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Abstract— Robust reinforcement learning (RL) aims to learn
a policy that can withstand uncertainties in model parameters,
which often arise in practical RL applications due to modeling
errors in simulators, variations in real-world system dynamics,
and adversarial disturbances. This paper introduces the robust
imitation learning (IL) problem in a Markov decision process
(MDP) framework where an agent learns to mimic an expert
demonstrator that can withstand uncertainties in model param-
eters without additional online environment interactions. The
agent is only provided with a dataset of state-action pairs from
the expert on a single (nominal) dynamics, without any informa-
tion about the true rewards from the environment. Behavioral
cloning (BC), a supervised learning method, is a powerful
algorithm to address the vanilla IL problem. We propose an
algorithm for the robust IL problem that utilizes distributionally
robust optimization (DRO) with BC. We call the algorithm
DR-BC and show its robust performance against parameter
uncertainties both in theory and in practice. We also demonstrate
the empirical performance of our approach to addressing model
perturbations on several MuJoCo continuous control tasks.

Index Terms— Imitation Learning, Reinforcement Learning,
Robust Reinforcement Learning

I. INTRODUCTION

A child, a dog, or even a reptile is capable of learning
through imitation [1]. Such intuitive way of learning naturally
extends from animal’s survival instincts to solving potentially
complicated control tasks. Hence, it serves as the primary
philosophy underlying most, if not all, methods in Imitation
Learning (IL), a very fundamental reinforcement learning
(RL) setting in which the goal is to learn a control policy
exclusively from expert demonstrations. However simple
and fundamental the idea of imitation learning may sound,
variations in the training (simulators) and testing (real-world)
environments can result in significant failures of current RL
and IL control policies [2]-[5].

Imitation Learning: Learning through imitation can be
traced back to as early as [6]. Imitation learning assumes
access to only expert demonstrations. This has given rise to
the most natural approach, behavior cloning [7], which is a
supervised learning method and learns by simply minimizing
differences between the actions of the learners and those
of the experts for the states seen by the expert. [8] studied
behavior cloning and characterized a tight bound on its sub-
optimality gap of order O(¢H?), where H is the horizon
and ¢ is the learning and statistical errors of the algorithm.
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Most of works in imitation learning then try to improve this
bound with additional assumptions. [9] proposed DAGGER
which required hindsight expert actions for the states visited
by the learner. They showed that the above bound on the
sub-optimality gap can be improved to O(suH), where u
is the cost of taking a different action than the expert’s at
one step and following the expert’s suggestions afterward,
by querying the expert and interacting with the environment.
In worse cases, u can be as large as H. Another approach,
DRIL [10], needs environment interactions but no expert
query, and achieves a sub-optimality gap bound that is linear
in H. GAIL [11] uses a discriminator network to distinguish
between the expert’s states from those visited by the learner’s
policy while interacting with the environment. GAIL also
achieves a sub-optimality gap bound that is linear in H [12].
In [13], the authors provide a game-theoretic framework for
the IL problem that naturally competes with noisy expert
policies. Different from these works, we focus on setting up
an IL problem to address the parameter mismatch between
the training and testing environments, and provide a practical
algorithm to solve it.

Robust RL: The framework of the robust Markov decision
process (RMDP) [14], [15] addresses the problem of learning
a policy that is robust against mismatches between the training
and testing environments. This is the goal of distributionally
robust reinforcement learning (DR-RL). Robust RL has appli-
cation in many real-world evolving systems in which there is
always a gap between the true model and the simulator. De-
ploying naive RL policies [16] can be catastrophic when this
gap is large. The RMDP problem is well-studied. [17]-[21]
have investigated various types of uncertainty sets and sought
tractable methods to solve RMDP. [22]-[24] have studied the
sample complexity of model-based robust RL algorithms in
a tabular setting using a generative model, which is a strong
oracle enabling learners to query arbitrary transitions. [25]
developed a model-free online robust RL algorithm with linear
function approximation to tackle potentially infinite state
spaces and [26] similarly developed a model-free offfine robust
RL algorithm with general function approximation. [27]
proposed an online robust Q-learning with an R-contamination
uncertainty set. We would like to note that robust RL has
a strong connection to distributionally robust optimization
(DRO). Many of the optimization techniques and analyses
in robust RL were originally developed in the context of
supervised learning by the DRO community [28]-[33]. This
line of work is closest to ours, but as per our knowledge,
ours is the first work to focus on addressing the parameter
mismatch between the training and testing environments using
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DRO techniques in the context of imitation learning setting.

Main Contributions: We summarize our contributions in
this paper as follows and refer to the relevant sections: (i)
We introduce the problem of robust imitation learning for
mismatch in model parameters. In this work, we consider mis-
match in system transition dynamics. Robust learning in RL is
studied widely but not in IL. Critical real-world applications,
such as power systems, healthcare, self-driving automobiles,
have guidance from expert across diverse scenarios [34]-[36].
(ii) We propose a novel robust IL algorithm, called Distri-
butionally Robust Behavioral Cloning (DR-BC). We provide
theoretical guarantees for DR-BC. The BC method is com-
putationally efficient which makes any other non-robust IL
algorithm falls short on, and the DRO methodology addresses
the model mismatch. Our proposed method cleverly bridges
these two methods to solve the robust IL problem. We discuss
this further in Section II. (iii) We perform extensive simula-
tions on four notable continuous-action OpenAl [37] Gym
MulJoCo [38] environments. We demonstrate that the DR-
BC policy is robust against model perturbations in that when
BC has catastrophic drop in performance, DR-BC weathers
model mismatches for much more sever model perturbations.

II. ROBUST IMITATION LEARNING

In this section, we formally introduce our imitation learning
problem that addresses parameter mismatch between the true
and simulated models (transition dynamics).

A. Problem Formulation

The goal of IL in sequential decision-making is to imitate
an expert’s policy by only using demonstrations generated
by its interactions with the environment [10], [39]. More
formally, consider an infinite-horizon MDP, denoted by the
tuple {S, A, P°,~,r, i}, where S and A are the finite state
and action spaces, P° : § x A — A(S) is the transition
dynamics (model) of the environment, v is a discount factor,
w is the initial state distribution, and r : S x A — [0, 1] is the
true reward function (unknown to the learner). A stochastic
policy m : § — A(A) maps states to distributions over
actions. For any policy 7, the value function of an initial
state s ~ p is given by Vi (so) = E[>_ ;207 r(se, ar)|ar ~
7(-[s¢), 5001 ~ P2 ,,]. We just denote Vi = E, v, Vr(s0)
going forward for notation simplicity.

For any policy 7, denote d., € A(S) as the state distri-
bution of 7 under the evaluation of model P° with initial
state picked from p. In this section, we simply denote such
state-distributions as d™ and make explicit dependence on
P° where brevity is needed. Formally, let Pry(s|m,sq ~
1) be the probability of visiting state s € S at time ¢
following policy m on model P° starting at initial state
so ~ p. Then, the state distribution of 7 is d™(s) = (1 —
V) > ooV Pri(s|m, so ~ p, P°). We can now rewrite the
value of m as Vi = Esugr gr[r(s,a)]/(1 — 7).

In the vanilla IL setting, the true reward function r is
unknown to the learner. We instead have the dataset generated
by rolling an expert policy (which is unknown to the learner)
specified by 7, : S — A(A). Concisely speaking, we have

an expert dataset in the form of i.i.d. tuples D, = {s;, a;} ¥
sampled from state distribution d7, and an expert policy 7.

We use the RMDP framework [14], [15] subsuming the
MDP framework described above. Consider an RMDP tuple

{8, A,P,~,r,u} where v € [0.5,1) and the uncertainty set

P = ®(s,a)esxa Ps,a  With

,P&a = {PS,G € A(S) : Ps7a < Pso,avD(PS,aﬂ s,a) S p;}v (1)
where P° = (P?

0. (s,a) € S x A) is the simulator model,
D(,-)isa distance measure between two probability distri-
butions (e.g., total variation, chi-square, Kullback-Liebler (f-
divergences in general), Wasserstein), and p,. € (0, (1—+)/~]
is the radius of the uncertainty set indicating the level of
robustness. We assume the real-world model belongs to this
uncertainty set . We restrict to the total-variation distance
D~y for the measure D in this paper and leave other types
of measures for future work.

From the RMDP literature [14], [24], [26], [40],
we introduce the robust value function as VI°P(s) =
>, m(als)@QP(s,a) and the corresponding robust Q-value
function as Q%" (s, a) = r(s,a)+vyinfp, ,ep, , P, VrP for
policy 7. Similar to [8], we let . € II, where II is the class of
stochastic policies, be a good robust policy (under the above
RMDP setting). That is, it satisfies max e V;Ob — V,ffb <
o(H) (something small compared to time horizon). For no-
tation simplicity, as in [8], [39], we just let V°P > VzIob
hold for all m € II. Now, we pose the robust IL problem
as follows. The goal of a robust IL algorithm is to output
a policy 7 that imitates the expert policy 7. by satisfying
VT{Ob ~ V;fjb. We have provided real-world applications that
motivate this problem formulation in Section I.

PO

B. Need for Robust Imitation Learning

In this section, we formally show that the vanilla behavioral
cloning policy Equation (2) can be arbitrarily bad (as bad as
a random policy) compared to an expert policy (good robust
policy). Consider the following vanilla behavioral cloning [8]
optimization problem.

The = arg min Ly (7m) = Egogre [[(me (- | 8),7(- | 8))]. (2)

We assume access to sampling possibly infinite data from the
state distribution d™ to calculate the loss Ly (mh.) up to some
small error. We consider a simple setting with P = {P°, P’}
where P° is the simulator model and P’ is the perturbed
model. Following a similar analysis in [41, Theorem 4] we
state the following result.

Theorem 1 (Robustness Gap). There exists an uncertainty
set P = {P°, P'}, initial state sg € S, expert policy e such
that maxycr VP (so) — VEP(so) < € for small € > 0, and
discount factor v € (7,, 1] such that VEeP(s9) < VEP(sg) —
¢/(1 — ), where c is a positive constant.

Remark 1. The vanilla behavioral cloning policy 7. com-
pared to expert policy (good robust policy) is bad with a
performance gap Q(1/(1—+)). Since |r(s,a)| < 1 uniformly
by assumption, ||[V*°P||,, < 1/(1 — ) for any policy =.
Therefore, the difference between the optimal/expert robust
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value function and the robust value function of an arbitrary
policy cannot be greater than O(1/(1 — v)). Thus the per-
formance of 7, can be as bad as an arbitrary policy in an
order sense. In the next section, we propose an algorithm to
solve the robust imitation learning problem.

C. Robust Against Model Mismatch

We propose a principled adversarial approach by the
methodology of distributionally robust optimization (DRO)
to solve the robust imitation learning problem. DRO is now
a well-established area [28], [32], [42], whose formulation
is identical to that in the classical RMDP [14], [15] in DR-
RL. The distributionally robust behavioral cloning algorithm
solves this optimization problem getting the policy Tyrbe:

Esage [H(m(-]s), me([5))], (3)

arg min max

©  PEP:Drv(die,d%)<p:
where p., the robustness radius parameter which is a
problem-dependent constant, is set to yp./(1 — ) € (0,1],
and I(m(-|s),me(+|s)) is a surrogate loss function which
measures how far the learner policy 7 is with respect to the
expert action for the states visited by the expert. Examples
of the loss function ! comprise of 0-1 loss (described by
Equr(jsyl(a # me(s)) for deterministic expert policies),
total variation loss (described by Drvy (me(:|s), 7(:|s)) =
0.5]|me(-|s) = m(-|s)|l;), KL loss  (described by
Dxr(r([s)llme(-s)) = 32, m(als)log(m(als)/me(als))
with 7 absolutely continuous to 7.), and many more such
quantifiers. We simply use the Dty loss function in this paper
considering its known connections with other f-divergences
[43], [44]. We note that the DR-BC policy 74, depends on
pr but we simply choose to make it inherent for notation
simplicity. We also remark that we recover the behavioral
cloning policy [7] with p, = 0 in DR-BC policy Equation (3).

We define the uncertainty set parameterized by p, as
M={P e P :dy <dp, Drv(dy,d5) < p}. It is
straightforward from its definition and Lemma 7 that M = P.
The DR-BC algorithm Equation (3) finds m4,p for the IL
problem by minimizing an observed surrogate loss between
its actions and the actions of an expert policy under the ad-
versarial state distribution for a model in class M which acts
as a worse-case distribution. We define the model mismatch
distributionally robust behavioral cloning loss function as
Larve(m, pr) = maxpem Eqogre [Drv(7(:|s), me(:s))] for
any policy 7 and p;. But we immediately notice that to solve
the inner optimization in Equation (3) we need access to
all the state distributions around the expert’s state distribu-
tion. Even knowing the model P°, this is computationally
intractable. Moreover, we would also need the capability of
querying an expert for actions for various states chosen by
such state distributions. Also assuming having access to all
models in M is unrealistic. We now discuss circumventing
this challenge using the DRO methodology [28], [29].

Motivated from the DR-RL literature [24], [26], [40], we
now have the following result that provides a dual refor-
mulation for the inner maximization in Equation (3) as a
consequence of the DRO methodology.

Proposition 2. For a fixed expert policy 7. € 11, we have,
for all € 11 and p, € (0,1],

max Eoware [Drv(m(-[s), me(-[5))]
= min ]Es~d};% [(Drv(m(-]s), me(:[5)) —n)+]

nekR
+( sup  Day(w([s),me(-[s)) = n)+ - pr+ 1.

SE€ES:dL% (s)>0
Proof. We first rewrite max pe pm Egoqme [Drv (m(-[s), me(]5))]
as maxd;;c <<d;%:DTV(d;C7d;Co)§pr Eswd;c [DT\/(7T('|S), Tl'e("S))]
which follows from definition of M. Then the statement
immediately follows from Lemma 5. O

We give our DR-BC algorithm that only requires an expert
dataset D, generated according to model P° in Algorithm 1
based on Proposition 2. The DRO technique in Proposition 2
transforms the inner maximization in Equation (3) to an
unconstrained scalar variables convex optimization problem.
We remark that this new optimization problem due to the dual
reformulation only depends on the expert’s state distribution.
This enables us to use the expert dataset to solve the DR-BC
objective Equation (3).

Algorithm 1 Distributionally Robust Behavioral Cloning

1: Input: Expert dataset D, = (s;,a;)Y; according to
model P°, model mismatch radius parameter p,.

2: Initialize: Policy 7y parameterized by 6.

3: Calculate the empirical loss for Laybe (g, pe):

min((1/N) > (Ua,mo(s) —m)+)
(s,a)ED,
+pe( sup Ua,mo(s)) —m), +1. D
(s,a)€D,
4: 6 < argming Lqpe(mg, pr)-
5: Output policy: Ty = 7o

We now give the sub-optimality guarantee of model mis-
match DR-BC policy. We provide its proof in Section III.

Theorem 3 (Model mismatch DR-BC sub-optimality
bound). Assume small optimization error Larne(Tarbe, pr) =
Edrbe(pr). We have V;Sb — VI < 2eqme(pr) /(1 — )2

Tdrbe

Remark 2. We have an O (4,1 (pr ) H?) sub-optimality bound
from Theorem 3. With a small optimization error eq,pc(p;),
the sub-optimality guarantee for DR-BC algorithm is superior
to the BC policy as discussed in Section II-B. When the
robustness parameter p, = 0, we recover the non-robust BC
algorithm and its quadratic horizon dependence [8]. This sub-
optimality bound is in fact tight Q(cH?) [8], [39].

We also present the approximation result for the sub-
optimality of 74, returned by Algorithm 1 that uses the
expert dataset D.. We consider ey, the minimum non-zero
probability value in 7., as a problem dependent constant.
We again consider Larbe(Tdrbe, /Pr) = €drbe(pr) > 0 be a
small optimization error for all p, € (0,1].

Theorem 4 (Approximate DR-BC sub-optimality bound). Let
é\drbc (pr) = &drbe (pr) + O(pr \/1og(1/5)/(eminN)). Then,
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Vrob

Tdrbe —

for any p, € (0,1], policy Tarype satisfies V;é’b
2Zarbe(pr)/(1 — 7)2, with probability at least 1 — 6.

Remark 3. We note that 6() is order optimal up to a
logarithmic term on N and its exact form is available in
Section III. The approximate sub-optimality guarantee for DR-
BC algorithm is still superior to the BC policy as discussed in
Section II-B. We indeed showcase empirically as well that DR-
BC algorithm is resilient to model perturbations in Section IV.

ITI. ANALYSIS DETAILS
A. Useful Technical Results

We now state a result from [26] based on DRO methodology
which is useful for proving Proposition 2.

Lemma 5 ( [26, Lemma 5]). Let P° be a non-zero distribu-
tion on the space X and l : X — R be a loss function. Then

Eonp )] = inf {Eanpo[(1(a) = 1)4]

+ (sup U(2)
reX

sup
PP, Drv(P,P°)<p

— )+ P10} )
We now state [28, Corollary 2] for Drv using its relation
[44, Theorem 5] with D,

Lemma 6. Let © C RY, [ :
€ (0,1]. We have

Ep[l(X, @)] < inf sup
0ecO Drv (P, Po)<f

X x © — [0, M] and fix any

sup
Drv (P,P°)<p

+ e¢M(1 + p)y/(log(1/8) + 2dlog(N))/N,

which holds with probability at least 1 — 6, where
¢ > 0 is some universal constant and 0 =

arg mingc g SuPDTV(PﬁB)gﬁEP[Z(X’ 0)].

Ep[l(X,0)]

B. Proof of Theorem 3

We present a few results needed for proving Theorem 3.
First, we have the following result following the proof of [45,
Lemma 14.1], that when two models are close, then their
state-distributions are close under the same policy.

Lemma 7. Consider any policy m and P € P. We have
Dy (d%, d%e) < vpl./(1 —7) with d}, < dF..

Now we state a result which extends the performance
difference lemma [45, Lemma 1.16] notion for robust MDPs.

Lemma 8 (Robust Performance Difference Lemma). For any
7', policies, we get
Vrob < L

=15

Eovap | (vlals) - ' (als)) Q5 (5. 0)

a

rob
Vr

max
P:D(d},,d70)<pr
Proof. We first define few useful notations for this proof.
The robust model P*P™ for every  is as follows: P:oP™ =
argming _ cp. PJ VI, (s,a) € S x A. We call VP
as the value function for pohcy 7 under the model P. Now

rob, !
we can write Vmb VP .

Fix so ~ p. For any 7', 7 policies, we have

(a) rob,mw’
ViP(s0) = VarP(s0) < Vi (s0) = Vi (s0)

b rob, ! rob,7r/

VI (s0) = VI (s0)

(c) 1 ro

O LB | Y (rlals) 7 (al)Q (5,0 |
50

a

where (a) follows since by definition of V°P(so) we have
Viob(sg) < VP v (s0), and (b) follows from defini-
tion of P*P7" yielding V2P (s9) = ngbm (so). Observe
Probm P Now taking expectation on sy ~ p with
Lemma 7 completes the proof of this result. Now it only
remains to show (c).

For (c), first denote T »/(s) = (s¢,a¢)e>0 trajectory gen-
erated from rolling policy 7 from the initial state sg under
the robust model P™"™ . Now,

rob,’

rob,x’
VP (s0) =V (s0)
=Er, ,()Zvrst,at -V

—ET ,()Z’Y

(i) ]E'T7T < (8) Z’Y

Prob !

(s0)

rob,7r/

(se41) — VP (s))]

8t7at + FYV

st, ag) — V;,Ob(st)]

0 1 ro
Do o (1)@ )
s'~d) -
1
R )  robun’ (d's rob s a
1_,}/ S/Nd:O’P b ; ( ( ))
where (d) follows by recursion, (e) follows since

QP (s,a) = r(s,a) + 7(P“’b7r )TVPM” , and (f) from
VIeb(s) = 3" 7/ (als)QSP (s, a). This proves (c). O

Proof of Theorem 3. We start by Lemma 8 with 7/ = mq.p,c
and ™ = m.. We get

(- Vi) <
/ rob

D Bty D melols) = ' (al) @1 s, )

(@) 2

< — max E, e [Drv (7' (-]5)||me(-]8))]

T 1—vy PeMm

where (a) follows from Holder’s inequality, from Dty defi-
nition, and the fact that ||QxP(s, || <1/(1 —+~) for any
7. Finally note Lq,be(Tdrbe, p,«) = Edrbc(pr) O

C. Proof of Theorem 4

Proof. Firstly, from Lemma 6, we observe that
Larbe(Tdrbes pe) < Edrbe(pe) holds  with  probability
at least 1 — & with Egpe(pe) = €arbe(pe) + c(l +
pe)y/10g(1/6) + 2| Al log(N)/(eminN), where eppm =
ming g.r, (a|s)>0 Te(als) and ¢ > 0 is some universal
constant. The proof is now complete by following the

analysis of Theorem 3 with Tg,he- ]
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Fig. 1: Hopper—v3 perturbation results. Average episodic reward on 10 differently seeded episodes. From left to right, the
perturbations are in: ‘gravity’, ‘joint_stiffness’ of the thigh joint, and ‘joint_damping’ of all joints.
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Fig. 2: Walker2d-v3 perturbation results. Average episodic reward on 10 differently seeded episodes. From left to right,
the perturbations are in: ‘gravity’, ‘actuator_ctrlrange’ of all joints, and ‘joint_damping’ of both foot joints.

IV. EXPERIMENTS

We aim to answer the question: When model mismatches
are present, is the DR-BC algorithm robust compared to the
non-robust BC algorithm?

A. Experiment Setup and Practical Algorithm

We perform extensive simulations on two OpenAl
Gym [37] environments simulated with MuJoCo physics
engine [38]: Hopper-v3 and Walker2d-v3. We train
both the BC and DR-BC algorithms on the expert data
generated by the pre-trained TD3 [46] policies from the
RL Baselines3 Zoo repositories [47]. [48] pointed out that
BC is very effective at imitating the expert when given
large number of samples. Hence, like [10], [48], we give
both BC and DR-BC the same but relatively low number of
expert trajectories. For reproducibility, we provide the code
and more implementation details in the GitHub repository

https://github.com/ferocious—-cheetah/DRBC.

Now we explain Algorithm 1 in detail. For simulations we
use the loss [ as the squared L2 loss, i.e., [(7(s), m(s)) =
|7 (s) — We(s)||§ Now we specialize Equation (4) of Algo-
rithm 1 by [26, Proposition 1]. At initialization, we need an
expert dataset D, of size [V and some radius of our uncertainty
set pr. We also need to initialize a neural network 7y which is
our policy (actor) with random parameters €. In each iteration,
to solve Equation (4), we use the SLSQP method [49], a
powerful minimization solver under the bounds prescribed in
[26, Proposition 1]. In step 4, our policy (actor) is optimized
based on the Lg;p,c loss using ADAM [50].

B. Test For Robustness

When the testing environment is perturbed, e.g., change in
gravity, perturbed actuator and modified damping coefficient,
model mismatches are present. Here we explain the simulation
results on each of the four environments in details.

We perturb Hopper—-v3 by changing the model parameter

‘gravity’, ‘thigh_joint_stiffness’, and ‘joint_damping’. Figure 1

shows that DR-BC is tenacious under model perturbations. For
example, in the middle figure, when the ‘thigh_joint_stiffness’
parameter is positive and increasing, a joint spring is created
in the thigh of hopper and becomes stiffer. A non-robust
policy such as BC cannot withstand such mismatch between
the training and testing environments. Meanwhile, our DR-
BC agent refuses to drop in performance. In Figure 2 on
Walker2d-v3, DR-BC still refuses to lose performance in
wide ranges of perturbations on different environments.

V. CONCLUSION

In this paper, we introduce a novel problem of robust
imitation learning to incorporate resiliency to changes in the
real-world parameters. We present a novel approach to solve
this problem, Distributionally Robust Behavioral Cloning
(DR-BC) algorithm. Our proposed DR-BC algorithm utilizes
the distributionally robust optimization (DRO) technique for
BC to efficiently address robustness for the changes in real-
world parameters.

While in this paper we only consider the total variation
distance for the inner maximization, future work will explore
using other types measures such as KL-divergence and Chi-
square divergence. The same applies to the loss function
considered in this work. We also plan to work on the scenario

1346



where the model is not known in large-scale problems using
general function approximations.
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