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ABSTRACT

We present a data-driven animated character capable of blocking attacks from a user in a VR sword
fighting experience. The system uses motion capture data and a machine learning model to recreate a
believable blocking behaviour, suggesting the viability of full-featured data-driven interactive charac-
ters in VR. Our work is part of a larger vision of VR interaction as a two-level problem, separating
spatial details from design concerns. In this context, here we provide the designers of the experience
with a character from which a “blocking” behaviour can be requested without further spatial specifi-
cations. This puts down a first building block in the construction of a controllable data-driven VR
sword fighter capable of multiple behaviours.
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tion. The character learns to block strikes
from several directions from motion cap-
ture data with no additional animation
logic.
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Figure 2: Overall data-driven interaction
diagram. Dotted lines represent offline
flow and solid lines online flow. At the
physical level (orange), data-driven mod-
els are learned from gesture and motion
data. At runtime, these are used to tran-
sition into and out of the semantic level
(blue), where the experience designer de-
cides how to react to the gestures. Here we
focus on the animation synthesis aspect of

the system (red).
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INTRODUCTION

Virtual reality is one of the most powerful media for delivering interactive experiences, yet there
are still many kinds of interaction mechanics that are proving challenging to incorporate. Sword
fighting is a representative example of an appealing scenario that, although sophisticatedly recreated
in screen-based interactive media, is nearly infeasible to reproduce in VR with existing techniques.
The main reason for this is that close-range interaction in VR is difficult to handle with precision, due
to the variability and unpredictability of the user input, and sword fighting requires a fair amount of
precision, even at a basic level. Additionally, sword fighting is itself more open in nature than other
interactions, such as shaking hands, where established methods like inverse kinematics could be used
successfully.

In our view, designers should use a similar language whether they are working on screen-based or
VR media, in spite of the additional complexities of the latter. Figure 2 represents our vision of a fully
data-driven interaction framework for VR. Here the semantic level corresponds to the usual design
space, where the desired behaviour can be programmed in high-level terms such as “if the user attacks
from the left, block”. In order to get to this point, the user input and the animation data are processed
at the physical level, using respectively a gesture recognition model, to parse the input as discrete
actions, and an animation synthesis model, to realise the requested behaviour in concrete animations.
Importantly, in this approach the physical level is implemented using data-driven techniques, while
the semantic level is based on knowledge-driven logic, providing a balance between automation and
transparency.

This paper introduces our work in animation synthesis for sword fighting in VR. We present a
sword-wielding character capable of blocking sword attacks from a user in a VR simulation. This
demonstrates the feasibility of implementing data-driven behaviours in interactive VR characters,
and provides a foundation for a fully-featured sword-fighting agent. The character anticipates the
motion of the user and puts the sword in a position that blocks the attack trajectory before being
hit, using a data-driven model that learns from previously collected sword-fighting motion captured
animation data. Our system is implemented using a standard commercial VR kit, featuring head and
hands tracking.

While it could seem that this could be solved analytically, for example by extrapolating the user’s
sword trajectory and using inverse kinematics on the character to match the sword position, this
soon proves unsuccessful. The variability in the input is too high to make reliable estimations and
the lack of real weight in the controller results in acceleration spikes that are difficult to model. In
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addition to that, learning from motion data allows the model to capture specific traits of the style
performed by the actor.
Note that, obviously, the hand of the user cannot be really blocked with current VR hardware, so a
R certain level of “cooperation” from the user is required. While different techniques exist to improve
the user experience in this sense (such as haptic feedback and physics simulation), these fall outside
the scope of our work, at present.

RELATED WORK

Much work has been done in the HCI community in recreating faithful interactions between hu-
mans and virtual characters. DeVault et al. [5] and Sagar [13] have showcased examples of highly
sophisticated systems, capable of human abilities such as gaze detection or imitation. However, there
has been less focus on close-range “physical” interactions in virtual worlds. In our view, a solution
to this problem should combine (and adapt) techniques from different fields. With respect to the
user input, good gesture recognition techniques have existed for a long time now [15], and machine
learning has proven very successful in this field [2]. There exist as well several models on which
behaviour planning can be based, from simple rule-based reasoning to more advanced architectures
like belief-desire-intention (BDI) [12].

Here we look at the animation of the interactive characters. Data-driven animation is a difficult
but growing field. The introduction of the motion graph structure [9], which builds animations from
a network of short clips, gave raise to several systems based on or inspired by it [7, 10, 14], some of
which have been implemented in commercial applications [3, 4]. These systems would be difficult to
adapt to interactive VR, though, as they are not tailored to the high variability in user input discussed
above. However, recent results in locomotion synthesis [8, 16] have shown that motion capture can
be learned to a high level of detail through machine learning models capable of generalising to new

Figure 3: Each input example contains the
location, orientation and velocity of the

joints (blue), recent positions of the sword situations.

tips (red), distance and closest‘points be- METHODOLOGY

tween the swords (green) and view angles

from the centre of the character to the Our starting point is the data that will be used to train the system. We used Vicon Bonita motion
user’s sword tip (yellow). capture equipment to record several sword fighting sequences featuring attacking and blocking actions

at different angles. In total, nearly 15 minutes worth of training material were produced, recorded at
30 frames per second (over 26,000 frames). Each captured frame contains the position of 24 skeletal
body joints of the blocking actor (corresponding to the virtual character), plus the position of the tip
of both swords.

The data is preprocessed in order to build the training database of examples. Each frame is trans-
formed into an example consisting of an input and an output vector. The input features, represented
in Fig. 3, include: the location of the joints; the velocity of the joints (difference with respect to the
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previous frame); the orientation of the joints, given as their local X and Y unit vectors; the position of
the tips of both swords in the current frame and three and six frames before, which implicitly express
a measure of their velocity and acceleration; the distance and closest points between the swords;
and the yaw and pitch angles from the character’s centre to the user’s sword tip. The output vector
contains the location, velocity and orientation (as a pair of vectors) of the joints in the next frame,
as well as the location and orientation of the character’s sword tip (the location of the sword hilt is
not necessary as it can be derived from these). All positions are relative to the character root (middle
point between the feet).

The data is then used to train a neural network using TensorFlow [1]. A regular feed-forward
network did not produce satisfactory results, so we developed a model that takes into account the
direction of the incoming strikes, based on the idea of phase-functioned neural networks [8]. The basic
architecture of the model is made of three dense layers. However, since the behaviour of the defender
varies significantly with the direction of the incoming strike, we create multiple sets of network
weights for these layers, each one associated with a particular direction, as shown in Fig. 4. Using
these, the particular weights to be used for a given arbitrary direction is computed as a cubic spline
interpolation of the four closest sets of weights. Using a cubic spline guarantees that the mapping
from strike directions to network weights is continuous and smooth. At runtime, the tip of the user’s
sword is used to estimate the strike direction, so attacks coming from left or right will use different
network weights more specialised in their corresponding reactions. This results in better character
reactions than a bigger neural network with a single set of weights, which we attribute to the reduced
complexity of the patterns associated to each set of weights.

The trained network is embedded into a VR scenario built in Unreal Engine 4 [6] for an Oculus
Rift VR kit [11]. The only additional post-processing applied to the animation produced by the model
Figure 4: Each set of parameters, repre- consists in correcting the position of the character’s sword tip to ensure the hilt of the sword is always

se‘nted‘ by the b!ue c‘lrcle‘s, is associated within the hands. This prevents sporadic issues where errors in the network output cause the sword
with different strike directions around the “gpo» .
to “fly” away from the hand momentarily.

character. The tip of the user’s sword de-
termines the current direction (red dot in
the figure), and the four closest sets of pa- RESULTS & DISCUSSION
rameters (red arc) define a cubic spline
from which the weights are interpolated.

Figure 1 shows some images of our results. The character is capable of recreating blocking reactions
adapted to the strikes of the user, using different kinds of movements. Blocks are performed similarly
to how a real sword fighter would do them, since they are derived from the acted motion capture data,
and otherwise the character remains in a credible “waiting” pose whenever the user is not attacking.
All of this is achieved with no additional animation work (besides the motion capture session) or
hand-crafted logic. This is a significant simplification in the development process of interactive VR
scenarios.
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There are still notable limitations in the system. On the one hand, since everything is learnt from
motion capture data, actions that are very different from the training data can produce unstable
results. This can be mitigated both by collecting more motion capture data and by augmenting the
existing examples, applying alterations to the speed or the trajectory of the player’s sword. Also, due
to the architecture of our model, attacks directed to the centre of the character (such as a frontal
stab) are not handled well, since there is no specific subset of parameters dedicated to it (see Fig. 4, in
which there is no circle in the middle). We expect to improve in this regard with a more advanced
model that allows for subsets of parameters distributed along more than one dimension. Finally, so
far we have only modelled a character standing in a fixed position. It should be possible to model
stepping and pivoting too, but the extension is not straightforward. Since the position of the character
determines the coordinate system, it is necessary to maintain a stable estimation of its location and
orientation.

FUTURE WORK

Our work shows that complex interactive VR scenarios like sword fighting can be modelled through a
data-driven process, using machine learning to overcome the unpredictability and variability of the
input. In future iterations of this work we plan to develop critical metrics assessing both the similarity
between the generated behaviour and the motion capture data, as well as the quality perceived by
users of the system. Code and data will be released for public evaluation.

Having implemented a blocking behaviour, the natural continuation would be to implement addi-
tional abilities, such as attacking and evading, and the capability of switching between each of them.
We believe these scenarios are broadly similar and thus can be learned by building on the techniques
outlined here.

In order to implement the full proposed interaction framework (Fig. 2), the remaining elements
are now under development. Gesture recognition on VR input may also be implemented effectively
using machine learning (within the limited possibilities of the hardware). The behaviour planning
component can be prototyped as a set of rules mapping recognised actions to requested behaviours,
before moving on to more advanced agent architectures. The value of the design, however, lies in how
these three elements interact and cooperate to combine data-driven techniques with already existing
design knowledge to build a complete VR sword fighting character.
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