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Abstract

Human behavior forecasting during human-human interactions is of utmost importance
to provide robotic or virtual agents with social intelligence. This problem is especially
challenging for scenarios that are highly driven by interpersonal dynamics. In this work,
we present the first systematic comparison of state-of-the-art approaches for behavior fore-
casting. To do so, we leverage whole-body annotations (face, body, and hands) from the
very recently released UDIVA v0.5, which features face-to-face dyadic interactions. Our
best attention-based approaches achieve state-of-the-art performance in UDIVA v0.5. We
show that by autoregressively predicting the future with methods trained for the short-term
future (<400ms), we outperform the baselines even for a considerably longer-term future
(up to 2s). We also show that this finding holds when highly noisy annotations are used,
which opens new horizons towards the use of weakly-supervised learning. Combined with
large-scale datasets, this may help boost the advances in this field.

Keywords: Human motion prediction, Human pose forecasting, Behavior forecasting,
Dyadic interaction, Multimodal forecasting

1. Introduction

Take a moment to think about a recent conversation you were engaged in. How often did you
nod while endorsing the other interlocutor’s speech? Or scratch your chin while thinking
deeply about an answer to a difficult question? Both your compliance with someone’s speech
and a demanding question triggered specific behaviors. Now, imagine yourself involved in
a conversation where your partner is completely frozen. Weird, right? These conversa-
tional behaviors are not only expected but also needed in order to enhance human-human
communication.
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Figure 1: Two examples of conversations where each individual behavior is highly driven
by the dyadic interaction. Top row: the left-most participant nods in answer to
the interlocutor question, which results in the latter acquiring a typical posture of
someone who is dubious and thinks deeply about something. Bottom row: both
participants engage in a highly interactive conversation which triggers surprise
and joy emotions from the right-most participant.

The way someone behaves during a social interaction evolves over time, and can be
driven by intrapersonal (e.g., personality, mood, culture), interpersonal (e.g., role within
the interaction, shared history), and scenario (e.g., thesis defence, informal conversation
in a restaurant) characteristics (Reis et al., 2000). For example, the greeting between two
people will depend on their relationship and their meeting context. The body language of
an extrovert person talking about themselves will differ from that of a shy person. Similarly,
someone’s behavior will vary from a job interview to a friendly conversation. During these
interactions, interlocutors can communicate and influence each other by means of verbal
and non-verbal behaviors (Burgoon et al., 2007), including facial expressions, gaze, gestures,
or body language (see Figure 1 for an example of interaction-driven behaviors). Even in
contexts such as public speaking where the communication is mostly unidirectional, the
speaker can perceive the public reaction by their subtle non-verbal cues and adapt his/her
message and behavior accordingly.

Understanding the dynamics of individuals’ behavior is important for many applications
related to human communication (Vinciarelli et al., 2009; Ondáš and Pleva, 2019). In
medicine and psychology, for example, experts analyze the behavior of the patient in social
environments in order to detect any communication anomalies. Deficits in eye contact,
pointing or expressing emotions represent key markers that might help in the diagnosis of
autism spectrum disorders (Barbaro and Dissanayake, 2013; Loth et al., 2018). In other
fields like virtual reality or robotics, communication needs to be fully replicated. Therefore,
social robots and virtual avatars need to combine all natural modalities (e.g., visual, audio,
language) involved in a real interaction. In order to induce a human-like social interaction,
their facial expressions (Lombardi et al., 2018; Moosaei et al., 2017) need to be harmonized
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with the body pose, hands gestures and speech (Saerbeck et al., 2010). They also need to
tailor their behavior and communication style to the user and situation so as to increase
perceived empathy and immediacy (Marco Iacoboni, 2007). Most of these tasks can only
be accomplished by understanding and modeling behavior in human-human interactions,
which represents a challenge involving cognitive, a�ective, and behavioral perspectives,
among others.

Another requirement especially important for human-robot communication or person-
alized assistive agents is the ability to forecast human behavior accurately and timely.
Automated agents need to predict someone's short-term future behavior in order to provide
a better and faster response, and a more natural communication (Kanda and Ishiguro, 2017;
Nocentini et al., 2019). Similarly, it is of utmost importance to any system to minimize the
latencies. We cannot always a�ord that the user waits until the whole information is pro-
cessed, so detecting and interpreting the user's social signals may help providing with a fast
approximation as a starting point, which may be improved as more information is collected.
For example, safety driving systems extremely bene�t from anticipating pedestrian trajec-
tories, as they may need to make an emergency stop in order to avoid an accident (Alahi
et al., 2016).

One may argue that by forecasting behavior during a human-human interaction, we
are also understanding the underlying mechanisms of human interaction and, therefore,
uncovering their semantics, interdependencies, etc. Computational models for behavior
forecasting have started to gain more popularity due to recent advances in computer vi-
sion, machine learning, and natural language processing techniques. In this sense, behavior
can be expressed, represented, and predicted in many forms, ranging from low-level body
landmarks or meshes to high-level action events and social signals (Barquero et al., 2022).
When using the former representation, this task is alternatively referred to ashuman mo-
tion prediction (Corona et al., 2020) or human pose forecasting(Ahuja et al., 2019). The
most recent methodological advances in this task and the main challenges still to be ad-
dressed are discussed in the very recent survey from Barquero et al. (2022). Very recently,
a behavior forecasting competition was held within the ChaLearn LAP DYAD@ICCV'21
challenge (hereafter referred to as DYAD'21), for which behavior was represented by means
of body, face, and hand landmarks. The goal of the competition was to foster interlocutor-
and context-aware models for social behavior understanding. It was based on UDIVA
v0.5 (Palmero et al., 2022)1, a dataset of face-to-face dyadic interaction sessions consisting
of conversational, collaborative and competitive tasks in a lab setting with seated partic-
ipants. The dataset includes videos and transcripts of the sessions, as well as participant
(e.g., sociodemographics, self-reported personality, and pre- and post-session mood and fa-
tigue), and session and dyadic metadata (e.g., characteristics of the tasks or relationship
among interaction partners). In addition, it provides automatically extracted landmarks
and 3D gaze vectors. None of the teams beat the competition baseline, a zero-velocity ap-
proach that propagated the landmarks of the last visible frame into the future. Nevertheless,
the organizers identi�ed some of the main challenges, such as the usage of noisy labels, the
highly stochastic nature of the hands, or the mostly static nature of the dataset (Palmero
et al., 2022). Furthermore, human behavior is highly driven by a combination of short- and

1. https://chalearnlap.cvc.uab.cat/dataset/41/description/
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long-range temporal dependencies, which are di�cult to capture appropriately (Hausdor�
et al., 1995).

Motivated by these �ndings, the goal of this work is to assess the performance of several
state-of-the-art computer vision and machine learning approaches on the task of non-verbal
social behavior forecasting, speci�cally represented as 2D face, body, and hands landmarks
of the skeleton joints (hereafter referred to asskeleton). In particular, we evaluate sequence-
to-sequence (Seq2Seq) recurrent models (Sutskever et al., 2014), Temporal Convolutional
Networks (TCNs) (Lea et al., 2017), Graph Convolutional Networks (GCNs) (Wu et al.,
2020), and Transformers (Vaswani et al., 2017). All approaches are evaluated assuming
that we are provided with a temporal window of observed behavior (observation window)
to predict the future behavior in a short time-frame ( prediction window) of up to 2 seconds.
Figure 2 depicts the methodological work
ow. Furthermore, we aim at exploring the e�ects
of incorporating other available data modalities in addition to the visual modality, such as
metadata about the participants in the dyad or transcripts. As previously stated, both intra-
and interpersonal components in
uence human behavior and therefore need to be included
in any behavioral model. However, contemplating all possible combinations of components
yields a colossal set of scenarios. Additionally, behavior forecasting needs to deal with
the stochasticity of the future. In order to alleviate both challenges, many related works
focus on predicting the human behavior while performing speci�c actions (Diller et al., 2020;
Kania et al., 2021). In these scenarios, there are no interpersonal cues and the intrapersonal
ones are minimized. Also, the future is narrowed down and becomes more deterministic.
Instead, we focus our work on dyadic conversations, where participants' behaviors are under
the in
uence of strong interpersonal cues. To do so, our comparison is applied on the UDIVA
v0.5 dataset. Apart from following the challenge's benchmark so that our results can be
compared, the dataset choice came naturally for three main reasons. First, their diversity
with respect to participants and contexts provides a reasonable playground for modeling
behavior. Second, it is the only dataset up to date that provides landmarks for all the
visible parts of the body, including face and hands, for dyadic social interactions (Barquero
et al., 2022). Lastly, the cleaned annotations for the validation and test sets include manual
�xes for up to 7% of the hands, and quality labels for each part of the body in every frame.
This allows us to assess the in
uence that noise present in a real deployment would imply
in the task of behavior forecasting (Section 3.8.1).

Our experimental evaluation showed that the models trained to generate short-term
behavior (< 400ms) can be autoregressively applied to predict longer-term behavior (up to
2 seconds) and outperform the baselines for the long term (Section 3.4). The robustness
experiment proved the superiority of our models with respect to the baseline in a hypothet-
ical real-life deployment with uncleaned noisy annotations (Section 3.8.1), especially for the
short term future. The overall good results obtained in this work by training with noisy
automatically extracted annotations proves the feasibility of weakly-supervised training for
the behavior forecasting task in UDIVA v0.5. Finally, our experiments on multimodal and
dyadic-aware models showed that more complex fusion strategies need to be explored in
order to e�ciently exploit multimodality and interpersonal dynamics.

To the best of our knowledge, this is the �rst systematic comparison of state-of-the-art
approaches for behavior forecasting (Barquero et al., 2022), and also the �rst in extensively
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Figure 2: Illustration of the behavior forecasting problem tackled in this work. Given the
automatically extracted skeleton landmarks from an observation window in the
past, the goal is to predict the skeleton motion within a prediction window in the
future.

evaluating the potential of UDIVA v0.5 for such task. The main contributions of this work
are summarized as follows:

ˆ We present several adaptations of recurrent, convolutional, attention-based, and graph
networks for behavior forecasting. We propose a Transformer-based method which
becomes the state of the art for behavior forecasting with UDIVA v0.52. Its promising
results even when trained with highly noisy annotations open new horizons towards
the use of weakly-supervised learning for behavior forecasting.

ˆ We analyze the main challenges of behavior forecasting speci�c to a conversational
scenario. In particular, its static nature, its high percentage of noise, and the highly
dyad-driven behavioral dynamics make it a very challenging benchmark.

ˆ We present the results of several attempts to model the interpersonal dynamics which
drive a dyadic conversation. They serve us to state the current limitations of the
dataset, and how future work may try to address them.

The remainder of this paper is organized as follows. Section 2 describes the methodology
followed for the systematic comparison, including details of di�erent modalities of input data
used, data processing, and models compared. In Section 3, we present the details of the
experimental evaluation carried out. Their descriptions are complemented in Section 4 with
a thorough discussion of the �ndings of our work, the main challenges posed by UDIVA
v0.5, and the most relevant future research lines in this �eld. Finally, in Section 5, we review
the ethical considerations regarding human motion and pose forecasting and its real-world
applications.

2. The code is publicly available in https://github.com/crisie/UDIVA/tree/main/BehaviorForecasting
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2. Methodologies

We frame our methodological approach within the non-verbal behavior forecasting taxon-
omy of Barquero et al. (2022). In particular, we aim at predicting low-level behavioral
representations: face, body, and hands 2D landmarks. The motivation behind using the
visible skeleton is delineated with our goal of modeling as many dimensions of the human
behavior as we can. In fact, we might consider our problem to be an implicit generalization
of the forecasting of any visual social cue or signal that can be perceived from facial, body,
or hands landmarks.

Even though such problem formulation could be seen as a multi-task problem, in which
each part of the body is predicted separately, we see the human skeleton as a single skele-
ton and therefore consider our framework to be de�ned in asingle task scenario. Further,
we conceive our approach under thedeterministic viewpoint. That is, both our methods
and evaluation metrics consider a single possible future. We also explore the bene�ts and
challenges of modeling the dyad-driven dynamics by evaluating threecontext-awaremethod-
ologies. In our scenario, the context is made up of the pose, motion, and any information
(e.g., speech, metadata) belonging to the interactant. Additionally, we explore the use of
severalmultimodal combinations of data including text, audio, and metadata features. Fi-
nally, although we use features from observed time windows that are longer than in most
related works, we still consider us to be on thehistory-blinded side. The reason is that we
are not implementing any speci�c strategy to extract insights from the historical data.

In Section 2.1, we describe the pre-processing steps for all the data used from the dataset:
skeleton annotations, metadata, audio, and transcriptions. Then, we present the common
encoder-decoder framework shared among all the methods tested (Section 2.2).

2.1. Data preparation

2.1.1. Pose representation

In �rst place, it is important to note that, since the UDIVA skeleton annotations were
automatically extracted and post-processed, they are highly noisy (around 20% of frames
had wrong hand annotations) (Palmero et al., 2022). On the positive side, this allowed us
to conceptually train our models in a weakly-supervised fashion. At the same time though,
the frequent wrong or missing landmark estimations posed new challenges to the training
stability and model performance.

Additionally, there were several challenges associated to the skeleton annotations that
needed to be addressed. In the �rst place, the three skeleton entities (face, body and
hands) were independently extracted. As a result, the depth coordinates among them did
not match. This made it more di�cult for the model to extract useful insight from the 3D
coordinates. Secondly, our predictions needed to be detached from the image space in order
to compress the subspace of poses that the network needed to model. At the same time,
the location and trajectory of the person with respect to the camera view (e.g., centered,
closer to its interlocutor, etc.) was relevant and strongly determined their future behavior.
Therefore, our predictions could not be fully trajectory-agnostic.

The �rst challenge was unsolvable, so we assumed that our three spaces of coordinates
would be independent and that the depth coordinate could become an important source
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of noise. In order to alleviate the second problem, some works proposed working with
o�sets instead of poses. This strategy isolates the input feature from the image space,
and thus narrows their range of possible values (Martinez et al., 2017; Adeli et al., 2020).
Unfortunately, this solution completely removed the information about the global position
of the participants, which was not favorable either. In order to �nd the right trade-o�,
recent works have shown that mixing root-relative position and velocity was bene�cial for
future single human motion forecasting (Liu et al., 2020; Li et al., 2021). Following this
trend, we combined the joints' root-relative coordinates and their o�sets to create our input.
Our root points were chosen as 1) the middle point between both eye centers for face, 2)
the middle chest joint for body, and 3) the middle knuckles for hands. Therefore, our input
skeleton vectors consisted of root-relative 3D coordinates and 3D o�sets for 28 inner facial
landmarks, 10 upper-body joints, and 40 hand landmarks (20 for each hand) (Palmero
et al., 2022), which can be visualized in Figure 2. Missing sets of landmarks for face, body,
or hands were replaced by sets of zero-valued landmarks. Additionally, the global image
coordinates and o�sets of the face, body, and hands roots were also included in the skeleton
input. Finally, the gaze vector directions and its o�sets were also included as input features
(although gaze vector directions were not predicted).

2.1.2. Multimodal data

Our work includes a �rst attempt to leverage multimodal data to forecast low-level repre-
sentations of future behavior. The metadata, transcriptions, and the audio were processed
so that they could be easily fed into any network.

Metadata. For each session, we generated a vector of normalizedparticipant and
session metadata as proposed in Palmero et al. (2020). Additionally, we used education,
and the speaking language. In particular, the age (scaled from [17,75] to [0,1]), gender
(male, 0; female, 1), country of origin (6D one-hot encoding after recategorization based on
cultural di�erences, Mensah and Chen 2013), education level (7D one-hot encoding) and self-
reported personality (z-scores of the Big Five traits, McCrae and John 1992) were included
as participants' metadata. The session metadata comprised the language spoken (3D one-
hot encoding for English, Spanish, and Catalan), the relationship between participants
(unknown, 0; known, 1), the pre-session mood (8D vector, scaled from [1,5] to [0,1] each)
and the pre-session fatigue scores (scaled from [0, 10] to [0,1]). The mood was assessed with
8 categorical values: good, bad, happy, sad, friendly, unfriendly, tense, and relaxed.

Audio. The audio features were extracted with the pre-trained VGGish model (Hershey
et al., 2017). For each frameT, the model generated a feature vector of size 128 with the
audio chunk of 1 second (25 frames) centered atT. All audio features were normalized to
the [-1, 1] range with statistics generated from the training sessions. Note that the audio
feature vectors for the last 12 frames of the observation window were set to zero because
their generation used audio that overlapped the prediction window.

Transcriptions. To avoid an explosion of dimensionality driven by the wide spectrum
of speech possibilities, and in order to standardize features retrieval across observation
windows, we did not use utterance-based embeddings. Instead, for each prediction window,
all the utterances that overlapped its preceding observation window and ended on it were
jointly considered. A state-of-the-art sentence encoder network was used to extract semantic
embeddings of size 768 from the combined utterances (Reimers and Gurevych, 2019).
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Figure 3: Overview of the modular encoder-decoder architecture used in the experiments.
The embedding layer (EL) uses a dense layer to generate an intermediate rep-
resentation of the coordinates and the o�sets from the observed skeletons. The
dashed and the dotted arrows are active only for the multimodal and the dyadic
experiments, respectively. The output of the model are always 2D o�sets, either
implicitly by the implementation of a residual layer (recurrent decoding), or ex-
plicitly (non-recurrent decoding). Weights for both models are shared.

2.2. Settings tested

The architectures included in our comparison have been built over an encoder-decoder
architecture and adapted to the needs of each of the settings explored. Each setting is
de�ned by the origin of the information leveraged: from 1) a single participant and a single
modality (unimodal), 2) both participants and a single modality (dyadic), and 3) a single
participant and two modalities (multimodal).

2.2.1. Unimodal

We built an encoder-decoder architecture to test several encoding and decoding state-of-the-
art modules. As shown in our architecture scheme (see Figure 3), before going through the
model, the observed skeletons are fed to an embedding layer (EL) that combines the land-
marks coordinates and o�sets. The models used for both participants share their weights.
The technical details about the four architectures tested are included in the supplementary
material, and brie
y described next:

1. Seq2Seq. Adopted from the natural language processing �eld (Sutskever et al., 2014),
the sequence-to-sequence model has always been a very popular framework for human
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