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Abstract

The RoboCup is an international initiative with the goal to have a full team of
robots beat the winner of the FIFA World Cup in the year 2050. One of the leagues
hosted by RoboCup, the Standard Platform League, requires all participants to
use the NAO 6 humanoid robot. In order to precisely control this robot and with
modifying hardware being forbidden by the rules of the league, teams have sought
to predict the sensor measurements needed for walking. However, due to joint wear
the dynamics of the robot change over time, reducing the effectiveness of such a
prediction model. This thesis focuses on liquid time-constant networks, a novel
addition to the class of neural ODEs, and their potential to adapt to the joint
wear condition of the robots. It demonstrates that although LTCs are relatively
better at adapting to joint wear, their absolute performance is significantly worse
than previous methods in terms of both inference time and MAE.
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Chapter 1

Introduction

The RoboCup is an international competition and initiative with the goal to have
a full team of robots beat the winner of the FIFA World Cup in the year 2050.
RoboCup hosts multiple leagues, each of which has a different set of rules. For
the Standard Platform League (SPL), all participants use identical robots, this is
currently the humanoid NAO 6 developed by Aldebaran. The different teams are
allowed to upload their own code to the robots before the match, but the robots
must operate autonomously during the match.

Figure 1.1: Two NAO 6 robots photographed during a RoboCup SPL match.

In order to control the NAO 6 precisely and reactively, fast feedback is required.
Because the hardware is fixed under the rules of the SPL, it is not possible to bring
down the latency between joint angle commands and measurements by optimizing
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it. Marginal improvements could always be made in software, but the software
overhead is insignificant in comparison.

As it is not possible to reduce this latency, another approach is to more opti-
mally use the available information. Although it is not possible to receive the
measurements faster than is physically possible, some degree of predictability can
be exploited. One such approach then is to train a model that predicts these
measurements n time-steps in the future. These predictions can then be fed into
subsequent models and systems that ultimately control the robot. If the model is
accurate, the effect will be as if the latency has been reduced.

For this to work, the dynamics of the NAO 6 needs to be captured by this model.
To analyse these dynamics, we must discern between the interior and the exterior.
The internal state is partially observable through the measurements of the joint
angles, but also consists of another part which can only be indirectly observed
(e.g., the joint wear). Although this hidden state might be reconstructable, it is
only necessary for its effect to be capturable by the model (i.e., it can be a black
box). The exterior can then be defined as the boundary to the interior in so far
as what is behind it should not be included, but still influences it. In order for
the model to be robust and properly constrained to the dynamics of the NAO 6,
the dynamics behind the external factors (e.g., the control system) must not be
learned. Rather, the external factors themselves (e.g., the control signal) must be
taken directly.

The goal then, is to train a model that takes as input previous observations of its
own state alongside any external factors and outputs the next set of observations.
These external factors consist for the most part of the control commands sent to
the platform. If this was not the case, the robot would barely be controllable. Of
course, the robot may be held or restricted, but these circumstances are outside
of its operating environment and do not need to be accounted for.

B-Human, a team from the University of Bremen, has already implemented such
a model in their framework (Fiedler and Laue 2023; Reichenberg and Röfer 2023).
However, as the joint wear significantly changes the dynamics of the robot, it is
worth investigating if other neural network architectures can outperform the LSTM
presented by Fiedler and Laue. For this purpose, this thesis is an investigation
into the performance and adaptability of liquid time-constant networks (LTCs)
with regards to this task.
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1.1 Liquid Time-Constant Networks

Liquid time-constant networks are a type of time-continuous neural networks that
belong to the broader class of neural ordinary differential equations (neural ODEs)
(Hasani et al. 2021). The state of a neural ODE x(t) is determined by the differ-
ential equation (Chen et al. 2018):

dx

dt
(t) = f(x(t); I(t); t; �) (1.1)

Where f is a neural network parameterized by �. To solve such an ODE requires
the usage of numerical integration methods such as those belonging to the family
of Runge-Kutta methods. This equation is reminiscent of the equation that defines
continuous-time recurrent neural networks (CT-RNNs), which exhibit more stable
behavior (Funahashi and Nakamura 1993):

dx

dt
(t) = �x(t)

�
+ f(x(t); I(t); t; �) (1.2)

Liquid time-constant networks multiply the second term by A� x(t), yielding:

dx

dt
(t) = �x(t)

�
+ f(x(t); I(t); t; �)(A� x(t)) (1.3)

= �
[

1

�
+ f(x(t); I(t); t; �)

]
x(t) + f(x(t); I(t); t; �)A (1.4)

Such a network gains its name from the fact that its time-constant �sys is param-
eterized by the neural network f embedded in it, which can be seen by rewriting
the preceding equation in the form �sys

dx
dt

(t) + x(t):

1

1=� + f(x(t); I(t); t; �)

dx

dt
(t) + x(t) =

Af(x(t); I(t); t; �)

1=� + f(x(t); I(t); t; �)
(1.5)

This adaptation of CT-RNNs, in part inspired by the dynamics of neurons in small
species, has been proven to show a marked improvement on similar methods in
modelling time-series, measured in terms of expressivity, stability and performance.
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It is expressable as a differentiable computational graph, and can therefore be
trained using gradient-based methods (Hasani et al. 2021).

Alongside this state equation, Hasani et al. also introduce a novel ODE solver which
can be characterised as a fusion between implicit and explicit Euler methods. The
reason for this is that LTCs realize a system of stiff equations that would require
an exponential number of steps when using a more common Runge-Kutta based
algorithm.

In particular, the update step for an LTC using this method is:

x(t+ �t) =
x(t) + �tf(x(t); I(t); t; �)A

1 + �t(1=� + f(x(t); I(t); t; �))
(1.6)

For this reason, LTCs are hypothesized to be effective in joint angle prediction. In
this thesis we explore whether or not LTCs are effective in modelling the dynamics
of the NAO 6 and its adaptability to different wear conditions it was not trained
on.
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Chapter 2

Method

2.1 The NAO 6 Platform

The NAO 6 has 25 distinct motor positions, of which 2 are in its head, 8 are in
its arms, 4 are in its hands, and 11 are in its legs. For locomotion, only the 11
joint angles in its legs are critical. Although controlling the head, arms and hands
might shift the center of mass to a more optimal position, the walking engine does
not require as low a latency for these motors. These are therefore excluded from
the prediction model, in order to reduce the model complexity. The joint angles in
the legs are at its hip, ankles and knees and can be controlled individually. These
are mirrored on each side, with the hip and ankles having both a roll and pitch
component whereas the knee just has a pitch component. Alongside the left and
right hip joints, there is also a central yaw-pitch control for the hip.

In order to interact with the hardware, the NAO 6 libraries include a real-time
process called LoLA (Low Level Abstraction). LoLA runs at 83Hz (12ms) and
communicates each cycle with the hardware through the HAL (Hardware Ab-
straction Layer). This means that software frameworks can simultaneously receive
measurements are send commands to the platform every 12ms.

For the controller, the NAO 6 houses an Intel ATOM E3845 running at 1.91 GHz
with 4 GB of DDR3 RAM, alongside 32 GB of eMMC �ash memory (Franco 2022).
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