this issue, deep-learning-based
methods [22], [36], [37] learned how to construct a shared
latent space to transfer human to robot poses. While [36]
and [37] require human annotated or synthetically created
human-robot skeleton pairs to learn the retargeting task,
[22] proposed to construct a shared representation space that
preserves pose semantics without the need of those pairs.
In this work, we extend [22] to more complex robots by
generating a single latent space from which we can encode
or decode different kinematics seemingly. We later use this
shared space to predict human-robot interaction motions.

C. Human-Robot Interaction (HRI)

The rapid growth in robotics is leading to their deployment
not only in tightly controlled industrial settings but also
in more populated and diverse environments. Therefore,
there is a need to develop algorithms that understand the
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Fig. 2: Overview of our ECHO architecture. Our model first focuses on synthesizing individual human motions. First, we
pad the observed motion [pi

t , · · · ,pi
N ] for the i-th human by repeating the current pose pi

N and obtain Xi
ind . As our model is

conditioned on the social interaction type a and Xi
ind , we encode them both and concatenated them to build Ēi

ind . Then, we
forecast our individual motions through a self-attention transformer followed by a Temporal MLP with k layers, such that
we obtain a single-motion representation Êi

ind . As we are considering a social scenario, we iteratively refine the motions per
human 0 given the human 1 using cross-attention, and vice versa, obtaining Ê0

soc and Ê1
soc. This refinement is repeated K

times. Finally, we decode each Êi
soc and sum the last observed pose pi

N to make the model invariant to global translations.

human’s intention and assist them in the task at hand [19]–
[21], [38]–[40]. Early works [38], [39], [41] proposed to
recognize this human motion intent through Hidden Markov
Models (HMM) and used learned robot primitives for simple
HRI. More recently, [42] focused on the collaborative trans-
portation task through human-robot motion synchronization.
However, those works only tackled specific HRI scenarios
with close tasks. The success of deep learning opens the
doors to properly modeling the dynamic behaviors in HRI
[43]. For instance, [44]–[46] proposed to generate natural
gestures during the speech, which is essential for embodied
conversational robots. While there are clear advances in
human motion synthesis conditioned on text [47], [48], it
is still a challenge to generate robot behavior that follows
the social dynamics established by humans and generalizes
to new scenarios. Our work focuses on that problem and
proposes to generate a socially compliant full-body robot
behavior while preserving the interaction with other humans
and generalizing to a high number of interactive scenarios.

III. METHODOLOGY

In this section, we present our ECHO framework for the
social motion forecasting task. A visual illustration of our
architecture is depicted in Fig. 2.

A. Problem Formulation

Let pi
t = [pi

t,1, · · · , pi
t,J ]∈RJ×n be the pose of a i-th human

at time t composed by J joints and Xi = [pi
0, · · · ,pi

T ] ∈
RT×J×n a human motion. Each joint pi

t, j is represented as
the standard Euclidean xyz-position for humans (n = 3) and
joint angle for robot control (n = 1). Given a social scenario
S = [X0, · · · ,XH ] with H humans at time N where 0 ≤ N ≤
T , the task of social motion forecasting is defined as the
prediction of the subsequent motion Xi

f ut = [pi
N+1, · · · ,pi

T ]

per all humans i given their past observations Xi
past =

[pi
0, · · · ,pi

N ]. In this work, we only consider dyadic situations

(H = 2). Additionally, we use a global text command a which
summarizes the interaction happening in S.

B. Social Motion Forecasting

1) Motion Forecasting as Refinement: Similar to prior
works [7], [8], [49], we reformulate the forecasting task
by padding the observed motion Xi

past ∈ RN×J×n to the
whole motion dimension T by repeating the last observed
pose Xi

re f = pi
N , obtaining Xi

ind ∈RT×J×n. Then, our ECHO
network learns a function fθ to refine the Xi

ind from the
reference pose Xi

re f , such that Xi
f ut = fθ (Xi

ind)+Xi
re f .

2) Pose Encoder: Given Xind ∈ RH×T×J×n, we initially
flatten the joint parameters and encode each body pose pi

t
in a D-representation space E = [E0

ind , · · · ,EH
ind ] ∈ RH×T×D

using a multi-layer perceptron (MLP). In the case of the
robot motion generation, we reuse the pre-trained encoder
that we will describe in Section III-D.

3) Single-Motion Encoder: Our single-motion encoder
operates on each individual human independently. We use a
transformer model [17] to forecast individual human motions
conditioned on the observed poses Ei

ind and the overall
intention of the interaction a. For that, we initially add
a sinusoidal positional embedding to Ei

ind to embed the
temporal evolution of the motion. Then, we extract the
semantic features of the social intention a using [50], such
that â ∈ RD. We construct the individual motion represen-
tation Ēi

ind = [â,Ei
ind ] ∈ R(T+1)×D and pass it to a self-

attention transformer. Then, inspired by [8], [9] in single-
motion forecasting, we adopt k temporal MLP layers to
iteratively smooth the output of the individual transformer to
Êi

ind ∈ R×(T+1)×D by expanding and compressing the time
dimensionality of the output.

4) Multiple motion forecasting: Contrary to prior works
[10], [15], [28], [29] that merge multi-person features in
the early stage of their architecture, we consider a late-
refinement strategy to better preserve the details in a motion.
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For that, we adopt a series of two cross-attention layers to
refine one subject motion based on the others. Our cross-
attention mechanism learns how to blend an input Query
(Q) based on a conditioning Key (K) and Value (V). First,
we use Ê0

ind as Q and Ê1
ind as K and V for the first cross-

attention. The goal is that the resulting motion of the subject
0 (Ê0

soc) has been refined to be compliant with subject 1.
This step is now repeated in the inverse order, being Ê1

ind as
Q and Ê0

soc as K and V. This dual CA is repeated k times
to iteratively enhance each motion to be in synchrony with
the other subject in the scene.

5) Pose Decoder: Given Ê0
soc and Ê1

soc, we decode the
representation space to the human or robot pose using an
MLP layer. In the case of the robot motion generation, we
reuse the pre-trained decoder described in Section III-D.

C. Losses

We consider a weighted sum of four different Mean Square
Error (MSE) losses to ensure the naturality and dynamism
of our generated motion. Here we formulate Xi and X̂i as
the predicted and ground-truth motion for the i-th human.

1) Single (Lind) and Social (Lsoc) Skeleton Losses:
First, we enforce the single-motion encoder to generate
plausible motions using Lind . Then, we ensure a proper
motion refinement through Lsoc. Lind and Lsoc are shown
in Eq. 1 and Eq. 2 respectively, where DH represents the
MLP-based human decoder.

Lind(Xi) = MSE(DH(Êi
ind)−Xi) (1)

Lsoc(Xi) = MSE(DH(Êi
soc)−Xi) (2)

2) Interaction loss (Lint ): To ensure that both agents are
in spatial synchrony during the interaction, we force the
distance between all joints from agent 0 to 1, referred to as
Distance Matrix (DM) to be coherent between the predicted
and ground-truth motion. We formulate Lint in Eq. 3.

Lint(X0,X1) = MSE(DM(X̂0, X̂1)−DM(X0,X1)) (3)

3) Bone loss (Lbone): Given the xyz-euclidean represen-
tations of the body joints, we use Lbone to ensure predicting
human poses that are consistent with the bone lengths. We
compute the bone lengths from the predictive body joints and
ensure their consistency with the real skeleton using MSE.

D. Human-Robot Retargetting

The human-to-robot retargeting task aims to find a func-
tion f that maps a human pose to a semantically close
robot pose ( f : phuman 7−→ probot ). We adopt the strategy
from [22] but extend it to construct a meaningful latent
space that represents various robots. First, we observe that
by considering local joint rotations our model can more
effectively capture the nuances in more complex kinematic
structures. Second, we learn a unique latent space between
various robots and a human, which forces the representation
to be more meaningful and close to the semantics of different
kinematics. Fig. 1 presents a simple scheme of our extended
proposal for the human to robot retargeting, where all

encoders and decoders are MLP layers. We follow similar
losses as [22] for the retargeting process, but only consider
Lind and Lsoc for the robot agent, as the output from the
decoder from [22] is directly joint angles.

IV. EXPERIMENTS

A. Datasets and Metrics

1) InterGen dataset: InterGen [16] is the largest 3D Hu-
man motion dataset encompassing 6022 interactions of two
people, accompanied by 16756 natural language annotations.
The dataset contains both daily (e.g. handover, greeting,
communications) and more professional (e.g. dancing, box-
ing) interactions. We adopt the skeleton-based configuration
to describe a human with 22 joints in the xyz-euclidean
representation. The forecasting task aims to predict the
motion of the next 1.5 sec given an observation of 0.5 sec.

2) Robot retargetting collection: We randomly sample
robot joint angles from the Tiago++ robot and the JVRC-
1 [1] humanoid robot to train our human-to-robot imitation
network.

3) CHICO dataset: CHICO [51] is the only available
3D motion dataset for Human-Robot Collaboration (HRC).
The dataset contains a single operator in a smart factory
environment performing seven assembly tasks together with
a Kuka LBR robot. The goal is to predict the operator motion
in the HRC task. We follow the standard evaluation and
predict the next 1000 ms given 400 ms in the past.

4) Metrics: We use the same evaluation procedure from
prior works in multi-person motion forecasting [10], [12].
Inspired by the Mean Per Joint Position Error (MPJPE) used
in single motion forecasting, we adopt Joint Position Error
(JPE) to measure millimeter error per global joint position
in a given time in the future, and Aligned JPE (AJPE) to
only consider the local position error in respect to the root.
Equations 4 and 5 represent the JPE and AJPE metrics, where
pr and p̂r are the estimated and ground-truth root positions
of the human body.

JPE(X, X̂) =
1

H × J

H

∑
i=1

J

∑
j=1

||X i
j − X̂ i

j||2, (4)

AJPE(X, X̂) = JPE(X− pr, X̂− p̂r), (5)

Additionally, we adopt the Final Displacement Error
(FDE) to evaluate the global trajectory of each individual,
where pr,t and p̂r,t are the estimated and ground truth root
position of the final pose at t-th predicted timestamp.

FDE(X, X̂) = ||pr,t − p̂r,t ||2, (6)

B. Quantitative Evaluation

1) Social Motion Forecasting: Our model is tested in the
InterGen dataset for dyadic motion forecasting in social set-
tings and outperforms on average all state-of-the-art models
in multi-person motion forecasting, as shown in Table I.
All models reported in the paper have been trained for the
InterGen dataset with the same training configuration for a
fair comparison. We consider Zero Velocity as the repetition
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JPE (mm) ↓ APJE (mm) ↓ FDE (mm)↓

seconds 0.20 0.50 1.00 1.50 0.20 0.50 1.00 1.50 0.20 0.50 1.00 1.50

Zero Velocity 30.92 75.37 121.55 145.89 53.28 135.25 239.80 323.89 39.93 106.35 205.30 292.73

HisRepIt [6] 39.25 68.34 100.64 120.18 56.25 106.69 179.04 234.06 38.92 78.67 147.26 202.8
SocialTGCN [12] 21.56 49.13 86.65 113.65 28.77 65.60 125.48 187.88 15.59 37.38 84.05 146.24
TBIFormer [10] 26.55 66.27 135.47 205.67 18.90 48.62 88.44 112.74 19.51 46.12 100.39 166.85
ExPI [15] 19.01 56.69 127.01 203.70 15.30 44.41 85.96 113.83 13.38 37.60 93.15 166.10
TwoBody [11] 14.90 38.45 75.37 103.43 20.52 51.29 111.06 177.42 11.97 29.18 75.34 140.09
ECHO (ours) 15.57 34.37 52.11 70.15 20.22 45.01 73.68 110.04 11.37 25.37 48.85 80.81

TABLE I: Performance comparison of ECHO model in InterGen dataset [16]. All results have been trained specifically for
the dataset. A lower score is better. Here. bold indicates the best result and underscores the second-best result.

TABLE II: Quantitative evaluation of the short (400ms) and
long-term (1000ms) motion forecasting in the CHICO dataset
[51] reported in MPJPE. Here, bold indicates the best result
and underscores the second-best result.

milliseconds (ms) 400 1000

Zero Velocity 162.0 282.0

HisRepIt [6] 54.6 91.6
MRS-GCN [4] 54.1 90.7
STS-GCN [52] 53.0 87.4
SeS-GCN [51] 48.8 85.3
ECHO (ours) 47.1 80.5

of the last pose observed, which acts as the simplest baseline
for our evaluation. Additionally, [6] is only focused on
single human motion forecasting, which shows the benefit
of considering the scene context to refine a given individual
motion. On the contrary, [10]–[12], [15] are multi-person
motion forecasting models. Table I demonstrates that the use
of auto-regressive approaches [11], [15] facilitates a better
prediction in the short-term, but fails to capture the long-term
dependencies of a model. Moreover, as our model predicts
the whole motion in one shot, the inference is much faster,
which is crucial for real-world HRI. Our model outperforms
the other baselines in all metrics on average. We showcase
the performance of our ECHO model in Fig. 4 for the social
motion forecasting with human decoding. All models were
trained in a single GPU for 150 epochs using an exponential
decay scheduler and AdamW as an optimizer, with 5 epochs
warmup.

2) Motion Forecasting in Human-Robot Collaboration:
Additionally, we train and evaluate our model in the CHICO
dataset [51] for the single motion forecasting conditioned by
the robot motion and the observed human motion. Due to
the different number of joints between the human operator
and the robot, we use different MLPs to encode each
agent. Similar to the original work [51], we only consider
the MPJPE metrics for the short-term (400ms) and long-
term (1000ms) horizons. Our results, reported in Table II,
show that our ECHO model outperforms previous baselines,
mostly in long-term forecasting.

3) Human to Robot Motion: We train the human-to-
robot retargeting for only the TIAGo++ robot as [22] and
also use our new approach for various robots. Our results

Fig. 3: Social motion forecasting for Human-Robot In-
teraction. Human-Human pair represents the ground truth,
while the human-robot pair represents the forecasted human-
robot interaction.

have lower reconstruction error in the joint angle (0.005
versus 0.009) while additionally decoding into the JVRC-1
robot. Additionally, we showcase in Figure 3 the qualitative
evaluation to demonstrate the effectiveness of our overall
ECHO framework in decoding HRI.

C. Ablation Study

This section provides a systematic assessment of the
approaches proposed. The results of the ablation study are
presented in Table III.

1) Discrete Cosine Transformation (DCT): Contrary to
prior models, we decided not to adopt the DCT to avoid
over-smooth motion generations. We observed that DCT is
beneficial for models when they are not trained in large-scale
datasets, as it facilitates generalization but fails to capture the
nuances of different motions.
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JPE (mm) ↓ APJE (mm) ↓ FDE (mm) ↓

seconds 0.20 0.50 1.00 1.50 0.20 0.50 1.00 1.50 0.20 0.50 1.00 1.50

w/ DCT 17.88 36.52 54.01 72.25 23.40 47.98 75.78 111.63 13.22 27.05 48.80 81.10
w/o TempMLP 17.77 36.59 53.95 72.09 22.63 47.44 75.26 111.07 12.17 26.09 47.94 80.24
w/o Text 19.64 37.39 55.13 73.33 24.53 48.86 76.56 112.43 12.93 26.78 48.56 80.83
w/o Baseline 18.41 39.55 61.35 80.69 23.96 51.91 85.79 126.21 13.60 29.12 55.13 93.09

w/o Lind 16.99 36.97 54.10 71.19 21.57 47.95 75.52 109.33 11.95 26.72 48.42 79.09

w/o Iterative Refinement 15.46 34.47 52.71 70.68 20.17 45.25 74.56 111,19 11.39 25.50 48.29 81.74

ECHO (ours) 15.57 34.37 52.11 70.15 20.22 45.01 73.68 110.04 11.37 25.37 47.85 80.81

TABLE III: Ablation study of our ECHO model for the social motion forecasting task in the InterGen dataset [16].

Fig. 4: Qualitative results for social motion forecasting in the InterGen [16] dataset. Each scenario shows the ground-
truth human pair (left) and the predicted (right) per each time horizon.

2) Text conditioning: While our works benefit from text
to condition the motion forecasting to a known social goal,
we also asses the performance without this feature for a fair
comparison with the baseline models. We observe that using
text improves the results, mostly in short-term horizons, but
do not suppose a large improvement. Our ECHO model still
outperforms by large margins previous baselines despite not
using text as a condition.

3) Temporal Multi-Layer Perceptron (TempMLP): The
use of TempMLP has also been adopted by prior works in the
motion forecasting field, such as [8]–[10]. We observe that
TempMLP improves the flow in the short-term horizons as it
smoothes out the transition from observed to predicted poses.
However, it causes the model to use fixed-length inputs,
which tends to reduce the long-term overall performance.

4) Baseline approach: Thanks to our refinement strategy,
our ECHO model only needs to learn the variation of the
future poses with respect to the last pose observed. Our
results reinforce the benefit of this strategy.

5) Individual loss (Lind): The use of Lind benefit the
model in the short-term, as each human focus more on its
own motion. However, it slightly reduces the importance of
social motion, which is key for better long-term performance.

6) Iterative Refinement: . We assess the iterative refine-
ment of the individual motions by only considering one dual

CA (k = 1). For a fair evaluation, we extend the number of
layers of each CA to k, so the model has the same number
of parameters. We observe our iterative refinement improves
the forecasting in the long term.

V. CONCLUSIONS

In this paper, we propose a two-step framework that first
learns how humans behave in social scenarios to generate
a natural Human-Robot Interaction (HRI). First, we build
a unique representation space shared between humans and
various robot skeletons that preserves the semantics of the
poses while facilitating its pose retargeting. Then, we develop
a single-to-social transformer architecture, called ECHO, that
learns how humans behave in social scenarios through the
motion forecasting task. ECHO understands the current scene
and synthesizes a natural and meaningful robot motion to
interact with a human. Our results support the approaches
taken for our framework, which outperforms the state-of-
the-art by large margins in the largest dyadic human motion
dataset available, as well as in the field of motion forecasting
for Human-Robot Collaborative tasks. In conclusion, our
approach can decode a compliant robot motion in a social
environment, leading to a more natural and accurate Human-
Robot Interaction.
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