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Abstract 

With increasingly sophisticated technical and visual design, virtual humans are now finding numerous 

applications, as instructors in virtual classrooms, for human-computer interfaces, in video games, and more. As 

their behaviour becomes more and more automated, a key challenge remains the generation of believable 

gestures that are tightly linked to the uttered content. Without appropriate non-verbal behaviour, virtual 

humans quickly appear oddly rigid, eerie, and unappealing. With our proposed framework, we aim to develop 

more life-like virtual conversational agents by providing a fully automatic system for gesture generation from 

live speech. Our model does not rely on hand-annotation of data, and bases the selection of gestural 

behaviour on prosodic, syntactic, as well as semantic analyses. Furthermore it is not restricted to a set of 

predefined gestural signs. A major strength of the framework is the utilization of deep learning for the 

association of speech with gestures with the inclusion of temporal relations between gestures. 

Introduction 

Virtual humans are becoming more and more popular for many applications, such as human-computer 

interfaces (e.g. virtual museum guides [1]) and personalized training (e.g. virtual patients for medical training 

[2]), including training of interpersonal skills. Coupling the verbal output with appropriate gesture not only 

makes interactions with these virtual agents more engaging [3], but is also essential for adequately mimicking 

real human interactions, in which non-verbal behaviour plays a major role in conveying information [4], [5]. 

Furthermore, users detect whether virtual human’s gestures are consistent with the produced speech [6]. 

Creating such consistent and believable non-verbal behaviour for virtual agents is, however, a complex 

problem. Systems often resort to specifically creating animations for pre-defined utterances [7], [8]; 

procedurally generating appropriate gestures for live speech is much more challenging. While previous models 

have shown good results for simple beat gestures by relying on prosodic analysis [9], generation of more 

meaningful gestures has usually relied on incorporating handcrafted rules [10]–[12]. Going beyond beat 

gestures with a data-driven system, Chiu & Marsella (2015) [13] have published work that generates more 

complex gestures by using deep learning and temporal modelling without explicit rules. However, the authors 

rely on a set of pre-defined gestural signs, limiting the gesture output to this set. Furthermore, they require 

these gestural sign to be hand-annotated in a training set, limiting the amount of feasibly acquirable training 

data.  

With our model, we extend previous approaches of gesture generation to a fully automatic system for 

meaningful gestures that does not rely on any hand-annotated data or handcrafted rules. Two key parts in our 

model are a deep learning structure with temporal modelling capacities, and the representation of natural 

motion in a low-dimensional space. We aim to utilize a recurrent neural network structure, merging the 

abilities of a classic deep network of learning complex relationships between multiple features, with the 

abilitiy to take context into account. The representation of motion in a lower-dimensional space reduces the 

complexity of the motion, allowing us to learn from the whole gestural space (instead of a set of pre-defined 

gestural signs). 

Three types of speech features are fed into the system to choose appropriate gestures. The first are prosodic 

features, which have been shown to be associated with kinematic features of gestures [14], by reflecting 

emotional state [15] and intended emphasis [16], and previous gesture generation approaches have shown 

some success in utilizing them [10], [13], [17]. Secondly, we extract semantic features in order to be able to 

create meaningful gestures that go beyond beat gestures. We especially want to incorporate important 

markers such as negations, self-referrals, and direct addresses, but aim to explore beyond these as well. 



Thirdly, we automatically mark each word with its associated part-of-speech tag that which may be associated 

with gesture style [18][19] and can help disambiguate word meanings. 

Figure 1 shows an overview of the proposed system pipeline. The input to the system is live speech; this is 

forwarded to an audio processer that extracts prosodic features and a transcriber that converts the audio 

signal to text. From this transcript, a part-of-speech (POS) tagger labels the text with the grammatical role of 

each word, and a semantic processer uses this together with the transcript to deduct some semantic 

structures, such as negations. The prosodic and semantic features and the POS tags are then fed into a deep 

network. 

The network combines the advantages of deep learning for learning the complex relationship between speech 

and gestures with the ability to represent the dynamic temporal relationship between sequences of gestures 

and speech. This kind of network has shown promise in previous works relating to human motion [20], [21], as 

well as speech [22], [23]. The network learns the association of the previously extracted speech features with 

motion features that represent gestures in a lower dimensional space. 

The low-dimensional motion features are 

computed with Gaussian process dynamical 

models (GPDMs), as proposed by [24] and 

[25]. GPDMs are latent variable models 

that can learn the high-dimensional 

dynamics of motion capture data. Thus, the 

high-dimensional motion capture space of 

natural gestures is encoded in a low-

dimensional manifold that then makes 

association learning of the motion and 

speech features more feasible. After 

learning the motion model in the training 

phase, the GPDM step can receive a batch 

of motion features from the deep network 

and map them back onto the full-

dimensional motion space during 

execution. This recreated motion data is 

then sent to an animation system set up in 

the Unity game engine. 

In summary, our model extends previous 

systems by using training data that is 

completely automatically labelled, without 

needing any hand-annotation, increasing 

the amount of feasibly acquirable training 

data, it incorporates prosodic, semantic, as 

well as syntactic features, and it utilizes a 

powerful deep learning structure in order 

to go beyond simple beat gestures. 
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