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Behavior forecasting for social interactions: a
multimodal skeleton-based approach.

German Barquero

Abstract

Many works focus on predicting the motion or trajectory of individuals engaged in a particular action, which intends to reduce
the inherent stochasticity of the future. We open a new horizon by aiming at forecasting human behavior in dyadic interactions.
In such scenarios, the ability to anticipate human behavior implies an implicit knowledge of the underlying mechanisms of
communication involving cognitive, affective, and behavioral perspectives. This knowledge is key for many applications in robotics,
medicine and psychology. In this work, we introduce an extended version of the UDIVA dataset which contains automatically
extracted face, body and hands landmark annotations for 145 dyadic sessions among 134 participants. We use it to deeply analyze
the current limitations of interaction forecasting, most of them derived from the multimodal nature of the future and the huge
dimensionality attached to human behavior. In parallel, we propose a multimodal recurrent model based on the popular seq2seq
model, which serves as a baseline for future research on this topic. Finally, we present an ablation study to discuss the effects of
leveraging multimodal data such as audio and participants metadata.
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I. INTRODUCTION

Ake 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 totally frozen. Weird, right? These conversational behaviors are not only expected but
also needed in order to enhance human-to-human communication.

Therefore, understanding the dynamics of individuals’ behavior is important for many applications related to human commu-
nication. In a unidirectional speech, we all agree that the way someone behaves evolves over time but is exclusively driven by
intrapersonal characteristics (e.g., personality, mood, speech) and the scenario context (e.g., thesis defense, informal speech).
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. In dyadic interactions, mirroring the behavior of a person also
needs to contemplate interpersonal cues [1]]. These include not only the interlocutor’s expression, gestures or body language, but
also intrinsic characteristics of the interaction like their social relationship or their role within the conversation. For example,
the greeting between two people will depend on their relationship and their meeting context. Similarly, we are more likely to
remain static and nod while listening to our partner’s arguments. shows some examples of interaction-driven behaviors.

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 [2], [3]]. 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 involved in a real
interaction. In order to induce a human-like social interaction, their facial expressions [4], [S] need to be harmonized with
the body pose, the hands gestures and the speech [6]. To do so, we need to fully understand and model the behavior in
human-to-human interactions, which represents a challenge involving cognitive, affective, and behavioral perspectives, among
others.

In this work, we focus on forecasting human behavior. This problem is especially important in human-robot communication
(or personalized assistive agents) where the automated agent may need to predict someone’s future behavior in the short-term
in order to provide a better and faster response. Similarly, it is of utmost importance to any system to minimise the latencies.
We cannot always afford that the person waits until the whole information is processed, so detecting and interpreting the person
social signals may help providing with a fast approximation for a starting point, which may be improved as more information
is collected. For example, safety driving systems extremely benefit from anticipating pedestrian trajectories, as they may need
to make an emergency stop in order to avoid an accident. Also, one may argue that by forecasting human behavior during
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Fig. 1. Two examples of conversations where each individual behavior is highly driven by the dyadic interaction. On the 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.
On the bottom example, both participants engage in a highly interactive conversation which triggers surprise and joy emotions from the right-most participant.
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Fig. 2. Representation of the problem tackled in this work. The skeleton annotations including facial landmarks, body joints and hands articulations are
available (observation window) and used to predict their movement in the future frames (prediction window).

an interaction, we are also understanding the underlying mechanisms of human interaction and, therefore, uncovering their
semantics, context, etc.

To represent the behavior dynamics, we rely on the movement of the skeleton joints of the person, which comprise the main
body articulations and facial landmarks, see We have seen that both intra- and interpersonal components affect the
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
specific actions [7]], [8]. 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 open a new horizon and define the problem of
forecasting the future behavior in dyadic interactions, see [Figure 2} The proposed scenarios are unconstrained, action-agnostic,
and the participants’ behaviors are under the influence of strong interpersonal cues.

The main contributions of this work are summarized as follows.

We extend the UDIVA dataset [9] with new automatically extracted skeleton annotations for face, body and hands.
Annotations underwent a sequence of post-processing steps which reduced errors and improved their quality, especially
for hands.

We propose a recurrent architecture based on the popular Seq2seq architecture [[10] to solve the future behavior forecasting
problem. We present several experiments where our model outperforms the zero-velocity baseline and also include a first
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Fig. 3. On the left, a toy example of behavior forecasting in a deterministic environment. On the right, in a stochastic environment. The dots represent two
body joints (e.g., the elbow and the wrist), and the line represents the part of the body connecting both joints (e.g., the forearm). Their radius and width
correspond to their probability distribution. Darker areas correspond to higher probabilities of the body articulation to be located there at each timestamp.
Probabilities get blurrier and averaged as time passes. Figure inspired by [11].

attempt to merge multiple modalities (audio, metadata and dyadic information). We aim at establishing a baseline for
future behavior forecasting with UDIVA which we hope will encourage research on this dataset.

We present a case study where we applied the proposed model to participate in a challenge that was organized in parallel
to this work, within the scope of the 2021 International Conference in Computer Vision (ICCV'21). The metrics used in
this competition were also explored and de ned as part of this work.

Il. STATE OF THE ART

In this section, we review previous research outcomes relevant to human behavior forecasting. We also revise the literature
on dyadic human interactions. Finally, we debrief the state-of-the-art on face, body and hand landmarks estimation.

A. Behavior forecasting

The multimodal nature of future prediction makes it an extremely challenging problem. For instance, the much more generic
problem of video future prediction often results in blurred predicted sequences of frames [11]. These are representations of
the future uncertainty as the average of all the possible futures. A visual representation of this effect can be seen in Figure 3.
While being unavoidable, it can be alleviated by reducing the complexity of the prediction and increasing the contextual
information provided. In an intent to reduce the future stochasticity, many works focus on leveraging much lower-dimensional
data: body poses. In the past years, human body poses and facial expressions have been leveraged to recognize behavior [1Z
infer intents [13] or detect behavioral and emotional disorders [14]. Similarly, behavior forecasting can be reduced to a future
pose estimation problem, which is a relatively new problem compared to predicting image or video pixels.

Stochastic predictions.Some works embrace the future uncertainty and exploit it by predicting multiple futures. In [7],

a conditional variational autoencoder (CVAE) takes the trajectories of several joints and treats the task as a pose completion
problem. Its main limitation resides in its very nature: future trajectories for at least one joint need to be provided. This
is not a limitation for [15], in which the latent vector is brought to the frequency domain to improve the diversity of the
predictions while retaining accuracy. The realism of the predicted poses is ensured by recursively tting a 3D body model
to them. The main drawback is that the recursive optimization slows down the inference process and nothing guarantees the
motion realism. With a similar idea, a novel sampling strategy, DLow, was proposed to promote the poses variability of future
human motions [16]. Conditional Generative Adversarial Networks (GAN) have also been widely used to improve the futures
diversity. For example, Long et al. suggest to use a latent code to re ect various behaviors and an attraction point to re ect
various trajectories, which need to be provided at inference time [17]. This strategy also alleviates the mode collapse frequently
suffered on adversarial training. In [18], a sequence-to-sequence Wasserstein GAN which enforces pose and motion realism
by adding a gradient and a bone loss is proposed.

Deterministic predictions. Other works, instead, consider the future to be deterministic. Compared to the stochastic methods,
the results of these methods can be easily evaluated by directly comparing them to the ground truth. Most of them add
constraints or provide contextual information in order to narrow the future space and therefore reduce its stochasticity. The rst
methods proposed were encoder-recurrent-decoder architectures which modeled human kinematics [19]. In a similar fashion,
a sequence-to-sequence (Seq2seq) recurrent neural network (RNN) with residual connections was proposed as a forcefu
action-agnostic baseline [20]. Led by their success at natural language processing (NLP), hierarchical multiscale RNNs were
favorably translated to human pose forecasting in order to deal with the wide diversity of motion patterns of the body parts
and their distinct motion dependencies [21], [22]. However, recurrent approaches tend to suffer from errors accumulation and
struggle with long-term predictions. To overcome these challenges, additional strategies have been proposed. In [23], a dropout
autoencoder LSTM (Long Short-Term Memory network) and a 3-layer LSTM are combined to implicitly learn and model the
structural and the spatio-temporal aspects of the task being performed. Other works apply attention to capture the long-range
spatial correlations and temporal dependencies [24], [25]. Very interestingly, Want et al. transformed the human pose prediction
into a reinforcement learning problem [26]. They proposed an imitation learning algorithm which learns to make accurate short
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and long-term pose predictions with very fast training speed. Instead of predicting the whole sequence of future poses, a recent
work has proposed to predict meaningful key moments in a future action [8]. They argue that this formulation is better suited
for intent and action forecasting as it disentangles the temporal and intentional aspects of human actions. Unfortunately, this
formulation is not applicable to action-agnostic contexts like ours.

Exploiting interactions. The future behavior of individuals is strongly determined by their interaction with other individuals
and objects in their surroundings. By de nition, graph convolutional networks (GCN) are able to encode such interactions.
Some works have successfully used GCNs to generate context-aware encodings which are fed to RNNs decoders [27], [28].
They all come to the same conclusion: the contextual information contains very valuable information regarding the human
future behavior. Other solutions proposed went beyond and considered each joint as an individual agent [29], [30]. The rationale
behind this idea is that treating the human body as a graph instead of a skeletal kinematic tree helps to capture long range
dependencies among joints [29]. Li et al. extended this idea by adding a multiscale graph computational unit which fuses
features across different body scales [30]. Very recently, Liang et al. have proposed a novel architecture which merges the
history of the agent with the current graph of agent trajectories [31]. Although it was originally designed for autonomous driving,
encoding the past history of human motion may become useful to detect and predict person-speci ¢ behaviors. Unfortunately,
all aforementioned methods skip a very frequent and critical problem observed in many applications: missing or incomplete
pose observations. In order to repair such observations, Cui and Sun propose using an additional GCN trained to identify
erroneous poses [32].

B. Dyadic interactions

Although the literature review on human behavior forecasting is extensive, few works focus on conversations between two
(dyadic) or more interlocutors. In a situation where a group of people is interacting, the positions and orientations of the
individuals, their body and hand gestures, gaze, and facial expressions become extremely relevant for behavior forecasting.
Also, other semantically important content like speech, voice tone or other information related to the interlocutors may in uence
their behavior. Naturally, multimodal information needs to be exploited in a speci ¢ way in order to fully prot from it.

In order to mix monadic and dyadic information including speech, Ahuja et al. proposed a dyadic residual-attention model
[33]. Results show the temporal evolution of the importance of both inter- and intrapersonal dynamics when predicting human
behavior. Similar conclusions were extracted from [34], where facial gestures synthesized from dyadic information were
preferred over those generated from monadic data. Other studies have recently reported that considering the personality traits
of the interlocutors also enhances the prediction of nonverbal behaviors [35], [36]. In order to exploit this, Ahuja et al. present
an architecture which encodes behavioral patterns from both individuals and applies style transfer to the raw predicted human
behavior [37]. Despite the relevance of the methodology they propose, they aim at synthesizing motion that matches audio
for social conversations, which is not our use case. We can assume that leveraging linguistic information helps reducing the
stochasticity of the interlocutors future behavior, as it incorporates more semantic information of the interaction taking place.
However, the mean-convergence effect observed in the future prediction eld is still reported in social behavior prediction [38].

Within the scope of this project, behavior forecasting is limited to the prediction of the image coordinates for facial, body
and hand landmarks in the subsequent frames. As reported in most of the literature reviewed, this problem simpli cation aims
at reducing the future uncertainty and narrowing the prediction space to a single solution. In order to support our choice on
the methods used for landmarks retrieval, we thoroughly reviewed the state of the art on human landmarks estimation.

C. Landmarks estimation

Human pose estimation has extensively attracted the interest of the computer vision community. Its attractiveness resides in
the wide spectrum of elds where it proves useful: robot interaction [39], [40], virtual reality [41], autonomous driving [42]
or medicine [43], [44], among others. When it comes to perception and human behavior analysis, the body pose, the facial
expression and the hands gestures become of utmost importance.

The estimation of facial landmarks have been intensively studied, yielding very satisfactory results. Recent methods can be
split into those regressing 3D morphable model parameters [45], [46], [47] and those directly regressing the 2D/3D coordinates
of the points [48], [49]. Feng et al. present a detail-consistency loss which disentangles the expression from the face and
helps retrieving more expressive face shapes [50]. At the same time, it allows them to synthesize realistic expressions while
keeping person-speci ¢ details unchanged. As the popularity of video-based applications increase, new methods incorporate
video-based training, which improves the stability of 3D face alignment in videos [51].

The body joints estimation problem has been given roughly the same importance. Methods in the literature have traditionally
been enclosed in two categories: bottom-up and top-down approaches. Bottom-up methods leverage heatmaps and anthropc
metric heuristics to build the human skeleton [52]. The main limitation resides in their inherent bias towards false positives
and their low accuracy on truncated (i.e., partially visible) bodies. In [53], the authors work in a metric 3D space instead of
the image space (image coordinates in pixels) in order to address the latter limitation (the whole body is always available).
Top-down methods, on the other hand, focus on rst detecting the location of the person of interest within the image in order
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Fig. 4. On the left, setup for the six tripod-mounted cameras of the UDIVA dataset. GF: General frontal camera, GB: General rear camera, HA: individual
high angle cameras, FC: individual frontal cameras, E: ego cameras. On the right, synchronized views from the 8 cameras.

to reduce the number of false positives [54]. On the downside, the person detection step may become a bottleneck to handle
occlusions and can increase their computational complexity.

However, the translation of these methods to hand pose estimation is not straight-forward due to its unique characteristics.
The complex physiology of hands, their rapid movement and their frequent interactions between them or with external objects
make it a very challenging problem [55]. As a result, most of them rely on a hand detector so that the hand region can be
handled at higher resolutions [56], [57]. Some of these works directly estimate the 3D joints [58], [59], [60] or 3D meshes
[57], while many others propose parametric models which estimate con gurations of statistical models like MANO [61], [56].

Il1. THE UDIVA DATASET

In this section, we brie y describe the UDIVA dataset (Understanding Dyadic Interactions from Video and Audio signals)
[9], and present the version v0.5 used in this work.

A. Dataset description

The UDIVA dataset was born as a benchmark to study and understand the mechanisms of in uence, perception and adaptation
to verbal and nonverbal social signals in dyadic interactions. The dataset was carefully tailored so that the individual and dyad
characteristics as well as other contextual factors could be accessed and easily analyzed. The 147 voluntary participants (44.9Y%
female) ranged from 4 to 84 years old (mean=31.29) and came from 22 countries (68% from Spain). They were distributed into
188 dyadic sessions (90.5h of recordings), with an average participation of 2.5 sessions/participant (max. 5 sessions). During
the session, they were asked to speak the language both felt most comfortable with. Spanish was the most popular choice
(71.8%), followed by Catalan (19.7%) and English (8.5%). Pairs of participants were chosen according to their availability
while trying to preserve a close-to-uniform distribution among all possible combinations between variables (gender, age group
and relationship between interlocutors).

Participants sat around a table forming a 90° angle with each other to avoid occlusions in the cameras eld of view, and
close enough to favour the interaction in collaborative activities. The camera setup consisted of six HD tripod-mounted cameras
(1280x720px, 25fps): two general frontal and rear cameras, two individual high angle cameras and two frontal cameras, see
Figure 4. Additionally, participants wore an egocentric camera (1920x1080px, 30fps) around their necks, and a heart rate
monitor on their wrist. The audio was acquired with two individual lapel microphones and an omnidirectional microphone on
the table.

Before their rst session, participants lled a sociodemographic questionnaire, including: age, gender, ethnicity, occupation,
maximum level of education, and country of origin. Personality was also assessed through age-dependent standardized ques
tionnaires. For all sessions, participants completed pre- and post-session mood and fatigue assessments. After each sessio
participants lled again the personality and mood and fatigue questionnaires about their interlocutor in order to provide their
perceived impression.

During the session, participants engaged in ve different tasks which were designed by psychologists to elicit distinct
behaviors and cognitive workloadalk, Animals Lega Ghostand Gaze In Talk, participants talked about any subject for 5
minutes. The quality of interaction, empathy and synchrony, among others, can be observed in thisMaiskals participants
asked 1Oyes/noquestions each in order to guess the animal from the picture on each other's forehead, which mainly reveals
cognitive processes and features gaze events. The coopdratjeduilding task enforces collaboration, joint attention, and
leader-follower behaviors. In th&hosttask, participants played the competitive "Ghost blitz" cards game, which fosters
cognitive processing speed analysis. Finally, @ezetask was recorded while participants followed directions to look at the
interlocutor's face, at static/moving object, or elsewhere. This may represent a useful ground truth for gaze gestures and face
modeling with varied head poses.
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