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Abstract— This paper proposes an inverse optimal control
(IOC) framework which incorporates demonstrations with
mixed qualities. The proposed method utilizes the benefits
of sub-optimal demonstrations which can provide information
about what not to do and supplies training data near states
unvisited by optimal demonstrations. The main idea of the
proposed method is to find the value function which satisfies the
optimality condition over optimal demonstrations and violates
it over sub-optimal demonstrations. We conduct experiments
on three environments and empirically show that the proposed
method outperforms the original IOC algorithm, which uses
only optimal demonstrations.

I. INTRODUCTION

Inverse optimal control (IOC) has enabled for a robot to
perform complex tasks, such as inverted helicopter flight
[1], autonomous driving [2], [3], and manipulation [4]. An
IOC framework learns both reward and policy function from
expert’s demonstrations. In general, IOC aims to recover
a reward function which can generate expert’s demonstra-
tions. A basic assumption of IOC is that the expert acts to
maximize the expected cumulative underlying reward. From
this assumption, the main idea of IOC is to find a reward
function under which expert’s demonstrations become an
optimal solution. In this regards, existing IOC algorithms
require solving optimal control problems under the estimated
reward as a subroutine, in order to verify if the expert’s
demonstrations are optimal.

Since most existing algorithms utilize only optimal
demonstrations which are often located near the high reward
regions, the resulting reward function has no capability to
estimate the low reward regions correctly. This issue is
highly investigated in several studies [5]-[7]. In [5], the
authors argued that insufficient demonstrations near the low
reward region will cause a catastrophic failure. Although
[5] handles this issue via continuously interacting with an
expert who knows the optimal control, it is not viable to
contact the expert repeatedly in practice. Instead of constant
communication with the expert, [6] and [7] utilize failed
and sub-optimal demonstrations, respectively. In [6], the
method of incorporating optimal demonstrations and failed
demonstrations is proposed by adding constraints that make
the resulting behavior maximally different from the failed
demonstrations. In [7], Lee et al. incorporate both optimal
and sub-optimal demonstrations where the algorithm assigns
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a high reward near the optimal demonstrations and a low
reward near the sub-optimal demonstrations. The sub-optimal
demonstrations give an information about what not to do
near low reward regions. While [6] and [7] have successfully
utilized sub-optimal demonstrations for an IOC problem,
[6] and [7] require to solve the reinforcement learning
(RL) problem as a subroutine to check whether expert’s
demonstrations become an optimal solution or not. In this
regards, [6] and [7] suffer from a heavy computational
load and require a significantly large number of sampled
demonstrations to solve RL problems.

To handle both sample inefficiency and the lack of demon-
strations near the low reward regions, we employ the nec-
essary and sufficient condition of Hamilton-Jacobi-Bellman
(HJB) equation. The HJB equation is a well known partial
differential equation where the solution is the maximum
cumulative reward, also knwon as the optimal value. By
assuming control affine dynamics and a control quadratic re-
ward function, a closed-loop optimal policy can be obtained
from HIB, ie., u = R71G(x)TV,V(x). We observe that,
by using this optimal policy, the gradient information of the
value function can be extracted from expert’s actions. The
main idea of the proposed method is to find the value func-
tion which satisfies the optimal policy for expert’s optimal
demonstrations and violates its optimality for sub-optimal
demonstrations. In this regards, a value function is directly
learned from optimal and sub-optimal control data and the
resulting policy can be obtained from HIB.

In this paper, we propose a novel inverse optimal control
algorithm utilizing both optimal and sub-optimal demon-
strations in continuous time, state, and control spaces. The
proposed algorithm finds the value function that makes
optimal demonstrations to satisfy the optimal policy of HIB
and sub-optimal demonstrations to violate the optimality
condition. As our method directly estimates the underlying
value function, the controller can be directly obtained from
the resulting value function without computation of an opti-
mal control problem. For the problem without knowledge of
system dynamics, we learn the control affine dynamics using
a neural network. Furthermore, for high dimensional state
space such as range sensor or image, we employ an encoder
from the state space to the low dimensional latent space.
Incorporating both optimal and sub-optimal demonstrations
improves the generalization performance of the resulting
dynamic model since sub-optimal demonstrations cover more
various situations than optimal demonstrations. We empir-
ically show that the proposed method outperforms other
methods which utilize only optimal demonstrations in terms
of the average cumulative reward and achieves near optimal



performance with a smaller number of demonstrations than
other IOC algorithms.

II. RELATED WORK

Inverse optimal control problems have been widely studied
in robotics and machine learning [6]-[18]. Existing I0C
algorithms can be categorized into four classes based on
two criteria. The first criterion is the necessity of solving
an optimal control problem as a subroutine. A majority
of I0OC methods compute the optimal control in order to
update estimated reward function, while [16]-[18] find a
reward function without solving an optimal control problem.
Those methods often utilize extra optimality criterion such
as the HJB equation, similar to the proposed method. The
second criterion is the capability of handling both optimal
and sub-optimal demonstrations. A number of existing [OC
algorithms deal with only optimal demonstrations and a
handful number of methods including ours incorporate both
optimal and sub-optimal demonstrations.

Most I0OC algorithms are formulated based on MDPs
and these methods require to solve an MDP problem un-
der the estimated reward function in order to compute
the gradient of the reward function. Unlike other MDP-
based IOC algorithms, in [12], Ho and Ermon proposed
the generative adversarial imitation learning (GAIL) method
where the policy function is updated to maximizes the reward
function and the reward function is updated to assign high
values to expert’s demonstrations and low values to trained
policy’s demonstrations. GAIL achieves sample efficiency
by avoiding the need to solve RL as a subroutine and
alternatively updating policy and reward functions. However,
since GAIL utilizes a policy gradient method to optimize a
policy function, it still requires a large number of samples
to converge stably to a stationary point.

On contrary, several IOC algorithms are formulated based
on the Euler-Lagrange (EL) equation and Hamilton-Jacobi-
Bellman (HJB) equation in optimal control [16]-[19]. These
algorithms do not require to solve optimal control problems
since they utilize inverse optimality conditions induced from
the EL and HJB equations. These algorithms often aim
to find the reward function which satisfies some inverse
optimality condition on the given demonstrations. In [17], an
inverse optimal control algorithm using polynomial optimiza-
tion is proposed where the sufficient condition of the HIB
equation is used to formulate an IOC problem and the reward
function is modeled as a linear combination of polynomial
functions. In [18], Puydupin-Jamin et al. proposed an inverse
optimal control algorithm minimizing the residual function
defined based on the Karush-Kuhn-Tucker (KKT) necessary
conditions where it is equivalent to satisfying the optimality
condition of the residual function being zero.

There are a few methods which can learn from both opti-
mal and sub-optimal demonstrations. A more detailed study
is necessary for utilizing sub-optimal demonstrations. [15]
proposed semi-supervised apprenticeship learning (SSAL)
which utilizes both optimal demonstrations and unlabeled

demonstrations which may not be from an expert. SSAL si-
multaneously finds a reward function and classifies unlabeled
demonstrations using the maximum margin based method. In
[13], maximum entropy semi-supervised inverse reinforce-
ment learning (MESSIRL) which utilizes both labeled and
unlabeled demonstrations based on MaxEnt IRL is proposed,
where the inexpert examples in unlabeled demonstrations
are filtered by the similarity-based penalty. Similarly, [14]
proposed robust Bayesian inverse reinforcement learning
(RBIRL) which can automatically identify and eliminate
noisy demonstrations. SSAL, MESSIRL, and RBIRL are
more focused on categorizing unclassified demonstrations.
Since the method incorporating sub-optimal demonstrations
[13]-[15] are formulated based on [8], [9], these algorithms
also need to solve an MDP or RL problem as a subroutine
in each iteration.

III. BACKGROUND

In this paper, we consider a continuous-time control affine
system defined as # = F(x) + G(x)u, where z € R4X and
u € R are state and control variables, F/(x) € R¥x*dx
and G(z) € RYx*9U are matrix functions of state. The
reward function is assumed as a control quadratic {(z,u) =
q(z) — 2u" Ru, where ¢(z) is a state dependent reward
function and R € R4 *4U s a positive semi-definite matrix.
Based on the control affine dynamic system and control
quadratic reward function, we first explain an optimal control
problem and the HJB equation which is the necessary and
sufficient condition for a solution to be optimal. Then, the
inverse optimal control problem is explained.

A. Optimal Control and HJB Equation

The optimal control problem is to find the optimal pol-
icy to maximize the infinite horizon discounted cumulative
reward defined as follows:

Hau) = [ late0) - jue R ar, (1)

where x( is an initial state, 7 > 0 is a constant discount
factor, u(-) is a control functional depending on time ¢. Under
this performance criterion, the optimal control problem is
defined as follows:
maxi(rr)lize J(zo,u(-))

)

subject to  z(t) = F(z(t)) + G(z(t))u(t), z(0) = zo.

The maximum performance criterion is referred to as
the value function defined as V'(xg) = max,.) J (2o, u(")).
The value function indicates the performance of the optimal
control functional. The HIB equation is a partial differential
equation of the value function defined as

TV (x(t) = max H(x(t), u(t), V((t)), (3)

where H is the Hamiltonian defined as
H(z,u,V(z)) =

q(x) — §u Ru+ V,V(x)" (F(x)+ G(x)u),



where V, indicates the gradient of the value function with
respect to the state x. Since the HIB equation is the necessary
and sufficient condition, the optimal policy must satisfy
the HIB equation. In case of the control quadratic reward
and control affine dynamics, the optimal policy is explicitly
obtained as the following closed-loop control,

p(z) 2 v =R 'G(x) V.V (z) (5)

by finding the maximum of Hamiltonian H where * indicates
the optimal solution. By substituting the resulting policy into
(4), we obtain the relation between state dependent reward
function and the value function as follows:

4(e) =2V (@) = ¥V (@) F (@)

1 r . ©
— iva(m) G(z)R " G(z)

V.V (x).

In this paper, we assume that the expert obeys the closed-
loop optimal policy (5) maximizing the underlying control
quadratic reward function. Hence, optimal demonstrations
are generated from the optimal policy and sub-optimal
demonstrations are obtained from a non-optimal policy.

B. Inverse Optimal Control

In this section, we introduce an inverse optimal control
problem whose goal is to estimate a reward function making
expert’s demonstrations an optimal solution. Several existing
continuous [IOC algorithms including the proposed method
assume that expert obeys the closed-loop optimal policy in
(5) [16]-[18].

Particularly, we follow [16] where the gradient of the
value function is directly estimated from demonstrations.
Expert’s demonstrations consist of a sequence of state and
corresponding optimal action pairs, i.e D = {¢;}}¥, and (; =
{(z4,uis)}y, where N is the number of demonstrations
and T is the length of a sequence of each demonstration. In
[16], the value function is modeled as a linear combination of
squared exponential (SE) kernel functions which are defined
as

M
= szE(.,yj)aj, (7)

where o is the jth coefficient of the jth SE kernel, y; is
a predefined center point of the kernel, M is the number of
total predefined center points, and

= Bexp (—||z — 2'|[2/(207)) . (8)

Here, § > 0 and o are hyperparameter. [16] finds the
coefficients of SE kernels which satisfy the optimal policy
(5) given demonstrations D. The optimization problem in
[16] is defined as follows:

£33 -

=0 t=0

kSE(x, x')

min £(D, V) R7'G(xi) VoV (zio)|l3, (9)
where R is often assumed as identity matrix. The gradient
of V' is computed as

M

ZV kse(x,yj)oy,

=0

V.V (z (10)

where V, ksg indicates the gradient of the SE kernel with
respect to the first input. [16] converts an IOC problem into
a kernel regression problem with gradient information and
solves it using the least square method. After estimating
the value function, the state dependent reward function is
obtained from (6). This algorithm has benefits in that the
learned value function directly induces the controller without
solving the optimal control problem under the recovered
reward function.

The major drawback of [16] is that the SE kernel function
has an improper property to represent the gradient of the
value function. The gradient of the SE kernel function is as
follows:

Vokss (o) = Do~y exp (<l - yill2/20%) . (A1)

Since the gradient of the SE kernel function is zero at x = y;
and also goes to zero as the distance between x and y; goes
to infinity, it leads to poor approximation. To handle this
issue, we model the value function using neural networks
with a smooth activation function.

IV. INVERSE OPTIMAL CONTROL FROM
DEMONSTRATIONS WITH MIXED QUALITIES

In this section, we propose a novel inverse optimal con-
trol from demonstrations with mixed qualities (IOCfDMQ)
which has a capability to incorporate both optimal and
sub-optimal demonstrations. In our problem, it is assumed
that the positive demonstrations are a set of sequences that
consists of state and optimal control pairs, ie., DT =
D, and the sub-optimal demonstrations consists of a se-
quence of state and sub-optimal control pairs, i.e., D~ =
{(@s.,ui )10 YN, where N~ is the number of sub-optimal
demonstrations, + and — indicate optimal and sub-optimal
data, respectively.

The main idea of the proposed method is to extract mean-
ingful information about what not to do from sub-optimal
demonstrations in continuous state and control spaces. We
first formulate our problem by adding a new constraint to (9)
and reformulate the problem using relaxation technique. We
further explain the benefits of using negative demonstrations
and also propose a model free version of IOCfDMQ by
learning dynamics from demonstrations.

A. Problem Formulation

We consider the problem of finding the value function
to generates given positive demonstrations and not to create
negative demonstrations. The proposed IOC framework can
be formulated as follows:

minimize LD, Vo) + AB(Vg)
subject to  V ;4 uir € DT (12)
luie — R G(2ia) " VaVo(zi)|3 > €,
where 6 is parameters of a value estimator ‘79, B (Vg) is a

regularization function, A > 0 is a regularization coefficient,
and LT(DF,Vp) = L(D, V), the same as in (9). However,
we newly add the constraint that requires the Euclidean dis-
tance between the control from sub-optimal demonstrations



and the estimated policy to be greater than the threshold e.
This constraint comes from the optimality condition of the
HIB equation.

The Hamiltonian function can be rewritten using the
optimal policy (5) as follows:

M,V (@) = a(2) — 3 (u— 9(@))" R(u — 9(x)) .
+ YV (@) F(@) + 3 6(@) Ro(x).

The maximum of the # is achieved when (u—¢(z))? R(u—
¢(x)) is zero for the fixed state = since H is a quadratic
function with respect to the control u. Our goal is to
find the value function whose policy satisfies the equality
(u — ¢(x))TR(u — ¢(x)) = 0 for Dt and the inequality
(u — ¢(z))TR(u — ¢(x)) > 0 for D™, respectively. From
the positive definiteness of matrix R, it can be shown
that (u — ¢(x))TR(u — ¢(x)) = 0 is equivalent to (u —
#(x))T(u — ¢(z)) = 0 since the following inequalities
hold: Amaxl[u — 6(@)[3 > (u — ¢(2))"R(u — ¢(x)) >
Aminl|u — &(2)||3 where Amax and Api, are the maximum
and minimum eigenvalues of R, respectively, and are always
positive. Conversely, (u — ¢(x))T R(u — ¢(z)) > 0 is also
equivalent to (u — ¢(z))T(u — ¢(x)) > 0. From this fact,
the objective function and constraint in (12) are induced.
Minimizing the objective function let the resulting policy
dervied from the learned value function to be close to the
optimal control in D+ and the constraints make the resulting
policy differ from the sub-optimal control in D~.

Since the feasible set of problem (12) is a non-convex
set, which is defined by the upper-level set of a quadratic
function, this problem is non-convex. To handle this issue,
the inequality constraint is relaxed by introducing

L7(D, Vo) 2

N— T
IS el B G Vo lE]
1=0 t=0

where [z]1 = max(x,0) is the hinge loss, € is the margin
between the estimated policy and the tth sub-optimal con-
trol in the ith demonstration. £~ becomes zero when the
distance between the estimated policy and the sub-optimal
control is below the predefined threshold. In other words, if
the optimization variables satisfy constraints in the original
problem (12), then £~ will be zero. Consequently, we aim
to solve the following relaxed IOC problem,

minignize LYDT, Vo) + XL (D™, Va,e) + AB(Va), (14)
where A\~ is a coefficient.

Note that, since minimizing £ is equivalent to align
the gradient of the value estimator to the direction of the
optimal control, the estimated value function increases near
DT. Conversely, minimizing £~ ensures that the gradient of
the estimated value function does not align in the direction
similar to the sub-optimal control. In this regards, the esti-
mated value function does not increase near D~. We would
like to emphasize that the proposed method does not require
to solve an optimal control problem as a subroutine since it

utilizes the relationship between the optimal policy and the
value function from the HIB equation.

To obtain a smooth estimation result, we minimize the
output of the value function using the following regulariza-
tion: B(V,) £ Y oweD ||[Vg(z)||3, where D is entire training
demonstrations. Since we only utilize the gradient informa-
tion of the value function, the constant of the indefinite
integral cannot be determined in our optimization. In this
regards, the regularization helps to handle such illposedness
and penalizes the scale of the output value to increase.

B. Model-Free Case

While the proposed method is well defined when control
affine dynamics are known, in many complex problems,
control affine dynamics are often unavailable. In this case, we
learn a control affine dynamics using a neural network, which
is called a dynamic network. The network output consists of
three components: passive dynamics F), (x), control dynam-
ics G (x) and variance %, (x) of dynamics, where ¥, (z)
is a diagonal matrix and v is the parameter of a dynamic
network. A dynamic network is trained using the negative
log-likelihood loss funciton which is defined as follows:

1
Layn(D,v) 2 D] >

(zt,ut,xt41)ED

—log(pu (we41|Te, ur)),

where D indicates entire transition pairs including both op-
timal and sub-optimal demonstrations and p(xy11|z¢, ur) =
N (@152 + Fu(xe) + Go(ze)ug, By ().

To summarize, when the dynamic model is unknown,
we first train a dynamic network. After training dynamic
network, the value network is trained using (14) with the
trained dynamic model.

V. EXPERIMENTS

To validate the effectiveness of sub-optimal demonstra-
tions, we prepare two experiments: a model based problem
and a model free problem. In the model based problem, we
demonstrate that the proposed method has a capability of
recovering the underlying optimal policy. In the model free
problem, we first verify that sub-optimal demonstrations help
to train a dynamic network in terms of the generalization
performance and compare the proposed method with the
method using only optimal demonstrations [16] with respect
to the average returns. We model the value function using a
multi-layered perceptron with two hidden layers with 64 hid-
den units where a tangent hyperbolic and cosine hyperbolic
functions are used for the activation functions for the first
and second layer, respectively. In the model free problem, the
dynamic network is also modeled as a two layered perceptron
with 64 hidden units using a tangent hyperbolic activation.
Both the proposed and the compared method use the same
network architecture for the entire experiments and the other
hyperparameters are determined by a brute force search.

A. Model Based Problem

In this simulation, we compare the proposed method to
the method using only optimal demonstrations. We call the
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Fig. 1: An illustration of the pendulum environment and
average returns of different algorithms.

latter an inverse optimal control from optimal demonstrations
(IOCfOD) [16]. We test all algorithms on the pendulum
problem as shown in the left figure in Figure 1. The system
has two state variables which are the angle from the vertical
line and its angular velocity, i.e., [0, 9}, and has one control
variable u which is the torque at the joint. The control affine
dynamics is 6 = 732—;7 sin(64m)+ -3z u where g = 10.0 is the
gravity, [ = 1.0 is the length of the pendulum, and m = 1.0
is its mass. The matrix G is [0, -2]T. The underlying reward
function is defined as: (6, 6, u) = — (%)270.10’270.0011&
The optimal demonstrations are generated by controlling the
agent with the optimal policy which is obtained by solv-
ing the HIB equation. The sub-optimal demonstrations are
generated by flipping the optimal control, where the flipped
control is clearly sub-optimal. We prepare three different
sets of demonstrations by mixing optimal and sub-optimal
demonstrations with three different ratios: (95%, 5%), (90%,
10%), and (70%, 30%) and measure the performance while
increasing the number of given state action pairs.

The results are shown in Figure 1. The proposed methods
with ratio 5% and 10% outperform IOCfOD which uses only
optimal demonstrations in terms of the number of demon-
strations required to achieve the expert’s performance. Es-
pecially, the proposed method with 5% sub-optimal demon-
strations achieves the expert’s performance using the smallest
number of data.

Based on this experimental result, we can conclude that
incorporating both optimal and sub-optimal demonstrations
has a benefit in terms of average returns and it is empirically
shown that there exists the best ratio that improves the
performance of the resulting controller using sub-optimal
demonstrations.

B. Model Free Problem

The simulations are conducted in the MuJoCo simulator
[20], which is a physics-based simulator, using two en-
vironments with unknown model dynamics: Walker2d and
Hopper. The goal of the hopper problem is to make a three
degree of freedom mono pedal move forward as fast as
possible without falling. The goal of the walker2d problem
is to move forward as quickly as possible with a bipedal
walker constrained to the plane without falling down and
pitching the torso too far forward or backward. In both
problem, the underlying reward is defined as the sum of
survival rewards, forward moving speed, and negative control
quadratic rewards. More details can be found in [21].

We verify that sub-optimal demonstrations are useful to
train dynamic networks. We also compare the performance

of the proposed method with IOCfOD to prove the sample
efficiency of the proposed method.

1) Generation of Sub-Optimal Demonstrations: While the
wide range of sub-optimal policies can be used to gen-
erate sub-optimal demonstrations, we would like to select
more meaningful one which satisfies two conditions: (1)
sub-optimal demonstrations should be distributed near the
catastrophic states and (2) provide the information about
which control leads to a failure of a task.

To generate such sub-optimal demonstrations, we first
sample an episode by controlling an agent using a random
policy and a failed episode can be obtained. In both hopper
and walker2d problems, the failure of a task is defined as
the falling of an agent. Then, the most informative state
is the final state of the failed episode since it is the state
which should be avoided. In this regards, we segment the
last of 5 state action pairs including the final state from
the sampled demonstration. Since we generate sub-optimal
demonstrations near the failed state, we can expect that
using the generated demonstrations effectively provide the
information about the failure case.

2) Learning Dynamic Model: The state, action, and next
state pairs generated by an expert are timely correlated.
In this regards, when we train the dynamic network using
optimal demonstrations, the correlated data lead to a poor
generalization performance of the resulting dynamic model.
However, by mixing optimal and sub-optimal demonstra-
tions, the entire training data become more uncorrelated. To
prove the effect of sub-optimal demonstrations, we prepare
four types of training demonstrations. The first one consists
of only optimal demonstrations and the others contain both
optimal and sub-optimal demonstrations with three different
ratios: 10%, 30%, and 50%. We train a dynamic model with
different numbers of state-action pairs (40, 60, 80, 100, 120).

To investigate the influence of sub-optimal demonstrations
to the generalization performance of a dynamic network,
we prepare 100 optimal state action pairs and 100 sub-
optimal state action pairs as test data of the trained dynamic
networks, which are different from the training demonstra-
tions. The trained network is tested on the task of predicting
the next state. The prediction error is measured by the
{2 distance. The average and standard deviation about the
prediction error with five different random seeds are shown
in Figure 2(a).

As we can expect, the dynamic models trained with sub-
optimal demonstrations generally shows lower prediction
error for sub-optimal data. However, it is also observed that
using sub-optimal demonstrations also helps to predict the
optimal demonstrations. In Figure 2(a), when the number of
data is greater than 60, the prediction error of the dynamic
model trained with sub-optimal demonstrations is generally
lower than that trained with only optimal demonstrations.
This result supports that using both optimal and sub-optimal
demonstrations improve the generalization performance of
the trained dynamic model. Since the proposed method
highly depends on G, (x;), the generalization performance of
G, (x;) influences the average return of the resulting policy.
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3) Inverse Optimal Control: We apply both IOCfDMQ
and IOCfOD to different numbers of mixed demonstrations
with different ratio: 10%, 30%, and 50% and measure the
average returns over 100 consecutive episodes using the
resulting policy. The five simulations are conducted with
different random seeds. The results are shown in Figure
2(b). In both problems, the proposed method outperforms
IOCfOD. IOCfDMQ with 5% sub-optimal demonstrations
show the best performance and the IOCfDMQs with other
ratios are worse than IOCfOD in the hopper problem. In the
walker2d problem, IOCfDMQ generally outperforms I0C-
fOD. The hyperparameters of the both methods are found
by the brute force search. The first reason why IOCfDMQ
shows better performance than IOCfOD is that the dynamic
model trained with the demonstrations with mixed quality
shows better generalization performance. Furthermore, we
believe that this result is mainly caused by the regularization
effect which is already shown in the pendulum problem.
One interesting observation is that IOCfDMQ with 30%
sub-optimal demonstrations shows poor performance than
IOCfOD in both problems. We believe that this performance
drop is caused due to the insufficient number of optimal
demonstrations.

VI. CONCLUSION

We have proposed an inverse optimal control method using
demonstrations with mixed qualities. The proposed method
utilizes the benefits of sub-optimal demonstrations which
give information about what not to do and provides training
data near the states unvisited by optimal demonstrations. In
experiments, the proposed method outperforms the original
IOC algorithm, which uses only optimal demonstrations,
with a smaller number of demonstrations. As a result, we
can conclude that using sub-optimal demonstrations has an
effect of alleviating the overfitting issue and is also beneficial

to the generalization performance of the dynamic network
when a model is not available.
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