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ABSTRACT
In the canonical Robot Learning from Demonstration sce-
nario a robot observes performances of a task and then devel-
ops an autonomous controller. Current work acknowledges
that humans may be suboptimal demonstrators and refines
the controller for improved performance. However, there is
still an assumption that the demonstrations are successful
examples of the task. We here consider the possibility that
the human has failed, and propose a model to minimize the
possibility of the robot making the same mistakes.

Categories and Subject Descriptors: I.2.6 [Artificial In-
telligence]: Learning; I.2.9 [Artificial Intelligence]: Robotics

General Terms: Theory

Keywords: Learning from Demonstration

1. INTRODUCTION
Robot Learning from Demonstration (RLfD) is potentially

a means by which humans can instantiate robot controllers
without performing analytical decomposition of the task it-
self or explicit coding. Ideally, an RLfD-enabled robot would
be able to learn any performable task it observes demon-
strated. Such robots would find a myriad of uses in both
industrial and domestic settings.

Currently, RLfD typically proceeds by first collecting a set
of examples, wherein a human user demonstrates acceptable
task execution. From these examples a generalized controller
is extracted by one of various methods [1]. Early work typ-
ically took the demonstrations as indicative of correct or
optimal behavior [3]. More recently, research has focused on
dealing with suboptimalities in the humans’ demonstrations
by, for instance, allowing for additional corrective demon-
strations [2] or reinforcement learning [5].

Drawing inspiration from work showing that infants are
able to successfully perform tasks that they have only seen
failed examples of [6], we propose that the next logical step
is to consider the possibility that the observed demonstra-
tions are in fact failures. Rather than discarding such data
as is now commonly done, we develop a model which uses
variance in the demonstrations to guide exploration while
avoiding replication of the demonstrations themselves. Par-
ticularly, where the demonstrations are consistent (low vari-
ance), we infer that the human is confident that this part of
the task is being performed well and proceed as normal in
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Figure 1: The donut pseudo-inverse has an exploration pa-
rameter to control the distance between the peaks.

RLfD. Inconsistent demonstrations (high variance) are then
indicative of error (or non-importance for the task), and we
actively explore possibilities other than those observed.

2. METHODOLOGY
Our method is an adaptation of Gaussian Mixture Model

(GMM) based Dynamical Systems [4]. To N demonstrations

(position and velocity over time: {ξt, ξ̇t}n, t ∈ [1, Tn], n ∈
[1, N ]) we fit a GMM using the Bayesian Information Crite-
rion to find the number of components (K) and Expectation
Maximization to fit the priors (ρk), means (µk) and covari-
ances (Σk), collectively termed θ. Standardly, the velocity
at a position ξ is computed as the expected value of the
conditional distribution over velocities at that position:

ξ̇std = EP (ξ̇|ξ,θ)[ξ̇] =

KX
k=1

ρ̃kµ̃k (1)

P (ξ̇|ξ, θ) =

KX
k=1

ρ̃k(ξ, θ)N (ξ̇; µ̃k(ξ, θ), Σ̃k(θ)) (2)

where the conditional’s parameters are given by:



µ̃k(ξ, θ) = µkξ̇ + Σkξ̇ξΣ
k−1

ξξ (ξ − µkξ ) (3)

Σ̃k(θ) = Σkξ̇ξ̇ − Σkξ̇ξΣ
k−1

ξξ Σkξξ̇ (4)

ρ̃k(ξ, θ) =
ρkN (ξ;µkξ ,Σ

k
ξξ)PK

k=1 ρ
kN (ξ;µkξ ,Σ

k
ξξ)

(5)

We instead replace each Gaussian in the GMM (N (ξ̇; µ̃k, Σ̃k))
with a variable-width pseudo inverse termed the Donut dis-
tribution which is itself a difference of two Gaussians:

D(ξ̇; µ̃, Σ̃, ε) = γN (ξ̇; µ̃,
Σ̃

rα2
)− (γ − 1)N (ξ̇; µ̃,

Σ̃

rβ2
) (6)

whose means are the same as that of the base distribution,
and whose covariances are defined by scalar ratios rα and rβ .
γ > 1 is an arbitrary constant.

When talking about the Donut distribution, we define the
height (η) as the ratio between the Donut and base values at
the mean and the width (λ) as the ratio between the donut’s
peak-to-mean distance and the base’s standard deviation.
To set rα and rβ , we use ε to interpolate between a point
where we most closely approximate the base (η = 1, λ = 0)
and one where we are maximally different from it (η = 0, λ =
λ∗) as seen in Figure 1. We use λ∗ = 6, γ = 2.

We then predict a velocity at ξ by finding the most likely
velocity in the resulting Donut Mixture Model (DMM):

ξ̇dnt = argmaxξ̇

KX
k=1

ρ̃kD(ξ̇; µ̃k, Σ̃k, ε) (7)

ε = 1− 1

1 + ||V [ξ̇|ξ, θ]||
(8)

V [ξ̇|ξ, θ] = −ξ̇stdξ̇>std +

KX
k=1

ρ̃k(µ̃kµ̃k> + Σ̃k) (9)

where ε is set by the overall variance of the conditional
GMM, giving us the desired behavior described above. Since
we learn from failure, generated trajectories that fail to per-
form the task are simply incorporated as more data.

3. EXPERIMENTS
We illustrate this approach on the task in Figure 2, which

is to get a square foam block to stand on end by hitting
a protruding edge from below. The setup is such that the
block cannot be lifted to a standing position while in contact
with the robot, instead the robot must impart momentum
to the block. However, too much momentum and the block
will topple over. This task is deceptively simple, in that hu-
man demonstrators often fail a few times before succeeding.
Under a standard RLfD approach, these failures would be
discarded, but we instead use them to learn the task.

We collected 2 failed demonstrations of this task, one
where too little momentum is transferred, and another with
too much. Using these demonstrations to initialize our model,
we generate new trajectories and run them on the robot. If
the task is still not performed, we incorporate the new tra-
jectory into the model and repeat until it is consistently
successful (5 consecutive trials). Over multiple restarts, this
usually occurs in less than 10 iterations.

Figure 2: The FlipUp Task: get the foam block to stand on
end. Shown is a successful performance learned from failure.

4. FUTURE WORK
Currently, there is no sense of direction guiding the search.

In fact, we observe that the system will often alternate be-
tween trying a “too-fast” trajectory, a “too-slow” trajectory,
and an “almost-there” trajectory several times before gen-
erating a successful trial. We believe that by incorporating
a more informative reward signal (instead of a binary suc-
cess/failure), we can guide the system better.

Overall, we hypothesize that a technique that uses failure
cases such as this will lead to reduced overall training time
in RLfD, as the system will be able to learn from data that
is currently discarded. Also, it is possible that a system
that learns alongside a human (i.e. the same task at the
same time) may be able to highlight issues in the human’s
learning process as well.
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