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ABSTRACT

Imitation learning aims to learn an optimal policy from expert demonstrations
and its recent combination with deep learning has shown impressive performance.
However, collecting a large number of expert demonstrations for deep learning
is time-consuming and requires much expert effort. In this paper, we propose a
method to improve generative adversarial imitation learning by using additional
information from non-expert demonstrations which are easier to obtain. The key
idea of our method is to perform multiclass classification to learn discriminator
functions where non-expert demonstrations are regarded as being drawn from an
extra class. Experiments in continuous control tasks demonstrate that our method
learns better policies than the generative adversarial imitation learning baseline
when the number of expert demonstrations is small.

1 INTRODUCTION

The goal of sequential decision making problems is to learn an optimal policy that exhibits task-
solving behavior. Reinforcement learning (RL) is a powerful approach to find such a policy by
maximizing rewards computed by a reward function (Puterman| 1994} |Sutton & Barto|1998)). While
RL has achieved great success in solving challenging tasks (Mnih et al., 2015 [Silver et al., |2017),
its performance depends heavily on a good reward function which well captures the concept of task-
solving behavior. Unfortunately, designing such a good reward function is a difficult trial-and-error
process and often time-consuming. This difficulty is one of the major limitations of RL for many
real-world applications.

Imitation learning (IL) (Schaall [1999) is an alternative approach to learn an optimal policy. In
contrast to RL, IL has access to expert demonstrations, which are task-solving trajectories collected
from experts who have mastered the task, and IL finds a policy that generates trajectories similar
to these expert demonstrations. IL has been a long-studied problem and is attracting more attention
recently, particularly in robotics (Duan et al., 2017; |Stadie et al., 2017) and games (Ross et al.,
2011). However, traditional IL methods rely on extensive feature engineering which makes their
applicability quite limited.

Many approaches were proposed to overcome the difficulty of feature engineering in IL. Among
them, the most successful approach is to use deep neural networks to learn representative features
in an end-to-end manner (Wulfmeier et al., 2015} |[Finn et al., [2016a; Ho & Ermon, 2016; [Fu et al.,
2018). In particular, generative adversarial imitation learning (GAIL) (Ho & Ermon, 2016) is a
state-of-the-art method that uses generative adversarial training to perform IL with deep neural net-
works. While the combination of IL and deep learning led to impressive performance improvement,
it has introduced a new limitation regarding sample efficiency as training a deep neural network gen-
erally requires a large amount of data. This is a severe limitation in IL since collecting a large num-
ber of expert demonstrations can be expensive and time-consuming, and requires much expert effort.
Moreover, the generative adversarial training procedure is known to be highly unstable (Mescheder,
et al.,|2018)), and this issue becomes more severe when only a small amount of data is available.

While expert demonstrations may be expensive, non-expert demonstrations collected from non-
experts who have not mastered the task are often much cheaper to obtain. For instance, demon-
strations from amateur-level players in the game of Go are much cheaper to obtain than those from
master-level players. Leveraging additional information from a large number of non-expert demon-
strations to improve IL is the key idea of semi-supervised inverse RL (SSIRL) (Valko et al., 2012)
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and IRL from failure (IRLF) (Shiarlis et al., [2016). Both SSIRL and IRLF have shown to perform
well for low-dimensional problems with proper feature engineering. However, they are extensions
of traditional IL methods and are not capable of efficiently training deep neural networks which are
needed for handling high-dimensional problems. Moreover, both of them rely on rather restrictive
assumptions about data generating processes of non-expert demonstrations which we cannot control
in practice.

In this paper, we propose a novel method to leverage non-expert demonstrations without the afore-
mentioned weaknesses of SSIRL and IRLF. Our method is built upon the generative adversarial
training procedure where we perform multiclass classification to learn discriminator functions with
non-expert demonstrations regarded as being drawn from an extra class. Our method uses both
expert and non-expert demonstrations in the discriminator learning objective, and this leads to a
better feature representation of discriminator functions. We show that the minimax formulation
commonly used in generative adversarial training does not guarantee the optimality of policies for
our method, and we alternatively propose a modified optimization procedure which provides such
a guarantee. We also show that naive extensions of GAIL that mix non-expert demonstrations with
expert demonstrations or agent’s trajectories only learn a mixture policy and does not learn the ex-
pert policy. Experiments on benchmark continuous control tasks show that our method performs
better than GAIL especially when only a small number of expert demonstrations is available.

2 RELATED WORK

IL has been a long-studied problem and there are many approaches to solve this problem, including
behavior cloning (Pomerleau,|1988)), occupancy measure matching (Syed et al.|2008)) and IRL (Rus-
selll [1998; INg & Russell, 2000). Recently, IL methods that use a generative adversarial training
procedure (Goodfellow et al., 2016)) have gained a great deal of interest thanks to its effectiveness
at training deep neural networks (Ho & Ermon, [2016; [Finn et al., 2016a; |[Fu et al., [2018). Despite
such success, deep neural networks are well-known to have poor data efficiency and require a large
amount of data to train. For this reason, these methods may not perform well when only a small
number of expert demonstrations are available.

Semi-supervised learning (SSL) (Chapelle et al.| [2010) improves sample efficiency by utilizing a
large amount of unlabeled data and it has shown promising results in deep learning (Ranzato &
Szummer, 2008; [Weston et al., 2012). While mainly developed for supervised learning, SSL can
be applied to improve some IL methods as well. In particular, semi-supervised IRL (SSIRL) (Valko
et al., [2012) improves the IRL method of |Abbeel & Ng (2004) by using semi-supervised support
vector machines to classify between expert demonstrations and trajectories generated by the agent.
However, this approach is not suitable due to the difference in data generating processes between
SSL and IRL. More specifically, SSL methods generally assume that an unlabeled dataset is a mix-
ture of positive and negative samples. For SSIRL, this implies that an unlabeled demonstration
dataset is a mixture of expert demonstrations and the agent’s trajectories. However, collecting such
an unlabeled dataset is quite difficult in practice since we do not know the agent’s policies before-
hand. This issue has been remedied to some extent by |Audiffren et al.| (2015) where the authors
proposed using a manifold regularization technique which relies on a milder assumption on the
unlabeled dataset. However, manifold regularization requires an appropriate similarity function to
perform well. Moreover, both methods are unsuitable in high-dimensional problems due to its de-
pendence on the linearity of reward functions and good feature engineering.

IRL from failure (IRLF) (Shiarlis et al.,|[2016) also utilizes an additional demonstration dataset which
is assumed to consist of demonstrations collected by non-expert who failed to solve the task. Us-
ing this dataset, the authors proposed an IRL method that encourages the agent to be dissimilar to
non-expert while learning an expert policy. While IRLF is technically sounded, collecting strictly
failure demonstrations can be expensive on tasks such as autonomous driving where failures are
catastrophic. Moreover, this method is still restricted by the linear reward assumption and is not
applicable to train deep neural networks.

Using additional datasets to improve generative adversarial training was explored in the context
of semi-supervised generative modeling (Salimans et al.l 20165 Li et al.| [2017a) and multi-modal
generative modeling (Liu & Tuzel, 2016). However, if we want to apply these methods to our IL
setting, then we are required to generate trajectories to imitate non-experts. This is inefficient since
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generating trajectories requires interactions with environment and we would like to keep the number
of such interactions as small as possible. In contrast, our method only learns the expert policy and
only generate trajectories to imitate the expert.

Our proposal of using an additional dataset as an extra class in multiclass classification resembles the
idea of universum learning (Vapnik, 1998; 2006} Zhang & LeCun,2017). So far, universum learning
has been applied only to supervised learning problems, especially for discriminative learning with
support vector machines. Thus, our contribution may be regarded as the first attempt to apply the
idea of universum learning to IL and also to generative adversarial learning.

3 BACKGROUND

In this section, we provide backgrounds of RL, IL, and GAIL.

3.1 REINFORCEMENT LEARNING (RL)

An RL problem is formulated as a discrete-time Markov decision process (MDP) which is defined
by a tuple M = (S, A,p(s'cls, a),po(s),7(s,a),v), where S < R is the (continuous) state space,
s € S is a state, A < R® is the (continuous) action space, a € A is an action, p(s’[s,a) is
the transition probability density from s to s’ when a is taken, po(s) is the initial state probability
density, r(s,a) is the reward function, and 0 < ~ < 1 is the discount facto In each discrete
time-step ¢t > 0, an agent in a state s; chooses an action a; according to a policy 7(als;), which
is a conditional probability density. Then, the agent transits to a next state s;1 ~ p(s’[s:, a;) and
receives a reward r(s;, a;). We call a sequence of states and actions a trajectory 7. The goal of RL
is to find an optimal policy that maximizes the expected discounted cumulative rewards (also called
return) defined as
[ee]
Eopo(so)m(arlse)i=0,p(s+11s1,a0) 20 [Z ’Vtr(sh at)} =E:[r(s,a)], (1)
t=0
where the expectation is taken over the probability densities for all time steps and we use the notation
E, for brevity. When the policy is a parameterized function with parameter 8, a locally optimal
policy can be found by optimization methods such as policy gradients (Williams| [1992).

We also use an equivalent formulation in terms of occupancy measures (Puterman, [1994; |Alt-
man, {1999; Syed et al., |2008). A state-action occupancy measure defines the expected dis-
counted (unnormalized) visitation density of each state-action pair and is denoted by p.(s,a) =
Epo (s0),m(as]s1)i50,p(St41 56,2 )t20 [ZtT=o vt5(s¢ — s,a; — a)], where § is the Dirac delta functio
An important property of the occupancy measure is that if it satisfies the Bellman flow con-
straints, { pr(s’,a’)da’ = po(s’) + v {{ p(s'[s, @) p= (s, a)dsda, then there is one-to-one correspon-
dence between the occupancy measure and a policy given as w(als) = px(s,a)/px(s), where
p=(s) = {pr(s,a)da is a state occupancy measure. This property allows us to rewrite the RL
objective to be maximized as E [r(s,a)] = ({ p=(s,a)r(s, a)dsda.

The optimal policy of the above MDP is deterministic (Putermanl [1994) and a stochastic policy
should be reduced to a deterministic policy at an optimum. However, a deterministic policy suffers
from an exploration issue. In many tasks, it is beneficial to consider maximum entropy RL (Ziebart
et al.| 2008;2010) whose optimal policy is a stochastic policy maximizing

Eﬂ’ [T(Sa a)] + BH<7T)7 (2)
where 5 > 0 and H(w) = —E, [log7(als)] is a discounted causal entropy (Ziebart et al., [2010).

The advantage of maximum entropy RL is that it encourages exploration and allows the agent to
find a better policy when compared to the standard RL formulation (Haarnoja et al., [ 2017).

3.2 IMITATION LEARNING (IL)

The goal of IL, or apprenticeship learning, is to learn a parameterized policy g, with policy parame-
ter 6, such that g exhibits the same behavior as an expert policy 7. We assume that 7y, is unknown.

!4 = 11is only allowed for finite horizon setting.
?For discrete S and A, § is replaced by the indicator function.
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We instead have access to expert demonstrations D = {(s;,a;)}; which are trajectories gener-
ated by executing the expert policy under an MDP. IL methods can be categorized into interactive
methods and non-interactive methods. Interactive methods such as structured prediction (Ross et al.}
2011) allow the agent to query for expert demonstrations during learning. Despite their strong theo-
retical guarantees and great empirical performances, these methods require the expert to be available
during learning which is not always possible in reality. On the other hand, non-interactive methods,
such as occupancy measure matching (Syed et al., 2008) and IRL (Ng & Russell, 2000; |Abbeel &
Ngl |2004), only require a pre-collected demonstration dataset for learning. In this paper, we focus
on the non-interactive IL setting due to its high practicality.

3.3 GENERATIVE ADVERSARIAL IMITATION LEARNING (GAIL)

GAIL (Ho & Ermon| 2016) is a state-of-the-art non-interactive IL. method that performs occupancy
measure matching to learn the parameterized policy. In occupancy measure matching (Syed et al.,
2008)), the policy parameter is learned to minimize a distance measure ¢ between occupancy mea-
sures of 7 and mg. More formally, occupancy measure matching methods solve an optimization
problem ming £(pry, pxe) — SH (7o), Where H is the causal entropy regularizer with 8 > 0.

The key idea of GAIL is to use generative adversarial training to estimate the distance and to mini-
mize the estimated distance. Briefly speaking, the distance measure is the Jensen-Shannon (JS) di-

vergence defined as JS(pry, pro) = 5 (BKL(prs ||(prs + P )/2) + 8KL (oo [ (P + 6)/2))
where gKL(p|lg) = {§p(s,a)log 5523 dsda — ({p(s,a)dsda + ({q(s,a)dsda is the gener-

alized Kullback-Leibler (gKL) divergence defined for unnormalized densitie (Dikmen et al.|
2015). Since both occupancy measures are unknown, the divergence is approximated via a bi-
nary classification problem: maxg Er,[log Dy (s,a)] + E,[log(1 — Dg(s,a))]. The function
Dy : S x A— (0,1) is called a discriminator and is often parameterized by a deep neural network
as Dy (s, a) = exp(dg(s,a))/(exp(de(s, a)) + 1) where dy is an output of a deep neural network.
It can be shown that if the discriminator has infinite capacity, the global maximum of this binary
classification problem corresponds to the JS divergence up to a constant. Based on this fact, GAIL
minimizes an approximated JS divergence by solving the following minimax optimization problem:

moin max Ex, [log Dy (s,a)] + E,y [log(1 — Dg(s,a))] — BH(me). (3)

In practice, this optimization problem is solved by alternately performing gradient ascent for ¢ and
gradient descent for 8. Notice that the gradient descent step for 8 is equivalent to performing policy
gradient ascent with reward function (s, a) = —log(Dg(s, a)) and a causal entropy.

4 IMITATION LEARNING WITH NON-EXPERT DEMONSTRATIONS

GAIL is an effective method that achieves state-of-the-art performance for high-dimensional IL
problems. However, the generative adversarial training procedure described above is known to be
highly unstable (Mescheder et al.,[2018)). This instability issue becomes more apparent when only a
small amount of data is available. One of the reasons is due to inaccuracy of estimating the diver-
gence via a discriminator learned by using a small number of demonstrations. A classical approach
to improve binary classification is to use an unlabeled dataset in the context of SSL. However, as
discussed previously, SSL is not suitable for IL due to its assumption of unlabeled data.

Note that the discriminator in GAIL is learned using two sets of data samples; expert demonstrations
and trajectories collected by agent. For this reason, even when the number of expert demonstrations
is small, GAIL may still learn well after observing a sufficiently large number of agent’s trajectories.
However, this is not desirable since in practice we often prefer data efficient methods that can learn
well even with a small number of agent’s trajectories.

To improve discriminator learning with a milder assumption on an additional demonstration dataset,
we propose to perform multiclass classification using the additional dataset as a new class. In the
following, we first formally describe our problem setting, and then present our IL method that learns
a multiclass classifier for generative adversarial training.

3 An occupancy measure is not a density since it is not summed to one. Therefore, gKL is used instead.
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4.1 PROBLEM SETTING

We consider an IL problem with an additional non-expert demonstration dataset as follows. We
assume that expert demonstrations Dr = {(s;,a;)}, are trajectories collected by executing
expert policy 7g in an MDP with reward function rg(s,a). We assume that 7 is an optimal
policy, i.e., 7g = argmax, E, [rg(s,a)]. In addition, we also have non-expert demonstrations
Dn = {(sj,aj)}j]\/il collected by executing non-expert policy 7y in the same MDP. The non-
expert is assumed to be sub-optimal and gives worse expected rewards than the expert policy, i.e.,
Ery [rE(s,a)] < Eqp [rE(S, a)]. We assume that Dy is easier to obtain than Dg and thus M » N.
Our goal is to learn parameterized policy 7y that generates trajectories similar to those from 7
using both Dy and Dy.

The main challenge for solving this problem is to efficiently leverage information brought by
non-expert demonstrations to learn the expert policy. Under a very weak assumption that
E.y [rE(s,a)] < Ery [rr(S,a)], the non-expert policy can be totally unrelated to the expert policy
and contains little to none of useful information that can improve learning. In the worst case, the
non-expert policy could just be a random policy that randomly generates trajectories.

Therefore, to make efficient learning possible, we need a stronger but not too restrictive assump-
tion on the non-expert demonstrations. Recall that both expert and non-expert demonstrations are
collected under the same MDP, and this makes it intuitive to assume that state-action pairs of both
the expert and non-expert lie on similar low-dimensional manifolds. To make this statement more
explicit, we assume that there exists a feature map 1) : S x A > R? such that state-action pairs
from the expert and non-expert are linearly separable in this feature space. While this assumption
itself still does not allow us to always escape from the random policy case, it allows us to utilize
reasonably generated non-expert demonstrations to improve representation learning when training
a discriminator. Furthermore, this assumption also naturally implies that the quality of learned fea-
tures is improved as the non-expert policy becomes more related to the expert policy since their
low-dimensional manifolds becomes more similar to each other. This is the opposite to IRLF where
the failure demonstrations should make performance as worse as possible.

4.2 MULTICLASS CLASSIFICATION FOR DISCRIMINATOR LEARNING

Our generative adversarial method alternates between the discriminator learning step and policy
learning step. In the discriminator learning step, our goal is to learn a multiclass probabilistic clas-
sifier that classifies state-action pairs into three classes; the expert class with label y = E, the
non-expert class with label y = N, and the agent class with label y = A. Let the following softmax
models be estimates of the class posterior of the three classes:

Py - SR R) o Aewlagsa) g epliylsa)

Zg(s,a) Zg(s,a) Zg(s,a) @

where Fy(s,a) estimates the expert class posterior p(y=E|s,a), G¢(s,a) estimates the non-
expert class posterior p(y=N|s, a), Hy(s,a) estimates the agent class posterior p(y=A|s, a), and
Zy(s,a) = exp(fep(s,a)) + Aexp(ge(s,a)) + exp(he(s,a)) is the normalization factor. ¢ is the
parameter to be learned and A > 0 is a weight parameter specified by the user to control the influence
of non-expert demonstrations. To learn parameter ¢ for given policy parameter 8, we maximize the
following objective

Lx(h,0) = Erp [log Fp(s,a)] + AE,, [log Ge(s,a)] + Er, [log He(s,a)]. 5)

Notice that the same ) is used for both G (s, a) and £ (¢, 8), and this choice is particularly impor-
tant for our analyses in the following sections. We call the functions fg, g4, and hg discriminators.
For smooth and differentiable discriminators, this objective can be maximized by stochastic gradient
ascent or its adaptive step-size variants. The expectations over g, and 7y are approximated using
mini-batch samples from Dy and Dy, respectively, while the expectation over 7g is approximated
using trajectories { (s, aj)}5_; collected by executing policy 7.

We explicitly assume that the discriminators are represented by deep neural networks with shared
hidden layers and three outputs where each output represents fg, g¢, and hg. This parameterization
allows us to explicitly make use of our assumption of using common feature map . That is, the
shared hidden layers learns a feature map which allows the three classes to be linearly separable, or
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closed to be linearly separable. A large number of non-expert demonstrations allow us to accurately
learn such a feature map which leads to more reliable discriminators and a better classification
accuracy, as experimentally demonstrated in Section [6]

4.3 OCCUPANCY MEASURE MATCHING WITH MULTICLASS CLASSIFIER

Our remaining task is to learn the parametrized policy in the policy learning step. Here, we present
our occupancy measure matching method where a divergence is approximated from discriminators.
First, we show that the discriminator learning objective approximates a JS divergence among three
occupancy measures. This actually also implies that a commonly used minimax formulation is
unsuitable since we do not recover the expert policy even in an infinite capacity setting. To cope
with this problem, we propose a modified objective which allows us to recover the expert policy.

Let pry; (s, ), pry (s, a), and pr, (s, a) be occupancy measures of the expert, non-expert, and agent,
respectively. A JS divergence among the three occupancy measures with corresponding weights

1 A 1 :
(m, Py m) is defined as

JS/\(pﬂ'Evpm\npﬂ’e) = m (gKL(p‘ﬂ'EH(j) + )\gKL(p‘ﬂ'NHQ) + gKL(pweH(j)) ) (6)

where §(s,a) = (pru(8,2) + Apry(8,8) + prp(s,a))/(2 + A) and gKL(pl||@) is the generalized
KL divergence. Note that Eq.(6) may be defined by either KL or gKL since the extra terms in gKL
cancel out. Then, under the assumption that the discriminators have infinite capacity, the optimal
parameter ¢ which maximizes £ (¢, 8) satisfies

L2(¢%,0) = (2+ N)JISA(Pr» Prxs Prg) + l0g (M(Q + A)*(“’\)) . %

The proof is given in Appendix @ This implies that minimizing £ (¢*, ) is equivalent to min-
imizing JSx(prg, Prxs Prp) UP to @ constant. This relation is similar to the one between binary
classification and the JS divergence in GAIL, where a minimax formulation in Eq.(3) is used for
occupancy measure matching.

However, solving the minimax problem, ming maxg £ (¢, 0), is inappropriate in our method
since the JS divergence in Eq.(6) is minimized by pr, = (prg + APay)/(1+A) in-
stead by pr, = pap. This minimizer corresponds to a policy mixture, mg(als) =
(rE(als)prg (8) + Amn(als)pay (8)) / (prg (S) + Apay (s)), which has a positive probability de-
pending on A to select non-expert actions instead of expert actions. Therefore, the above minimax
formulation does not lead to occupancy measure matching in our method.

Here, we propose to perform occupancy measure matching by directly minimizing an approxima-
tion of JS(pry, Pre). We can approximate this divergence based on the fact that with A = 0,
we have JSo(pry, Prxs Prg) = IS(Prgs Prg)- Since minimizing £y (¢*, 0) is equivalent to min-
imizing JSx(prg, Prxs Pre) fOr any A, we can perform occupancy measure matching by solving
ming Lo(¢*,0) with A = 0. In practice, we instead minimize an approximation of the divergence
based on an intermediate solution ¢ since the discriminators do not have infinite capacity and find-
ing a global optimum ¢* is not possible in practice. By ignoring constant terms in ming Lo (¢, 8)
and including a causal entropy regularization with 5 > 0, we obtain the following minimization
problem for learning 6:

exp(hg (s, a)) ]
[log exp(fe(s,a)) + exp(hg(s,a)) FH (o). ®
This minimization problem is equivalent to solving a maximum entropy RL problem with reward
function r(s,a) = —log Hy(s,a). Eq.@) also resembles the minimization problem of GAIL in
Eq.(@). The main difference between them is that we learn discriminator Hg(s,a) by solving a
multiclass classification problem, while GAIL learns discriminator Dg(s, a) by solving a binary
classification problem. Due to this similarity, we name our method multiclass GAIL (M-GAIL).

minE .
0

The algorithmic summary of our method is given in Appendix [C] Our method alternates between
updating ¢ for maximization using an estimated gradient of £y (¢, 8) with A > 0, and updating 0
for minimization using an estimated gradient of E,, [log Hy(s,a)] — 8 (mg). The computation
complexity of our method is similar to GAIL, with a small additional cost of computing gradients
of G4 (s, a) in the discriminator learning step.
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4.4 LEARNING MIXTURE POLICY WITH MULTICLASS CLASSIFIER

As we have shown, we ensure that M-GAIL learns the expert policy and not a mixture policy by
setting A to zero during policy learning. However, learning a mixture policy may be beneficial when
selecting non-expert actions with a small probability is not catastrophic. This is because a mixture
policy can be learned quickly and accurately thanks to a large number of non-expert demonstrations.

To learn a mixture policy in M-GAIL, we may simply minimize £y (¢, @). However, it is unnec-
essary to use the same A to determine the mixing coefficient of a mixture policy. In particular, we
consider mixture M-GAIL (MM-GAIL) which learns a multiclass classifier by maximizing £ (¢, 0)
w.r.t. ¢ and learns a parameterized policy by solving

exp(hg (s, a))
exp(fg(s,a)) +wexp(gy (s, a)) + exp(hg (s, a))

Here, the weight A control the influence of non-expert demonstrations during discriminator learning
while the weight 0 < w < 1 controls that during policy learning. Using different weights allows us
to flexibly control the influence of non-expert demonstrations. For example, by using a large A and
a small w, non-expert demonstrations have high influence during discriminator learning while there
is only a small probability of choosing non-expert actions. Note that MM-GAIL does not exactly
solve IL problem since it does not learn the expert policy. However, it may have better empirical
performance than M-GAIL in tasks where non-expert policy can perform the task moderately well.

— BH(me). )

mein Er, |log

5 DISCUSSION ON BINARY CLASSIFICATION WITH NON-EXPERT DATA

Our key idea in this paper is to perform multiclass classification where non-expert demonstrations
are regarded as belong to an extra class. A natural question that follows is, can we utilize non-
expert demonstrations without considering an extra class? To answer this question, we consider
two extensions of GAIL that perform binary classification where non-expert demonstrations are
regarded as belong to either expert or agent classes. As shown below, these methods utilize non-
expert demonstrations but they do not directly perform IL since they learn a mixture policy.

5.1 NON-EXPERT TRAJECTORIES AS EXPERT TRAJECTORIES

Firstly, we consider an extension of GAIL where we treat non-expert trajectories as expert trajecto-
ries and weight their influence by 0 < A < 1. This can be formalized by an objective function

I/{/\((}S, 0) = ETFE [lOg F¢(S> a)] + )\EWN [1Og F¢,(S, a)] + Eﬂ'e [1Og H¢’(57 a)]
= ETFEJr)\ﬂ'N [log F¢(S> a)] + E‘ﬂ'e [IOg H¢(S, a)] ) (10)

where Fy(s,a) = exp(fp(s,a))/Zs(s,a) and Hy(s,a) = exp(he(s, a))/Zy(s, a) are discrimina-
tors with a normalization factor Zy (s, a) = exp(fe(s,a)) + exp(hg(s, a)). Maximizing U (¢, 0)
w.r.t. ¢ is equivalent to learning a binary classifier that classifies between agent’s trajectories and
a mixture of expert and non-expert trajectories with a mixture coefficient of 1 and A, respectively.
We call a method that solves a minimax problem, ming maxg U (¢, 0), U-GAIL. Notice that, by
using the equivalence between binary classification in GAIL and maximum entropy IRL of |[Fu et al.
(2018)), learning a binary classification here can be regarded as learning a reward function which is
maximized by a mixture of trajectories using maximum entropy IRL.

The auxiliary loss term, AEr [log F4(s,a)], allows U-GAIL to leverage non-expert demonstra-
tions to improve discriminator learning. However, one important issue of U/-GAIL is that it learns a
mixture policy instead of the expert policy. To verify this, notice that the optimal discriminator that
maximizes U (¢, 0) yields a JS divergence: Uy (¢*, 0) = 2JS(pry + Apry, Prg) — log 4, which is
minimized by pr,(S,2) = pry(S,a) + Apay(s,a). As shown previously, this occupancy measure
corresponds to a policy mixture that may select non-expert actions instead of expert actions with a
probability monotonically depends on A. For this reason, solving ming maxg U (¢, 8) leads to a
mixture policy and does not perform IL.

Recall that minimizing £ (¢, 0) also leads to the same issue. In M-GAIL, we avoid learning a mix-
ture policy by setting A to zero during policy learning to directly obtain an estimate of JS(pyry, prg)
from an estimate of JSx(pry, Pry s Prre ). We cannot do this for U-GAIL since the policy learning
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objective does not contain A and we cannot change the influence of non-expert demonstrations after
the discriminator is learned. Instead, to obtain an estimate of JS(pry, P ), it is necessary to find
a maximizer of Uy(¢,d) which implies ignoring non-expert demonstrations during discriminator
learning. While we may gradually anneal the value of A to zero to ensure that /{-GAIL learns the
expert policy in a limit, this may lead to more instability during learning since the optimal discrimi-
nator depends on A and mg which change during learning.

Another issue of U/-GAIL is that, it treats non-expert and expert demonstrations as the same class
which implies that the discriminator learns a feature map such that the two datasets are close to each
other in the feature space. However, the learned feature map would be less informative when expert
and non-expert policies behave too differently and expert and non-expert demonstrations lie far apart
in the state-action space.

5.2 NON-EXPERT TRAJECTORIES AS AGENT’S TRAJECTORIES

Alternatively, we may treat non-expert trajectories as trajectories collected by the agent and weight
them by 0 < A < 1. This approach can be formalized via the following objective function:

Va(¢,0) = Ex, [log Fyp(s,a)] + AExy [log Hy(s,a)] + Ex, [log He(s, a)]
=E,, [log Fg(s,a)] + Exgiany [log He(s,a)], (11)

where Fy(s,a) and Hy(s, a) are defined identically to those in Eq.(I0). Solving a maximization
problem, maxg Vi (¢, ) is equivalent to learning a binary classifier that classifies between expert
trajectories and a mixture of agent’s and non-expert trajectories with a mixture coefficient of 1 and
A, respectively. We call a method that solves the minimax problem, ming maxg Vi (¢, 6), V-GAIL.

Similarly to ¢/-GAIL, this method learns a mixture policy and does not perform IL. Moreover, it
requires an additional constraint to ensure validity of the resulting occupancy measure. To verify
these, notice that the optimal discriminator yields V(¢*,0) = 2JS(pry, Pro + Apry) — log4,
which is minimized by pr,(s,a) = pr,(s,a) — Apry(s,a). Since A > 0, this optimal occupancy
measure may be negative for some A and is not a valid occupancy measure. Thus, V-GAIL requires
an additional constraint to ensure non-negativity of the occupancy measure which is not trivial in
deep RL. However, in our experiments, V-GAIL can learn good policies without such an explicit
constraint. This is likely because non-negativity is implicitly constrained during policy learning by
our choice of a Gaussian parameterized policy. However, a relationship between this non-negativity
constraint for policy and that for occupancy measure is currently unclear.

6 EXPERIMENTS

We evaluate learning performance of M-GAIL against that of GAIL, /-GAIL and V-GAIL on four
continuous control tasks from OpenAl gym (Brockman et al.,|2016) with the PyBullet physics sim-
ulator (Coumans & Bail [2018]). The discriminator and policy are neural networks with the same
architecture used by [Ho & Ermon|(2016). We use Adam (Kingma & Bal [2014) with mini-batch size
64 to optimize the discriminator, and we use TRPO (Schulman et al.| [2016) to optimize the policy
where in each iteration the agent collects K transition samples. For each task, an expert dataset of
size N are collected by executing a pre-trained TRPO expert agent. Then, we collect two non-expert
datasets by executing two policies which achieve approximately 50% and 70% average returns of the
expert agent. The two non-expert datasets consist of M = 100000 transition samples and we denote
them by D% and DY”. We consider A € {0.01,0.1,0.5} for M-GAIL, /-GAIL and V-GAIL.
More details on hyper-parameter settings and dataset collection are provided in Appendix [D}

Small number of samples scenario: Firstly, we demonstrate the usefulness of using non-expert
demonstrations when the number of expert demonstrations and transition sample collected by the
agent are small; N € {100, 300,500} and K = 1000. We also include MM-GAIL which learns a
mixture policy in this evaluation. Figure[I|shows the learning curves for N = 100 where ) is chosen
for each method based on the best overall value across tasksﬂ Learning curves for other values of
A and N are presented in Appendix [E] The result shows that M-GAIL, MM-GAIL and U/-GAIL

“Based on the total return provided in Table we choose A = 0.01 for /-GAIL and V-GAIL and A = 0.5
for M-GAIL. The values A = 0.5 and w = 0.01 for MM-GAIL are chosen based on M-GAIL and /-GAIL.
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Figure 1: The mean and standard error of average return over 5 trials for NV = 100 and K = 1000
with D% (top row) and DI’% (bottom row). The agent collects a total of 10 million samples.
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Figure 2: The mean and standard error of average return over 5 trials for N = 1000 and K = 2000
with D% (top row) and DI’” (bottom row). The agent collects a total of 10 million samples.

learn faster and achieve better final returns than that of GAIL, except on Hopper where GAIL also
performs quite well. The improvement is significantly large on Cheetah and Ant where GAIL only
learns a sub-optimal policy with a relatively large standard error. This instability in GAIL is likely
due to learning from a small number of samples.

The result on Ant also shows that /-GAIL tends to outperform M-GAIL. Our conjecture is that non-
expert policies in Ant can perform the task moderately well and learning a mixture policy greatly
accelerates learning. This is evidenced by good performance of MM-GAIL which also learns a
mixture policy. Learning a mixture policy in U/-GAIL and MM-GAIL becomes an issue on Walker
with D%O%. We found that there is a big difference between expert and non-expert actions in this
task since the expert agent moves forward while the non-expert agent moves backwards slightlyﬂ
By learning a mixture of such different policies (moving forward and backward), both ¢/-GAIL and
MM-GAIL learn much slower and achieve worse final performance when compared to M-GAIL.

On the other hand, there is no clear difference between V-GAIL and GAIL. This is likely because
the expectation for Fg in V-GAIL is still approximated by a small number of expert demonstrations

3 The non-expert agent still obtains a moderate average return of 655 since it receives rewards by not falling.



Under review as a conference paper at ICLR 2019

in Eq.(TI)), and there is also not much benefit in using non-expert demonstrations for Hy since the
total number of agent trajectories increases as learning progresses.

We also consider the total returns, computed as an averaged area under learning curves, as an evalu-
ation metric for comparing the overall performance given the same number of update iteration. The
total return in Table |I|in appendix shows that the overall performance across different values of A
of M-GAIL, MM-GAIL and U/-GAIL are comparable and they significantly outperform GAIL. The
final return in Table[2] computed as average returns over the last 500 iterations, further confirms that
using non-expert demonstrations leads to a better final policy when compared to that of GAIL.

Large number of samples scenario: Next, we consider a scenario with relatively larger numbers
of expert demonstrations and collected transition samples; N € {1000, 10000} and X = 2000.
Figure |2 shows the learning curves for N = 1000 for the same X as the previous scenario. The
result shows that using non-expert demonstrations improve the performance in the early stage of
learning when the agent have not yet collected many samples. However, the improvement is smaller
when compared to the previous scenario as expected since a large number of expert demonstrations
already provide sufficient information to learn an accurate binary classifier in GAIL.

We can also see that //-GAIL performs rather poorly when compared to M-GAIL, especially on
Hopper with D‘?\?%. Our conjecture is that /-GAIL improves learning by biasing a binary classifier
using the non-expert auxiliary loss term. However, when the binary classifier can be learned suf-
ficiently accurately by expert demonstrations alone, the bias introduced would instead degrade the
classifier and not improve it. In contrast, M-GAIL always classifies between the three classes and
does not use bias to improve learning. This result further shows that our multiclass classification
approach is more robust to the choice of non-expert policy when compared to approaches based on
binary classification.

The total return in Table |3| shows that M-GAIL overall performs better across different values of
A and tasks when compared to other methods, except on Ant where {/-GAIL performs the best
overall. However, we can also see in Table[z_f]that differences in the final returns are quite small and
all methods achieve similar final performance. Nonetheless, performance improvement in the early
stage of learning still confirms that non-expert demonstrations improves discriminator learning in
GAIL.

7 CONCLUSION

We presented M-GAIL, a method that improves GAIL by using non-expert demonstration as an extra
class in discriminator learning. Compared to related methods that use an additional dataset for IL,
M-GAIL relies on a less restrictive assumption on the dataset and can efficiently train deep neural
networks. Using an extra class also avoids learning a mixture policy which is an issue of GAIL
extensions that directly include non-expert demonstrations into existing datasets. On the other hand,
when learning a mixture policy is beneficial, our mixture M-GAIL can also learn a mixture policy
with a benefit of more flexibility in choosing a mixture coefficient.

The recent result of [Fu et al.| (2018)) shows that binary classification in GAIL and reward learning
in maximum entropy IRL are equivalent. This suggests that there is such equivalence for multiclass
classification. However, as we show in Appendix [B] this is not the case and our method does not
learn a reward function. Since IRL is also a promising approach to learn an expert policy, developing
a deep IRL method that utilizes non-expert demonstrations is a promising research direction.

Our method can also be extended to use trajectories collected by the agent’s previous policies as an
extra class. This approach allows us to reuse trajectories collected in the previous iterations without
relying on importance weight which has high variance. However, having two changing classes may
greatly destabilize learning and a stabilization method would be required.

We developed M-GAIL based on JS-divergence. However, recent research suggests that other dis-
tances such as Wasserstein distance are more suitable when learning from image data (Arjovsky
et al.| [2017). Extending our method to use such distances is an important future work for apply-
ing our idea to solve image-based tasks such as Atari games (Mnih et al 2015) and autonomous
driving (L1 et al., 2017Db).

10
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A  MAXIMUM OF WEIGHT LOG-LIKELIHOOD OBJECTIVE APPROXIMATES
JENSEN-SHANNON DIVERGENCE

If we assume that the functions Fy, G, and Hy are non-parametric and have infinite capacity, we
can rewrite the multiclass classification objective as

LA(F,G,H) =E,, [log F(s,a)] + AE, [log G(s,a)] + E., [log H(s,a)]. (12)

Recall that E. [r(s,a)] = (§px(s,a)r(s,a)dsda where p, is the occupancy measure of mr. This
objective is a concave function and we can find its global maximizer under constraints F'(s,a) = 0,
G(s,a) = 0, H(s,a) > 0 and F(s,a) + G(s,a) + H(s,a) = 1,VsVa, by using the method of
Lagrange multipliers. The global maximizer corresponds to

s )‘ U 9 * ™ Y

F*(s,a) = M’ G*(s,a) = M7 H*(s,a) = M, (13)
q(s, a) q(s, a) q(s,a)

where g(s,a) = pr(s,a) + Apxy(s,a) + pr,(s,a). Let q(s,a) = qéi’i), by substituting these

quantities back to L, we obtain the maximum objective value as

Ly(F*,G* H*) = E,, [log p;‘zii’s)] + AE [log /\pq”(zi’)a)] +Eq, [10g p”?(s?)]

Prs (s, @) Pry (s, a) Pro (s, )
=E,, |log ————= AE . |log ———= E. |1
. [Og a(s.a) ] o [°g asa) | [ s a)
+ Alog A — (2 + ) log(2 + A). (14)
Notice that the first, second, and third terms look similar to Kullback-Leibler (KL) divergences
which are defined as KL(p1||p2) = {{pi(s,a)logZ 1(5:8) 4sda, for probability densities p; and

p1(s,a)
p2. However, the occupancy measures are unnormalized densities and theoretically we cannot use

KL divergences to rewrite Eq.(T4). For unnormalized densities p(s,a) and g(s, a), we consider a
generalized KL divergence defined as

eKL(p||g) = Jf s, a log 54 dsdaf ff s,a)dsda + JJ s,a)dsda
= KL(p||q) — fjp(s, a)dsda + Jf d(s,a)dsda. (15)

We can show that for Eq.(T4), gKL and KL are equivalent since the extra terms cancel out:

8KL(prs|17) +AKL(pry |17) + gKL(pro7)
= KL(pr|7) + AKL(pry ||q) + KL(prp 1@

)

- JJ- (P (8,8) + Apry (S,8) + prp (s,a)) dsda + (2 + N) ff d(s,a)dsda
7)
)

= KL(prp|@) + AKL(pry[12) + KL(prollq

— Jf (prg(S,8) + Apry(S,a) + prp(s,a)) dsda + ff q(s,a)dsda
= KL(pri|17) + AKL(pry||7) + KL(pro||7)- (16)

Then, the optimal value in Eq.(I4) can be rewritten in terms of gKL divergences as

LA(F", G", H”) = gKL(prp||0) + AgKL(pax[17) + gKL(pro [17)
+ Alog A — (24 M) log(2 + N) (17)

Next, we consider a JS divergence among p,;, pry and pr, with corresponding weights 1/(2 + ),
A/(2+ A),and 1/(2 + X\), which can be defined based on (generalized) KL divergence as

1
7 (8KL(prell) + AgKL(pry|10) + gKL(pm D). (18)
Note that we use the fact that the sum of gKL and the sum of KL are equivalent to define the
JS divergence. Alternatively, we may use a definition of JS in terms of a Shannon entropy,

JS/\(pﬂ'Ev Prns pﬂ'e)

14
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ISA (P s Pra) = — 75 (H(prg) + AH (pry)) + H(prg)) + H (35 (9 + Aprs + prg) )
where H(p) = — {§ p=(s,a)log pr (s, a)dsda, to obtain the same definition of JS divergence.

By comparing Eq.(I7) and Eq.(T8)), we have that the maximum value of £ corresponds to JS with
a positive scaling and a constant shift:

LA(F*, G H") = (24 NSy (prs s prg) + l0g (N2 X)) (19)

Notice that JSx(pry, Prx > Pre ) 1S @ convex function of pr, . By setting its derivative to zero, we have

.. . . g AP
that the minimum of JSx (pry, Prx» Pre ) 18 Obtained when pr, = %. Then, the correspond-

ing mixture policy can be obtained by using the one-to-one correspondence between occupancy

measure and policy given as w(als) = pl")(i?’:)l).

B RELATION TO MAXIMUM ENTROPY INVERSE REINFORCEMENT
LEARNING

Recently, [Finn et al.| (2016a) and [Fu et al.| (2018) showed an interesting result that an objective for
solving a binary classification problem in generative adversarial training is related to a maximum
entropy IRL objective (Ziebart et al., 2008; [2010). Here, we show that multiclass classification
objective only approximates a maximum entropy IRL objective with two reward functions.

Let us consider the goal of learning the expert reward function rg(s, a) and the non-expert reward
function rn(s,a) by parameterized functions fy(s,a), and g4 (s, a), respectively. rn(s,a) is a
reward function whose 7y is optimaﬂ The parameter ¢ of the two reward functions may be learned
independently using maximum entropy IRL. However, we are interested in jointly learn both reward
functions by maximizing the following objective:

M(P) = Epy(r) [log ps ()] + AEpy (+) [log py (T)] - (20

The first and second terms are the maximum entropy IRL objectives for learning the ex-
pert reward and the non-expert reward, respectively. The weight parameter A > 0 con-
trols the influence of the second objective. The trajectory density py(7) is defined as
pr(T) o€ po(so) HtT=0p(st+1|st, a;) exp(fp(si,a;)) and p,y(7) is also defined similarly. The fol-
lowing proposition shows that £ (¢, 6) is a surrogate of M (¢p).

Proposition 1. Under the assumption that h(s,a) = mg(als) for fixed 0, the gradient of L (¢, 0)
is a biased gradient of M (¢). The bias vanishes when X = 0 and mg is an optimal maximum
entropy policy for reward function fy(s, a).

This proposition indicates that local maxima of M (¢) are approximated by local maxima of
L (¢, 0), and that approximation errors decrease as A decreases to zero. Due to approximation
errors, our method does not perform IRL and does not learn the true reward functions. However,
it still suggests that we may still use fy(s,a) and g4(s,a) as approximations of the reward func-
tions which could be useful in the IRLF framework of |Shiarlis et al.| (2016) when the non-expert
demonstrations are clearly failure demonstrations.

The proof of Proposition 1 is an extension of the proof by [Fu et al.| (2018)) for their adversarial IRL
(AIRL) method, but with additional terms from non-expert demonstrations in our case. That is, we
show that the gradient of a maximum entropy IRL objective proposed by |[Finn et al.[ (2016b) with
specific importance weights only differs from the gradient of the discriminator learning objective in
the importance weights. Similar to the case of AIRL, we only consider the case of non-discounted,

SThe optimal reward function always exists since for any trajectory there is at least one reward function that
makes the trajectory optimal (Ng & Russell, 2000).

15



Under review as a conference paper at ICLR 2019

finite horizon MDP. The gradient of this objective w.r.t. ¢ is
T

T
V¢M/\(¢) =Epp(r 2 V¢f¢(st,at)] -V logfpo (so 1_[ (stv1lse, ar) eXP(f¢>(St,at))dT

T
*/\Vd,logfpo S0 H (st+1]8t,ar) exp(ge(se, ar))dr

T
+ /\EPN(T [Z V¢,g¢ St, at

T

T
Z ofo(st,as 1 —Epm [Z V¢f¢(st7at)]

t=0

+ )‘EPN(T) [Z V¢g¢ st,at)] — )\E o (T) 2 V¢g¢ st,at)l . 21

t=0

Let pk(s,a) = {pg(7)dTy . be a state-action marginal density at time ¢ obtained by marginaliz-
ing pg(7) over states and actions at all time-step except at t. The state-action marginal densities
Pi(s,a), p(s,a), and pi (s, a) are defined similarly. We can rewrite the expectations over trajecto-
ries as a sum of expectations over state-action marginals as follows:

VeMa(p) = i {Ep]f:(s,a) [V¢f¢(5»a)] —Ep(s.0) [V¢f¢(s7a)]

=0
+ )\Ep;(s,a) [V¢g¢(s, a)] — A]Ep;(s,a) [V¢g¢(s, a)] } (22)
Let uh(s,a) = ph(s,a) + Mpk(s,a) + ph(s,a) be a (unnormalized) sampling dis-

tribution where pf(s,a) is a state-action marginal of a trajectory density pg(7T) =

po(so) H?:o p(st+1st,ar)me(as|sy). By rearranging terms and using importance weights for the
expectations over ps(s, a) and p! (s, a), we can rewrite the gradient as

VeMi(¢) = i {Epg (s.2) [V¢f¢>(s a)] + AEpt (s,0) [V¢g¢(sva)]

t=

- IE,Ufte (S,a) [

O

Py (s,a)
ea )V¢g¢(s a)]} (23)

Next, we show that V4L (¢, 0) has the same form as VM (¢) but with incorrect importance
weights. First, we rewrite £ (¢, 0) using the state-action marginal densities as

Lx(¢,0) = Ery [log Fp(s,a)] + AEr, [logGg(s,a)] + E,, [log He(s,a)]

T T T
=Epp(r) lZ log F(s¢, at)l + AE, () lz log G¢,(st,at)] + Ep(r) [Z log H¢,(st,at)]

t=0

pf (s,a)
1ig(s, a)

Vo o(s,a) + A

T
-2 {Epg o) 108 (5. 2)] + ABy o o) [108 Gip(5,2)] + By [log Hos(5,2)] |,
) (24)

where in the second line we use the definition of the expected return for non-discounted finite-
horizon case. Replacing Fg, G, and Hg by their parameterization in Eq.(@) with h(s,a) =
log g (als) gives

T

EA((ba 0) = Z {E L(s,a) [f¢(S a)] + AEp};I(s,a) [g¢(sva) + log /\] + ]Epfg(s,a) [10g 7r9(a|s)]
t=0

- Epf;:(s,a)-&-)\pf\r(s,a)-ﬁ-pg(s,a) [IOg (exp(f¢(s, a)) + )\exp(g¢(s, a)) + 7r9(a|s))] }
T

= {Epfa(s,a) [f¢'(sa a)] + /\E L (s,a) [g¢,(s a) + log /\] + IEp},(s,a) [1Og 7T9(a|S)]
t=

0
— By (s.a) [log (exp(fo(s; a)) + Aexp(gg (s, a)) + mo(als))] } (25)
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where we use log(A exp(ge (s, a))) = g (s, a) + log A in the first equality and use (s, a) defined
above in the second equality. Then, the gradient of £ (¢, 0) w.r.t. ¢ is given by

T
Volr(9,0) = Y {Epp s [Vola(s.a)] + AEyy o [Voa(s. a)]

t=0

~ By a0 [V 108 (exD(f(5, 2)) + Aexp(gg(s, a)) + mo(als))] }

Z { L (s,a) V¢f¢(s a)] + )‘E L (s,a) [V¢g¢(s a)]

t=

o

~ Bupem [eXngé(S;? Dy fols.a) + AeXpZ(ij(S;; D9 g0, a)] } (26)
where Zg(s,a) = exp(fp(s,a)) + Aexp(gq(s, a)) + mo(als). Let ph(s) = {ph(s, a)da be a state

marginal of the policy trajectory density. By multiplying both the nommators and denomlnators of
the third and fourth terms by pj)(s), we obtain

T
Vo La(9,0 Z { pL (s,a) V¢f¢,(s a)] + )‘EPK(S,a) [V¢g¢(s,a)]

t=0

&, Pp(s) exp(fo(s; a)) o a) 1 2 Po(s) exp(ge(s, a)) < a
E;Lé(s,a) [ pé(S)Z¢(S7a) V¢f¢( ) ) + A ptO(S)Z,i;(S,a) V¢g¢( 7(2)7])};

By comparing Eq.(23) and Eq.(27), we can see that V4L (¢, 0) and VM (@) have the same
form and they only differs in the importance weights in the third and fourth terms. The importance
weights used in V4 M (¢) are correct and performing gradient ascent with V4 M (¢) leads to
a local maxima of M (¢) (assuming exact computation of the expectations). On the other hand,
the importance weights used in V4L (¢, 0) lead to bias in terms of the objective M (¢), and
performing gradient ascent with V4L (¢, @) does not lead to a local maxima of M (¢). Thus, the
global maximizer of L (¢, ) does not recover the true reward functions regardless of 6.

The bias can be corrected only when A = 0 and 7y is the optimal maximum entropy policy of a
reward fe(s,a). This is because when A = 0, M(¢) is the maximum entropy IRL objective for
learning the expert reward function and L (¢, 8) us the binary classification objective of GAIL and
AIRL. As shown by [Fu et al|(2018)), the gradients of these two objectives are equivalent under the
assumption that 7y is the optimal maximum entropy policy for reward (s, a) = f4(s, a).

We emphasize that for our case it is insufficient to only assume that mg is the optimal maximum
entropy policy without assuming that A = 0. This is because to make the nominators equal, we
need that the two equalities, pj(s) exp(fe(s,a)) = pl(s,a) and pp(s) exp(ge(s,a)) = py(s,a),
hold. The former holds when g is (maximum entropy) optimal for a reward f4(s,a), while the
latter holds when mg is (maximum entropy) optimal for a reward g¢(s, a). Both cannot hold at the
same time unless f4 (s, a) = age(s, a) with a positive scaling «, which implies non-expert is expert
himself. Moreover, to have that the partition functions are equivalent, p}(s)Zy(s,a) = puh(s, a),
we also need the policy 7y to be optimal for a reward mixture. These contradictions imply that the
two gradients can be made identical only when A = 0.
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C PSEUDOCODE

Algorithm 1 Multiclass Generative Adversarial Imitation Learning (M-GAIL)

1: Input: Demonstration datasets Dy, and Dy, initial parameters 6 and ¢, weight parameter \.
2: while not converge do
3: Collect trajectory samples {(sy, ax)} ; using 7g(als).
Sample mini-batches data from Dg, and Dy.
Update ¢ to maximize £ (¢, 6) in Eq.(3), by e.g., Adam (Kingma & Bal [2014).
Update 6 to solve the RL problem in Eq.(8), by e.g., TRPO (Schulman et al.,[2015).
end while
: Output: Parameterized policy 7g.

AN A

D IMPLEMENTATION DETAILS

We implemented all methods with PyTorch deep learning framework (Paszke et al.|[2017)) (Our code
will be publicly available.). All methods use a common setting as follows. The discriminator and
policy are represented by neural networks with two hidden layers and 100 hyperbolic tangent units
in each layer, as proposed by the original GAIL paper (Ho & Ermon, 2016). We use a Gaussian
policy with state-independent and diagonal covariance for all tasks. The network parameters are
initialized randomly. The discriminator is optimized by Adam (Kingma & Bal |2014) with step-size
3 x 1074, 31 = 0.9, and B = 0.999. In each update iteration, we sample mini-batch of size 64
from Dg and Dy to update the discriminator.

We tried to make the implementation of GAIL, U/-GAIL, V-GAIL, and M-GAIL as close as possible.
In particular, we let fy(s,a) = 0 be a constant function in ¢/-GAIL, V-GAIL, and M-GAIL (This
makes exp(fe(s,a)) = 1). That is, the discriminator networks give two outputs; g, and hg. This
choice is valid since using three estimators to estimate three class posteriors is over-parameterize
and we only need two estimators to compute an estimate of the third class posterior. With this
implementation choice, U/-GAIL, V-GAIL, M-GAIL with A = 0 are exactly the same as GAIL
where hg is the same as dg in GAIL.

The policy is optimized by trust-region policy optimization (TRPO) with generalized advantage
estimation (GAE) (Schulman et al.,|2016) with KL bound ¢ = 0.01 and damping coefficient for the
Fisher information matrix 0.1. We do not add causal entropy and set 5 = 0 for all methods. For
GAE, we use the above network architecture to learn the value function with v = 0.995 and A\gag =
0.97. In each update iteration, we use Adam, with step-size 3 x 1074, 8; = 0.9, B> = 0.999, and /5
regularizer of 1073, to update the value function network for 3 epochs with minibatch size 128. The
GAE value is standardized to have zero mean and unit variance for TRPO update. In each update
iteration, we collect transition samples of size K using the current policy. This hyper-parameter
setting is chosen for TRPO since it works well for learning the expert policy, as described below.

We consider four tasks; Half-Cheetah, Hopper, Walker2D, and Ant, simulated by PyBullet physics
simulator (Coumans & Bail 2018). (At the time of submission, OpenAl gym with Pybullet physics
does not have the Swimmer task, and we could not successfully train a Humanoid expert agent.
The two inverted-pendulum tasks are too simple with all methods perform equally well.) For these
tasks, a trajectory (episode) consists of 1000 transition samples. To train the expert policy, we use
TRPO with GAE with the above setting with &K' = 2000, except for Walker2D where we require
an entropy regularizer of 5 = 0.0001 to learn a walking policy. Without this regularizer, the agent
simply stands still to receive a reward of 1 in each time-step. The same issue does not happen when
we train the IL agents and we do not use the entropy regularizer for IL. For each task, we train a
TRPO agent for 5 trials with different random seeds and choose the best policy among 5 trials that
gives the highest return at the 10000-th iteration as expert. The return of the chosen TRPO agent, as
well as the returns at approximately 50% and 70% of the expert’s return are shown in Figure 3] We
can clearly see that non-expert policies can be learned using much less samples when compared to
the expert policy.

After obtaining the expert and non-expert policies, we use the learned Gaussian policies to collect
demonstration trajectories with exploration noise. The same datasets are used in all 5 trials of IL.
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Figure 3: The return in each update iteration of TRPO expert agent. The return is computed using
Gaussian policy with exploration noise. “Random” is the initial random policy. “Iter.” denotes the
update iteration to achieve the corresponding return values.

To sample expert demonstrations of size N € {100, 300,500}, which is smaller than a trajectory
length, we use sub-trajectory sampling procedure as described by [Ho & Ermon| (2016). That is, we
sample 2, 6, 10 sub-trajectories of length 50 to obtain expert demonstrations of size 100, 300, 500,
respectively. For expert demonstrations of size N € {1000, 10000}, we sample 1 and 10 full-length
trajectories.

E MORE EXPERIMENTAL RESULTS

We train IL agents for 5 trials with different random seeds. All trials use the same datasets collected
by the TRPO agent as explained previously. We evaluate the learned policies by generating 10 test
trajectories using the learned policies to select actions without exploration noise. Then, we compute
the averaged return over 10 trajectories using the true reward function without discount factor, and
this gives us a learning curve for each trial.

Figures [4] to [7] show the results on each task for N € {100, 300,500} and different values of A,
and Figures [§] to |11| show those for N e {1000, 10000}. Tables 1| and [2| report the total return
and final return, respectively, for N € {100,300, 500}, and Tables [3| and [4] report those for N €
{1000, 10000}. Based on Table [1, we choose the best overall value of \ as follows; A = 0.5 for
M-GAIL, A = 0.01 for /-GAIL, and A = 0.01 for V-GAIL. We did not try different value of A and
w for MM-GAIL. Instead, we use A = 0.5 and w = 0.01 since A = 0.5 works well for multiclass
classification in M-GAIL and the mixture coefficient of 0.01 works well in ¢/-GAIL.
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(c) Results on Half-Cheetah for N = 500 with Df’\,()% (top row) and DKIO% (bottom row).

Figure 4: Results on Half-Cheetah for N € {100, 300, 500} and K = 1000 on A € {0.01,0.1,0.5}.
The right-most column shows the results of Z/-GAIL for A = 0.01, V-GAIL for A = 0.01, M-GAIL
for A = 0.5, and MM-GAIL for A = 0.5 and w = 0.01.
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(c) Results on Ant for N = 500 with D?IO% (top row) and DIZIO% (bottom row).

Figure 5: Results on Ant for N € {100,300,500} and K = 1000 on A € {0.01,0.1,0.5}. The
right-most column shows the results of ¢/-GAIL for A = 0.01, V-GAIL for A = 0.01, M-GAIL for
A = 0.5, and MM-GAIL for A = 0.5 and w = 0.01.

21



Under review as a conference paper at ICLR 2019

§ 100 § oo § 100
075 —— U-GAIL (A=0.01) 075 —— V-GAIL (; .01) 075 —— M-GAIL (A=0.01) 075 U-GAIL  —— MM-GAIL
2,00 2.00 2.00 2,00
175 175 175 175
S15 £150 £15 E150
075 —— U-GAIL (A=0.01) 075 075 —— M-GAIL (A=0.01) 075 © U-GAIL  —— MM-GAIL
030 —= UGAIL(1=0.50) 025 025 —= MGAIL (1=0.50) 025 — meAL
_ . 50% d D70% b
(a) Results on Hopper for N = 100 with Dy (top row) and Dy ottom row).
200 200 200
£1s0 S0 S1s0
glzs g:zs ;‘125
groo ™ 100
U-GAIL (1=0.10) 050 V-GAIL (1=0.10) 050 ) 050 --- GAL
1o o 1o g1
100 100 100 100
E E E E
075 —— U-GAIL (A=0.01) 075 —— V-GAIL (; .01) 075 —— M-GAIL (A=0.01) 075 © U-GAIL  —— MM-GAIL
_ . 50% d D70% b
(b) Results on Hopper for N = 300 with DY’ (top row) and Dy ottom row).
175 175 175 175
G125 “iz: 8125 125
§ 100 § § § 100
H Zoms g0 H
050 U-GAIL (A=0.10) 0o 050 === GAIL
== U-GAIL (A=0.50) 025 050 == M-GAIL (A=0.50)
0 2000 4000 6000 8000 10000 0 2000 400( 6000 8000 10000 0 2000 4000 6000 8000 10000 o 0 2000 4000 6000 8000 10000
g0 S0
F g125
§ 1.00 T 100
050 UGAIL (1=0.10) 050 ™ M-GAIL (1=0.10) 050 VGAL === GAIL

(c) Results on Hopper for N = 500 with DIE(]O% (top row) and DKIO% (bottom row).

Figure 6: Results on Hopper for N € {100, 300,500} and K = 1000 on A € {0.01,0.1,0.5}. The
right-most column shows the results of /{-GAIL for A = 0.01, V-GAIL for A = 0.01, M-GAIL for
A = 0.5, and MM-GAIL for A = 0.5 and w = 0.01.
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Figure 7: Results on Walker for N e {100, 300, 500} and K = 1000 on A € {0.01,0.1,0.5}. The
right-most column shows the results of ¢/-GAIL for A = 0.01, V-GAIL for A = 0.01, M-GAIL for
A = 0.5, and MM-GAIL for A = 0.5 and w = 0.01.
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(b) Results on Half-Cheetah for N = 10000 with D%O% (top row) and DKIO% (bottom row).
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Figure 8: Results on Half-Cheetah for N € {1000, 10000} and K = 2000 on A € {0.01,0.1,0.5}.
The right-most column shows the results of ¢/-GAIL for A = 0.01, V-GAIL for A = 0.01, M-GAIL
for A = 0.5, and MM-GAIL for A = 0.5 and w = 0.01.
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(b) Results on Ant for N = 10000 with DI‘ZO% (top row) and DIZIO% (bottom row).

Figure 9: Results on Ant for N € {1000,10000} and K = 2000 on A € {0.01,0.1,0.5}. The
right-most column shows the results of /-GAIL for A = 0.01, V-GAIL for A = 0.01, M-GAIL for

A = 0.5, and MM-GAIL for A = 0.5 and w = 0.01.
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(b) Results on Hopper for N = 10000 with DI‘?IO% (top row) and DIZIO% (bottom row).

Figure 10: Results on Hopper for N € {1000, 10000} and K = 2000 on A € {0.01,0.1,0.5}. The
right-most column shows the results of ¢/-GAIL for A = 0.01, V-GAIL for A = 0.01, M-GAIL for
A = 0.5, and MM-GAIL for A = 0.5 and w = 0.01.
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(b) Results on Walker for N = 10000 with Dgo% (top row) and DIZ,O% (bottom row).
Figure 11: Results on Walker for N € {1000, 10000} and K = 2000 on A € {0.01,0.1,0.5}. The

right-most column shows the results of ./-GAIL for A = 0.01, V-GAIL for A = 0.01, M-GAIL for
A = 0.5, and MM-GAIL for A = 0.5 and w = 0.01.
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