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Abstract. We present an approach for the generative modeling of hu-
man interactions with emotional style variations. We employ a hierar-
chical Gaussian process latent variable model (GP-LVM) to map motion
capture data of handshakes into a space of low dimensionality. The dy-
namics of the handshakes in this low dimensional space are then learned
by a standard hidden Markov model, which also encodes the emotional
style variation. To assess the quality of generated and rendered hand-
shakes, we asked human observers to rate them for realism and emotional
content. We found that generated and natural handshakes are virtually
indistinguishable, proving the accuracy of the learned generative model.
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1 Introduction

Accurate probabilistic models of interactive human motion are important for
many applications, including computer animation, motion recognition and emo-
tional feature analysis. Gaussian processes provide a powerful framework for the
modeling of human motion since they permit to approximate complex trajecto-
ries with high accuracy, at the same time guaranteeing successful generalization
from few training examples [11]. Gaussian process latent variable models (GP-
LVM) have been proposed for the modeling of the motion of individual humans
[3]. The resulting low-dimensional representations are suitable for feature ex-
traction and the modeling of style. The GP-LVM can also be extended towards
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hierarchical architectures [4], making it possible to model the conditional depen-
dencies induced by the coordinated movements of multiple actors / agents in an
interactive setting.

The modeling of emotional styles is a classical problem in computer graph-
ics, see e.g. [2,9,10]. The modeling of interactions between multiple characters
has often been based on physical interaction models [6]. In this paper we take
an approach from machine learning and try to learn the joint statistics of the
interactive movements (represented as joint angles from motion capture) using a
hierarchical Bayesian approach. This approach was applied to emotional hand-
shakes between two individuals. We validated the realism of the movements of
the developed statistical model by psychophysical experiments and find that the
generated patterns are virtually indistinguishable from natural interactions.

2 Model

In order to learn the interactions between pairs of actors we devised a hierarchical
model based on GP-LVMs with radial basis function (RBF) kernels [7] and
hidden Markov models (HMM) [5]. Our model is comprised of three layers (see
fig. 1, left), which were learned in a layer-wise bottom-up fashion:

GP-LVM-single: the bottom layer. Observed joint angles y of one indi-
vidual actor were mapped onto a 3-dimensional latent variable x. The y were
treated as i.i.d. across actors, trials, emotional styles and time. This approach
forced the GP-LVM to learn a latent representation which captures the variation
w.r.t. these variables (in particular, variation across emotional style and time).

GP-LVM-interaction: the interaction layer. For pairs of joint angles of
interacting actors (say, actors 1 and 2), we computed the corresponding latent
representation (x1,x2) with the learned bottom layer model. This latent repre-
sentation (x1,x2) forms the 6-dimensional observation variable in the interaction
layer, which maps (x1,x2) onto a 3-dimensional latent variable i. The mapping
is represented by a GP-LVM. Similar to the bottom layer, the (x1,x2) were
treated as i.i.d. across pairs of actors, trials and time, sorted by emotional styles.
Consequently, i is a latent representation of the interaction which captures the
variability w.r.t. emotional style and time.

Latent variables and kernel parameters were optimized with scaled conjugate
gradients (SCG) [4].

HMM-dynamic: the top layer. Left-to-right HMMs (7 states, Gaussian ob-
servation models, initial mean 0 and diagonal covariance 0.3) learned the tem-
poral evolution of i, i.e. the dynamic. We trained one HMM per emotional style,
across all pairs of actors and their trials.

Our model is fully generative. Since we learned one HMM per emotional
style in layer HMM-dynamic, we can switch between styles simply by choos-
ing the appropriate HMM and GP-LVM-interaction. We generate new interac-
tion sequences in the latent space of GP-LVM-interaction by running the HMM
forward, to compute a state-probability weighted mean from the means of the
emission models. This weighted mean generates smooth input sequences in the



latent space of the interaction layer. Using the learned probabilistic generative
model we then back-project [7] to the joint angles at the lowest level of the
hierarchy.

Fig. 1. Left : Graphical model representation. A couple C consists of two actors ∈ {1; 2},
which performed R trials of handshakes with emotional style E. y1,2: observed joint
angles and their latent representations x1,2 for each actor. The x1,2 are mapped onto
the y1,2 via a function f(x) which has a Gaussian process prior. i: latent interaction
representation, mapped onto the individual actors’ latent variables by a function f(i)
which also has a Gaussian process prior. The dynamics of i are described by a HMM
with hidden states zt and parameters Θ. Right : Handshake trajectories in the latent
spaces of layer GP-LVM-single (bottom panel) and layer GP-LVM-interaction
(upper panel). The separation between emotional styles (happy and fearful) is clearly
visible. For details, see section 2.

3 Results and Conclusion

We learned emotional handshakes represented as joint angles (in radians) de-
rived from motion capture data. Movements were executed three times with five
different emotional styles for each couple: neutral, fearful, happy, angry and sad.
We fitted a commercial character model with 38 joint angles to the data from
each subject, thus obtaining the training data for the model.

To illustrate that we succeeded in learning latent representations which en-
code emotional style variations, see Fig. 1, right. The upper and lower panels
show the trajectories of one actor for a fearful and a happy handshake in the
latent representations of layers GP-LVM-single and GP-LVM-interaction,
respectively. The two trajectories are clearly separated.

We designed a psychophysical study to test whether the accuracy of the
developed probabilistic model is good enough for computer animation. Nine



participants (4 female, mean age: 31 years, 7 months ) took part in the first
experiment. All were näıve with respect to the purpose of the study.

Rendered video clips showed two uniform, androgynous gray avatars with-
out facial expressions to keep the focus on the bodily movements. In each trial
two videos representing the same emotion were displayed side by side on a com-
puter screen. The two videos in each trial could either both display natural
handshakes, or a natural and a generated movement. Viewing time was not
restricted, allowing participants to search for subtle differences between the an-
imations. Participants classified the emotion of the stimulus and the naturalism
of both displayed movie clips.

Participants failed to reliably assess naturalism, see table 1, top. They had
a strong bias to classify every movement as being natural, which is indicated
by a high hit rate (correctly identified natural movements) of 67.5%, a high
false alarm rate (generated movements classified as natural) of 42.5% and a low
sensitivity measure (d’ = 0.64).

animation

judgment generated movement natural movement

not natural 57.5 32.5

natural 42.5 67.5

intended emotion

judgment neutral sad happy fearful angry neutral sad happy fearful angry

neutral 70.83 4.17 12.5 0 4.17 91.67 0 0 0 0

sad 8.33 95.83 0 4.17 0 4.17 100 0 12.5 0

happy 4.17 0 87.5 0 0 4.17 0 91.67 0 37.5

fearful 16.67 0 0 91.67 12.5 0 0 0 87.5 0

angry 0 0 0 4.17 83.33 0 0 8.33 0 62.5

class. rate 85.83 86.67

Table 1. Classification Results. Upper part : discrimination performance for natural
versus synthesized handshake movements. Columns represent the original movement on
which the animation based, rows show judgments of the participants (N=9) in percent.
Lower part : emotion classification of natural and synthesized handshakes separately.
Intended affect is shown in columns, percentages of subjects’ (N=12) responses in rows.
Bold entries on the diagonal mark rates of correct classification. class. rate overall mean
correct classification rates for generated and natural movements.

In contrast, participants classified the expressed emotions of the handshake
movements with very high accuracy. Confusions occurred mainly for emotions
that are comparable in their motion energy; i.e. ’angry’ and ’happy’ or ’sad’
and ’fearful’. These results confirm that emotions can be reliably detected from
bodily movements and are in line with findings for emotional gait [8,1].

Displaying animations of natural and generated handshakes side by side al-
lows participants to directly match stimuli features. Specifically, if there are



differences in the naturalism between those video clips, it would be more likely
that the observer detects them compared to a sequential display of the movies.
Since participants were not even able to discriminate natural movements from
completely generated ones in a task were they had the opportunity of a direct
comparison, it may be concluded that the generated movements look indeed very
natural. On the other hand, this form of presenting the videos next to each other
has the disadvantage that the affect classification might be confounded. The per-
ception of expressed emotion could be mainly driven by one of the two videos
that are simultaneously presented. To validate that the generated movements
are perceived as emotional as the natural ones we conducted a second control
experiment. In this experiment participants observed the identical animations
as described above but now sequentially.

The classification rates of twelve participants (6 female, mean age 29 years,
9 month) are depicted in table 1, bottom. Both kinds of animations conveyed
enough information about the emotional context of the handshake to recognize
the intended affects more than 85 % of all trials. The recognizability was highly
significant for both video types, as revealed in a contingency-table analysis test-
ing the null hypothesis that the variables ’intended emotion’ and ’perceived emo-
tion’ are independent (generated movements: χ2 = 1398, d.f. = 16, p < 0.001;
natural movements: χ2 = 1488, d.f. = 16, p < 0.001). Further, the percentages of
correct classification did not differ between synthesized and natural animations
(paired t-test, t59 = −0.163, p = 0.87).

To conclude, the results of these psychophysical experiments demonstrate
clearly that the generated movements are not distinguishable by human observers
from animations derived from original motion capture data. Furthermore, the
fact that emotions were well identified shows that the animations were sufficient
to convey very subtle information about style changes.

For the future, we plan to exploit the modular architecture of our model for
feature analysis and to build algorithms that automatically generate emotional
interactive action sequences.
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