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ABSTRACT

We explore robot behavior recovery through a process akin to
self-reflection. A robot contains two controllers: A primary
“innate” reactive controller, and a secondary “reflective”
controller that can observe, model and control the primary
controller. The reflective controller adapts the innate controller
without access to the innate controller’s internal state or
architecture. Instead, the reflective controller models the innate
controller and then synthesizes input/output filters that adapt the
innate controller’s existing capabilities to new situations. The
innate controller is subjected to a variety of sensory, motor, and
internal control damage scenarios. The reflective controller
diagnoses the level of failure using a self-model and the observed
sensorimotor time-series data and is able to recover performance.

Categories and Subject Descriptors
1.2.6 [Artificial Intelligence]: Learning; 1.2.9 [Artificial
Intelligence]: Robotics---Autonomous vehicles

General Terms
Algorithms

Keywords
Self-reflection, damage recovery, machine learning, evolutionary
robotics, self-modeling.

1. INTRODUCTION

Living systems are able to maintain their performance while
compensating for changes in their environment and in their own
structure [16]. Here we explore processes that allow machines to
model their own behavior and use those models to detect
controller failure and identify paths to recovery. Such ability is
known to exist in the fish and reptiles [6][21] and it has been
recently discovered in some structures of the adult mammalian
brain [1][9][10][7] at the scale of changing and reorganizing
neurons and their function by experience.
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Figure 1. (a) Six-legged robot used for the experiments. The
robot perceives light intensity by means of color specific
sensors (red and blue) located at either side of its front legs.
Each leg is independently controlled by three motors, two for
the 2-DOF base joint and one for the 1-DOF mid joint. The
robot is driven by 18 motors. A total of 15 rigid bodies
complete the robot architecture. (b) The function recovery is
achieved by the synthesis of modifier networks. A self-model
(right) of the innate controller (left) is used to synthesize these
modifiers.




In recent studies, we showed that a robot’s resiliency increases
when self-modeling its own morphology [3][4][18]. We explored
how self-models of a robot body can be used for damage recovery
[2]. Here we wish to take this concept a step further, by having a
robot model its own controller as well. Just as a robot benefits
from modeling its own morphology and then using that model to
determine how to best compensate for a new situation, can a robot
benefit from modeling its own controller, then use it to
compensate for a new situations?

The first question to answer is why a robot would need to model
its own controller at all, instead of directly accessing and
manipulating it. The reasons for this are many fold: First, there are
many aspects of a control system that cannot be explicitly
described, even if its architecture is perfectly known: Sensor and
actuation lag time, noise, and computational errors and delays, for
example. Second, the controller may change in unanticipated
ways due to failure or change in the environment. Manual
modeling of an existing controller also takes time and effort, and
direct manipulation of a controller could require an unwarranted
increase in software and hardware complexity. Finally, in some
cases the controller of a robot is simply inaccessible — either
locked by design, or obfuscated by legacy code. The ability to
modify performance of an existing controller without directly
accessing it also serves as a safe adaption strategy, since the
original controller is never modified and therefore its behavior can
be restored at any time. This process may also shed light on the
evolution of more opaque controllers such as biological nervous
systems.
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Figure 2. (a) A proposal of nested brains architecture. (b)
Minsky’s brain chain from [12].
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The approach we use here is based on the assumption that there
are two co-resident controllers; one reflecting on the other (Figure
2a). This architecture is a form of metacognition: the ability to
reflect upon one’s own mental processes and to self-regulate
them. Such metacognitive processes are recognized to be present
in humans, non-human primates, and a few other mammals
[8][15]. It has been recently demonstrated to exist in the rat as
well [5], suggesting that metacognition concepts might be
applicable to simpler systems such as robots.

Minsky [11] points out that a brain can be better understood as
a “society of minds” interacting with each other. He proposed a
thought experiment consisting on dividing an artificial brain in

two parts. While the input-outputs of the first part (A-brain) are
connected to the external world, the second part (B-brain) is only
connected to the A-brain; thus A is the only world seen by B
(Figure 2b). As proposed by Minsky, the B-brain might help to
the A-brain even without having access to the real world, and by
just looking at the activity of the A-brain. Simple questions such
as Are you repeating? Are you feeling better? And How do you
think? might help to produce a better brain state in the world.

As pointed out by Minsky in recent work [13] there must be
some brains that critique the performance of other brains or sets of
brains. They might also be able to identify certain ways of
thinking and to reconfigure thinking states by activating or
reconnecting certain brain areas. If we are about to explore how to
implement such a system using current robots the first question
that arises is how a critic system might identify and manipulate a
certain way of thinking? We hypothesize that minds should be
able to perform some sort of self-modeling of other minds as a
way to compare and reason about patterns of activation.

The remainder of this paper is organized as follows (Figure 8
presents a description of the entire process): In section 2 we
describe the simulated robot and experimental environment used
for our study. We also describe the generation of an innate robot
behavior. In section 3, we present experiments showing the first
stage of self-reflection by reverse engineering of the robot innate
controller. In section 4, we describe different types of controller
damage used for the experiments. In section 5 we describe how
the self-model is used for damage diagnosis. In section 6 we
describe the process of damage recovery through the synthesis of
input/output modifiers. Finally in section 7 we present the
conclusions of this work.

2. ROBOT AND ENVIRONMENT

We used a simulated six-legged robot for our experiments. The
robot is free to walk on its environment, comprising a plane
surface covered with moving emitters of red and blue light (see
Figure 4); these light sources are initially randomly distributed
along the surface and follow different patterns of motion. The
robot architecture is illustrated in Figure 1a. The central portion of
the robot is composed by three solid cylinders. The central
cylinder is connected to six legs by means of 2-DOF motors. The
forward walking behavior is the result of the rhythmic oscillation
of the limbs. Each motor i={1,...,18} follows a reference signal r'
=6 + asin(wt +¢),where & is a pre-defined central angle of
oscillation for motor i. PID dynamic compensators are in charge
of ensuring successful reference following for each motor. These
pattern generators were obtained by evolving the amplitude a; and
relative phase ¢ of each oscillator such that the robot maximizes
frontal displacement. A similar strategy was reported in [17].
Figure 3 shows comparisons of the reference signals given by the
oscillators versus the actual angle which is achieved by each
motor during a normal walking of the robot along an observation
period of duration T=1500 time steps.

Two pairs of color-specific light sensors are located at the front
legs of the robot, generating the measurement signals z° (blue) and
z (red) from sensors located at the left leg, and signals 72 (red)
and z° (blue) from sensors located at the right leg. At each
simulation step, the read-out of a light sensor z* is computed as
the instantaneous light intensity at the sensor due to contributions
of all the environment light sources I; of corresponding color
using and inverse-square law.
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Figure 3. Angular reference signals for each motor r' : i = {1,...,18} (dash line) versus the instantaneous angle achieved while the
robot walks (gray solid line). The central angle of oscillation is presented in radians at the left of each plot. In (a,b) the reference
following for motors attached to the robot torso are illustrated. In (c) the reference following for the femur-tibia joints are shown.

Once the robot is provided with the forward-moving behavior, it
learns to follows the moving sources of blue light while avoiding
the sources of red light. This behavior was obtained by evolving
the weights of an “innate” recurrent neural network (RNN)
controller (Innate-NN) shown on Figure 1b (left). Four input
neurons {0, 1, 2, 3} are fed by the four light-measurement signals.
The network contains two hidden nodes {4, 5} and two output
nodes {6, 7} that generate the left Uy and right u; motor
modulation signals. The signal Uy modulates the amplitude of the
left legs oscillators {1,2,3,7,8,9,13,14,15} and u; the amplitude
the remaining right leg oscillators {4,5,6,10,11,12,16,17,18}. The
output Yy of neuron K is computed as

o= o[ wn, -0 M

where ¢(-) is the sigmoid activation function, X; are the input
signals, w,; are the connection weights and 6 is the threshold of
neuron K. The controller is represented by a genome ¢ of N, = 34
scalar parameters (in the range [—1, 1]): 26 connection weights,
and 8 activation thresholds. The reward perceived by a robot is
defined in equation (2) by assigning a positive (negative) reward
to the amount of blue (red) light intensity that is collected during
the evaluation of controller ¢ under environment e after a period
of T time steps.

Fte,c _ J'(:(Zto.e.c _ le,e,c + le.e.c _ Zf'e'c)dt 2)

To avoid exploiting the peculiarities of a unique environment,
we used a set of No = 3 randomly generated environments and we

defined the fitness of a candidate controller ¢ as follows:
N g
Fe=]] o 3)
e=1
Due to perceptual aliasing (where different locations trigger the
same sensor state, albeit requiring different control actions) an
optimal motor action Uy = {u?’, u} cannot be purely determined

by the sensor state Z, = {z,..., z°} at a single time t; however, we

hypothesize that a causal controller (such as a RNN) might have
good overall performance over the evaluation period T.

The algorithm runs with a probability of mutation p, = 1/N,
using Cauchy mutation and a probability of crossover p. = 0.9.
The population size was set to 30 individuals per generation.
Figure 4 shows the innate behavior that result after about 1000
evaluations.
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Figure 4. lllustration of the innate behavior. The robot moves
toward areas of higher intensity of blue light while avoiding
red lights (the discs are emitters of colored light). The figure
shows four different scenarios. Motion traces are represented
with the same color of the source.



3. SELF-MODELING CONTROLLER

In this section we describe the process by which the reflective
controller acquires a self-model of the innate controller. Going
back to Minsky’s formulation, this is equivalent to the B-brain
asking the A-brain about its way of thinking. The self-model is
represented as a recurrent neural network controller (Self-model-
NN) that has the same number of input and output nodes as the
Innate-NN, though not necessarily the same number of hidden
units. Figure 1 (right) presents the architecture of the self-model
that we use for our experiments (contains 4 hidden nodes). It is
represented with a genome €’ of N» = 62 scalar parameters (in the
range [—1, 1]): 52 connection weights and 10 activation
thresholds.

We also considered the special case of a self-model (Self-
model-NNry) that has the same architecture of the Innate-NN. This
is for the sake of testing some hypotheses described in the next
section. We note corresponding test genome as Ct’.

We allowed the robot to operate freely under an environment €
while executing its Innate-NN controller and we recorded vector
time series of sensor data Z° = {Z : t € T} and motor data U®* =
{U¢ : t e T}. We fed the inputs of each candidate Self-model-NN
controller ¢’ with the recorded time series of sensor data Z°
resulting in predicted motor actuation data U = {UF® : t  T}.
We then measured the quality of each candidate self-model
controller ¢’ by its ability to reproduce the same input-output
patterns as those observed during the operation of the Innate-NN
controller in different environments. To find the best self-model,
we minimized the signal distance D(c) described by equation (4).

D(c)=3 [[uie-u o @)

Figure 5 shows results from optimizing the self-model, using a
genetic algorithm, with the settings described in previous section.
The search is steered toward minimizing the distance D(C) over
the space of candidate self-model controllers. The figure
corresponds to an average of eight runs of the minimization
procedure.

The standard error is depicted with vertical error bars. In order
to avoid overfitting, a 30% of the data was used for validation.
The minimization stops when the error in the validation data starts
to increase (early stopping). The convergence of candidate self-
models is illustrated on Figure 7. The figure shows how the
similarity of 3D trajectories increases when minimizing the
distance D(c) over the training environment (a) and over different
test environments (b,c). As it can be seen from the figure,
resulting self-models can predict the robot performance under
unseen environments to a large extend.

We note as ¢ the optimal self-model solution obtained during
this stage.

4. CONTROLLER DAMAGE

In this section we describe the different scenarios of damage
introduced to the innate controller for testing the here explored
recovery method. Figure 6 shows the Innate-NN under six
different types of controller damage.

The scenarios are summarized on Table 1. They consists on
disconnecting different inputs to the network, disconnecting
synaptic links inside the network, swapping synaptic links and

also introducing constant perturbations on specific neurons.
Minimization of D(c)
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Figure 5. Results of minimizing the distance D(c) using genetic
search over the space of self-models of the robot controller.
Blue continuous line corresponds to the minimum distance
achieved at corresponding evaluation. Burlywood line shows
results obtained over validation data set. Standard error is
depicted with error bars.

Figure 6. Different damage scenarios introduced to the Innate-
NN controller for testing. Red or blue colors are used to
indicate the location of the change introduced to the network.
Link disconnections are presented in {1,2,3,4}, an exchange of
neuron connections is introduced in {5} and a constant
perturbation is introduced in {6}.
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Figure 7. Convergence of robot trajectories induced by different candidate self-models (varying shades of blue). As it can be seen, a
minimization of D(c) increases the similarity of resulting robot trajectories versus the innate target (red). Trajectory curves were
obtained from environments of varying initial configuration of lights. Curves shown in (a) correspond to the environment used as
training, (b) and (c) correspond to environments of increasing variation from the innate environment. As figures (b) and (c) show,
resulting self-models are able to predict the robot behavior under unseen situations to a great extend. The axis scaling was adjusted
for the data to fit in a cube.

Table 1. Damage Scenarios Tested

Scenario | Description Recording /O data
Self-model time series while
1 The left blue sensor input is damaged (input to node 0 representation executing Innate-NN
is disconnected).
2 The left red sensor input is damaged (input to node 1 Construction of
is disconnected). Self-model-NN
3 The link from neuron 4 to neuron 7 is disconnected .
(weight changed to take the value of 0). Behc’?\wo_r Table 1
4 Two links entering node 6 are disconnected (weights monitoring scenarios.
changed to take the value of 0).
5 The weights connecting neuron 5 with neuron 6 and
neuron 4 with neuron 7 are swapped. Introduction of
6 A constant perturbation is introduced to left motor Self-modeling controller damage
output (neuron 6). Innate Controller
7 No change ‘
5. FAILURE DIAGNOSYS
In this section we describe how the self-model constructed by Failure Uses Self-model-NN
the reflective controller can be used to diagnose the damage diagnosis as a seed to discover
Diagnosis-SM

introduced to the innate controller. As previously described, the
self-model was derived from data collected during normal
operation of the robot.

First we introduce one of the failures described on Table 1 to
the innate controller and we then let the robot to operate on its
environment while executing its now damaged innate controller.
During this period we collected time series of sensor Z° = {Z,° : t
€ T} and motor U® = {U: t € T} data.

It is natural to expect at this point a difference between the
sensorimotor relationships observed under failure versus those
already explained by the self-model. We also expect a reduction in
reward received from the environment.

Since the self-model was proven to provide good behavioral
explanations of the innate sensorimotor relationships it is
expected that small deviations from that solution might have some

Recovery

Synthesis of
I/0 modifiers.

Recovered?

User defined
criteria.

explanatory power of the failure.

Moreover we hypothesize that the topological distribution of
these variations might have some degree of correlation with the
actual source of the perturbation itself; we will further analyze
these hypotheses in the remainder of this section.

Figure 8. Flow diagram of the method to obtain a robot
resilient behavior through controller self-diagnosis adaptation
and recovery.



We used the following strategy for producing new diagnosis
self-models (Diagnosis-SM): Given the sensorimotor signals
obtained during the perturbed functioning of the robot, we started
a new genetic search over the same self-model search space that
was described in section 3. A first population of diagnosis self-
models was strongly seeded with the optimal self-model (c’"). In
this case the search was steered toward minimizing the difference
between the Diagnosis-SM outputs versus the outputs observed
during the operation of the damaged innate controller, this was
achieved by feeding each candidate Diagnosis-SM with the
observed sensor time series Z°, and by using the distance
described in equation (4). If there were no damage at all, the
solution would be the seed itself (validated by our experiments).
In presence of damage, however, genetic search will steer the
Diagnosis-SM network to produce similar motor patterns as those
provided by the damaged Innate-NN. We trained the Diagnosis-
SM using the same stopping criterion as described in section 3.
We note the resulting optimal Diagnosis-SM as ¢”*".

Before analyzing our diagnosis results we should note some
hypothesis:

H1: The solutions for Diagnosis-SM, ¢’ and for Self-Model,
¢’ have a similar explanatory power over the innate system c.

Thus, any explanatory property assigned by an observer to the
Self-model must also hold for the Diagnosis-SM.

H2: The self-model synaptic difference vector Ac = |¢**"- ¢”|
represent topological changes of the self-model network, but does
not necessarily have any counterpart in the real system.

This is since the topology of the self-model is different from the
topology of the innate controller (with exemption of the examples
presented here to test H3).

H3: The topological changes represented by Ac might better
approximate changes of a target system whose architecture is
similar to the topology of the self-models.

A first estimation of the level of failure is given by quantitative
measurements of parameter variation under each failure scenario.
Figure 9 shows the standard deviation of the synaptic difference
vector AC that results when comparing the Self-Model with the
Diagnosis-SM on each test scenario. The figure shows two cases.
The first is when Ac is defined in a space of self-models of generic
architecture (Ac = |¢””"- ¢”"|). The second is when Ac is defined in
a space of self-models whose architecture intentionally match the
innate architecture (4c = |cr””- ¢1”)).

It is interesting to observe (see Figure 6 as reference) that when
disconnecting a blue sensor at the left side (failure 1) the level of
compensation is greater than disconnecting a red sensor (failure
2). It appears that swapping the neuron connections also induces a
small level of compensation (failure 5). The remaining failures {3,
4, 6} appear to induce a similar level of compensation as those
required by failure 1.

Another type of diagnosis deals with the topological localization
of the synaptic compensations that are hypothesized from the
resulting difference vector Ac. We remark however, that this
entails the careful consideration of the abovementioned
hypotheses.

GCuantitative Estimation of the Failure
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Figure 9. Quantitative estimation of the level of damage
introduced under each test scenario to the innate neural
network. The estimation is a result of comparing the original
synaptic weights of the Self-model with the new synaptic
weights resulting from evolving a Diagnosis-SM. Each bar
represents the standard deviation of the weight difference
vector Ac. Results are presented for the generic self-model
architecture as well as for a test architecture.

Figure 10. Most relevant compensatory modifications resulting
from comparing Diagnosis-SM with the Self-Model for each
one of the damage test scenarios. Arrows or nodes in red
represent parameters on the Diagnosis-SM deviating more
than the typical standard deviation (2.0) from the Self-model.
In this case the Self-Model-NN+ architecture was used.

Figure 10 shows the localization of the synaptic weights that are
experiencing a larger degree of change on each scenario. In the
case of failure 1, it is interesting to observe that disconnecting a
blue sensor induces a change on the bias of the same sensor as
well as on the bias of the counter sensor of the opposite side.
There is also a change on the synaptic weight of the counter motor
modulator.



Disconnecting a forward connection between neuron 4 and
neuron 7 produces a larger degree of compensation over most part
of the network (failure 3). Disconnecting two forward connections
produces a strong compensation on the network as well, see
failure 4.

Figure 11 shows bar plots comparing the original Self-model
synaptic weights (grey) versus the weights of resulting Diagnosis-
SM (black) on each test scenario.

6. ADAPTATION AND RECOVERY

In this section we study how to recover function by filtering the
inputs and/or outputs of the innate controller which is being
subject of different types of damage. The filters are implemented
using RNN’s as described in [20]. Figure 1b shows a diagram of
this procedure when applying the filters to the Innate-NN during
robot functioning. The idea is to recover the innate function by
synthesizing input/output modifier networks using the Diagnosis-
SM as a model of the damaged innate controller to be recovered,
and the Self-Model-NN that was generated in 3, as a model of the
target system to be recovered.

These self-models are exploited by re-injecting sensor signals
that were recorded during the robot operation on a real
environment. The procedure allows evaluating the quality of
modifier filters without further accessing the damaged innate
controller. More details of this process are presented in [19][20].

Figure 12 shows reward levels resulting from the operation of
the robot on two different environments. The different damage
scenarios are presented. In each case there is a bar representing
the reward level obtained before (black) damage, after damage
(grey) and after recovery (white). As it can be seen, the procedure
allows recovering performance to a great extend in most of the
failure scenarios under analysis.

7. CONCLUSIONS

We have illustrated how the resiliency of a simulated robot
increases using a self-reflection process that involves controller
self-diagnosis, adaptation and recovery.

The proposed approach might also be useful for reusing existing
hardware for new tasks, by applying the presented monitoring and
controlling stages. The algorithm could be implemented, for
example, inside a pre-existing robot, and modify its behavior by
modulating its original controller’s input and output signals.

In a broader sense, we have presented a case where system
identification techniques can be used to infer the parameters of a
controller, instead of the parameters of the dynamical system
under control. While adaptive control aims to dynamically
compensate for a plant whose parameters are uncertain, we
address here the problem (and envision possible advantages) of
adding uncertainty to the controller itself.

The proposed technique for reverse engineering a controller
(section 3) can be of interest beyond robotics. For example, a
common problem faced by growing production plants is related to
the task of inferring the actual inner workings of their legacy
control components.
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Figure 12. Reward levels obtained by the robot before failure,
after failure and after recovery. Recovery results were
obtained for the case of using self-models of ideal test
architecture (solution c;’™) and the generic architecture
(solution ¢’). Resulting reward levels are shown for two
different environments (a,b) and considering the different
failure scenarios. The simulation was set to be deterministic,
having the same initial conditions under each scenario.

Although such knowledge is usually available for third party
contractors it may be lost or too expensive. In theory, a meta
cognitive system can be superimposed on an existing system,
adding the possibility to monitor, control and further expand the
capabilities of an existing system.
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