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Abstract

In real world settings, numerous constraints are
present which are hard to specify mathematically.
However, for the real world deployment of re-
inforcement learning (RL), it is critical that RL
agents are aware of these constraints, so that they
can act safely. In this work, we consider the prob-
lem of learning constraints from demonstrations
of a constraint-abiding agent’s behavior. We ex-
perimentally validate our approach and show that
our framework can successfully learn the most
likely constraints that the agent respects. We
further show that these learned constraints are
transferable to new agents that may have differ-
ent morphologies and/or reward functions. Pre-
vious works in this regard have either mainly
been restricted to tabular (discrete) settings, spe-
cific types of constraints or assume the environ-
ment’s transition dynamics. In contrast, our frame-
work is able to learn arbitrary Markovian con-
straints in high-dimensions in a completely model-
free setting. The code is available at: https:
//github.com/shehryar-malik/icrl.

1. Introduction

Reward functions are a critical component in reinforcement
learning settings. As such, it is important that reward func-
tions are designed accurately and are well-aligned with the
intentions of the human designer. This is known as agent
(or value) alignment (see, e.g., Leike et al. (2018; 2017);
Amodei et al. (2016)). Misspecified rewards can lead to
unwanted and unsafe situations (see, e.g, Amodei & Clark
(2016)). However, designing accurate reward functions re-
mains a challenging task. Human designers, for example,
tend to prefer simple reward functions that agree well with
their intuition and are easily interpretable. For example, a
human designer might choose a reward function that en-
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Figure 1. A simple visualization. The agent’s reward is propor-
tional to how close it is to the goal at the bottom-left corner. How-
ever, the real world (right) has a lion occupying the lower bridge.
The expert is aware of this and so takes the upper bridge. However,
the lion is not present in the simulator (middle and left). In a bid to
maximize its reward the nominal policy chooses to take the lower
bridge. Clearly, such a policy will result in the agent being eaten
up by the lion in the real world. Our method, on the other hand,
tries to reconcile the reward function in the simulator with the
expert’s behavior, and ultimately learns to avoid the lower bridge.

courages an RL agent driving a car to minimize its traveling
time to a certain destination. Clearly, such a reward function
makes sense in the case of a human driver since inter-human
communication is contextualized within a framework of un-
written and unspoken constraints, often colloquially termed
as ‘common-sense’. That is, while a human driver will try
to minimize their traveling time, they will be careful not to
break traffic rules, take actions that endanger passersby, and
so on. However, we cannot assume such behaviors from RL
agents since they are are not imbued with common-sense
constraints.

Constrained reinforcement learning provides a natural
framework for maximizing a reward function subject to
some constraints (we refer the reader to Ray et al. (2019)
for a brief overview of the field). However, in many cases,
these constraints are hard to specify explicitly in the form of
mathematical functions. One way to address this issue is to
automatically extract constraints by observing the behavior
of a constraint-abiding agent. Consider, for example, the
cartoon in Figure 1. Agents start at the bottom-left corner
and are rewarded according to how quickly they reach the
goal at the bottom-right corner. However, what this reward
scheme misses out is that in the real world the lower bridge
is occupied by a lion which attacks any agents attempting
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to pass through it. Therefore, agents that are naively trained
to maximize the reward function will end up performing
poorly in the real world. If, on the other hand, the agent
had observed that the expert (in the leftmost figure) actu-
ally performed suboptimally with respect to the stipulated
reward scheme by taking a longer route to the goal, it could
have concluded that (for some unknown reason) the lower
bridge must be avoided and consequently would have not
been eaten by the lion!

Scobee & Sastry (2020) formalizes this intuition by cast-
ing the problem of recovering constraints in the maximum
entropy framework for inverse RL (IRL) (Ziebart et al.,
2008) and proposes a greedy algorithm to infer the smallest
number of constraints that best explain the expert behavior.
However, Scobee & Sastry (2020) has two major limita-
tions: it assumes (1) tabular (discrete) settings, and (2) the
environment’s transition dynamics. In this work, we aim to
address both of these issues by learning a constraint func-
tion instead through a sample-based approximation of the
objective function of Scobee & Sastry (2020). Consequently,
our approach is model-free, admits continuous states and
actions and can learn arbitrary Markovian constraints'. Fur-
thermore, we empirically show that our method scales well
to high-dimensions.

Typical inverse RL methods only make use of expert demon-
strations and do not assume any knowledge about the reward
function at all. However, most reward functions can be ex-
pressed in the form “do this task while not doing these other
things” where other things are generally constraints that a
designer wants to impose on an RL agent. The main task
(“do this”) is often quite easy to encode in the form of a
simple nominal reward function. In this work, we focus on
learning the constraint part (“do not do that”) from provided
expert demonstrations and using it in conjunction with the
nominal reward function to train RL agents. In this perspec-
tive, our work can be seen as a principled way to inculcate
prior knowledge about the agent’s task in IRL. This is a key
advantage over other IRL methods which also often end up
making assumptions about the agent’s task in the form of
regularizers such as in Finn et al. (2016).

The main contribution of this work is that it formulates
the problem of inferring constraints from a set of expert
demonstrations as a learning problem which allows it to
be used in continuous, high-dimensional settings. To the
best of our knowledge, this is the first work in this regard.
This also eliminates the need to assume, as Scobee & Sastry
(2020) does, the environment’s transition dynamics. Finally,
we demonstrate the ability of our method to train constraint-

"Markovian constraints are of the form ¢() = Hthl c(s¢, at),
i.e., the constraint function c is independent of the past states and
actions in a trajectory. (The notation used here is introduced in the
next section.)

abiding agents in high-dimensions and show that it can also
be used to prevent reward hacking.

2. Preliminaries
2.1. Unconstrained RL

A finite-horizon Markov Decision Process (MDP) M is a
tuple (S;A;p;r; ;T), where S 2 RISI s a set of states,
A2 R isasetofactions,p:S A S A [0;1]is the
transition probability function (where p(s’js; a) denotes the
probability of transitioning to state s° from state S by taking
actiona), r: S A @® Ris the reward function, is the
discount factor and T is the time-horizon. A trajectory =

pairs such that Se+1 p(jSt;at). Apolicy :S A P(A)
is a map from states to probability distributions over actions,
with (ajs) denoting the probability of taking action a in
state S. We will sometimes abuse notation to write (S; a)
to mean the joint probability of visiting state S and taking
action a under the policy and similarly ( ) to mean the
probability of the trajectory under the policy

P
Definer( ) = tT=1 tr(st; at) to be the total discounted

reward of a trajectory. Forward RL algorithms try to find
an optimal policy that maximizes the expected total
discounted reward J( ) = E  [r( )]. On the other hand,
given a set of trajectories sampled from the optimal (also
referred to as expert) policy , inverse RL (IRL) algorithms
aim to recover the reward function r, which can then be
used to learn the optimal policy  via some forward RL
algorithm.

2.2. Constrained RL

While normal (unconstrained) RL tries to find a policy that
maximizes J( ), constrained RL instead focuses on finding
a policy that maximizes J( ) while respecting explicitly-
defined constraints. A popular framework in this regard is
the one presented in Altman (1999) which introduces the
notion of a constrained MDP (CMDP). A CMDP M€ is a
simple MDP augmented with a cost fggction € : S AAR
and a budget 0. Define c( ) = I:l te(se; ap) to be
the total discounted cost of the trajectory and J¢( ) =
E  [c( )] to be the expected total discounted cost. The
forward constrained RL problem is to find the policy  that
maximizes J( ) subject to J( )

In this work, given a set D of trajectories sampled from ,
the corresponding unconstrained MDP M (i.e., M€® without
the cost function ) and a budget , we are interested in
recovering a cost function which when augmented with
M has an optimal policy that generates the same set of
trajectories as in D. We call this as the inverse constrained
reinforcement learning (ICRL) problem.
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If the budget is strictly greater than O, then the cost func-
tion c defines soft constraints over all possible state-action
pairs. In other words, a policy is allowed to visit states and
take actions that have non-zero costs as long as the expected
total discounted cost remains less than . If, however, is0
then the cost function translates into hard constraints over all
state-action pairs that have a non-zero cost associated with
them. A policy can thus never visit these state-action pairs.
In this work, we restrict ourselves to this hard constraint
setting. Note that this is not particularly restrictive since,
for example, safety constraints are often hard constraints as
well are constraints imposed by physical laws.

Since we restrict ourselves to hard constraints, we can
rewrite the constrained RL problems as follows: define
C = f(s; a)jc(s; a) & 0g to be the constraint set induced
by c. The forward constrained RL problem is to find the
optimal constrained policy  that maximizes J( ) subject
to (s;a) =0 8(s;a) 2 C. The inverse constrained RL
problem is to recover the constraint set C from trajectories
sampled from .

Finally, we will refer to our unconstrained MDP as the
nominal MDP hereinafter. The nominal MDP represents
the nominal environment (simulator) in which we train our
agent.

3. Formulation
3.1. Maximum Likelihood Constraint Inference

We take Scobee & Sastry as our starting point. Suppose that
we have a set of trajectories D = f (g, sampled from
an expert  navigating in a constrained MDP M®  where
C denotes the (true) constraint set. Furthermore, we are
also given the corresponding nominal MDP M. Our goal is
to recover a constraint set which when augmented with M
results in a CMDP that has an optimal policy that respects
the same set of constraints as - does. Scobee & Sastry
pose this as a maximum likelihood problem. That is, if we
let ppm denote probabilities given that we are considering
MDP M and assume a uniform prior on all constraint sets,
then we can choose C according to

C arg max pm (DjC): (1
c
Under the maximum entropy (MaxEnt) model presented in

Ziebart et al. (2008), the probability of a trajectory under a
deterministic MDP M can be modelled as

m( )= WW( ); @)

R
where Zpg = exp( r( ))IM( )d is the partition func-
tion, 2 [0; 1) is a parameter describing how close the
agent is to the optimal distribution (as ¥ 1 the agent

becomes a perfect optimizer and as ¥ 0 the agent simply
takes random actions) and 1 is an indicator function that is 1
for trajectories feasible under the MDP M and 0 otherwise.

Assume that all trajectories in D are i.i.d. and sampled from
the MaxEnt distribution. We have

b g

pOIC) = ——  exp( r( ONIM(O): @)
(ZMC) i=1
Note that ]lMC( M) is 0 for all trajectories that contain any
state-action pair that belongs to C. To maximize this, Scobee
& Sastry propose a greedy strategy wherein they start with
an empty constraint set and incrementally add state-action
pairs that result in the maximal increase in p(DjC).

3.2. Sample-Based Approximation

Since we are interested in more realistic settings where the
state and action spaces can be continuous, considering all
possible state-action pairs individually usually becomes in-
tractable. Instead, we propose a learning-based approach
wherein we try to approximate ]lMC( ) using a neural net-
work. Consider the log likelihood

1 .
L(EC) = N log p(DjC)
1 Xho .
=N r( M +1logt™ ( ®)  logZpje
i=1
1 Xho .
=N r( @) +log1™ (M)
i=1 7
log exp( r( )IM( )d :
4
MC _ QT MC .
Note that 1™ () = ~_o 1™ (St; at) merely tells us

whether the trajectory is feasible under the constraint set
C or not. Let us have a binary classifier ~ parameterized
with  do this for us instead, i.e., we want  (S¢; at) to be
1if (st;at) ispqt in C and 0 otherwise. Using ( ) asa
short hand for ;rzo (st; at), we have

L Xh i
LCO)=L()= N r( M) +log (M)
i=1 7

log exp( r()) ()d:
(&)

Let M denote the MDP obtained after augmenting M
with the cost function =1 2 and m  denote the

“Note that since we are assuming that « is 0, we can assign
any non-zero (positive) cost to state-action pairs that we want to
constrain. Here 1 — (y assigns a cost of 1 to all such pairs.
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corresponding MaxEnt policy. Taking gradients of (5) with
respect to  gives us (see Section 8.1 in the supplementary
material for derivation)

rL()Z% rlog (™ E
i=1

[r log ()]:
(6)

Using a sample-based approximation for the right-hand term
we can rewrite the gradient as

1 X

r L() v

r log (M
i=1

r log

j=1
(7
where ” are sampled from |, (discussed in the next sec-
tion). Notice that making r L( ) zero essentially requires
matching the expected gradient of log  under the expert
(left hand term) and nominal (right hand term) trajectories.
For brevity, we will write , as  from now onwards.
We can choose  to be a neural network with parameters
and a sigmoid at the output. We train our neural network
via gradient descent by using the expression for the gradient

given above.

In practice, since we have a limited amount of data, |,
parameterized as a neural network, will tend to overfit. To
mitigate this, we incorporate the following regularizer into
our objective function.

> )
R()= i O ®)
fD;Sg
where S denotes the set of trajectories sampled from  and
2 [0;1) is a fixed constant. R incentivizes  to predict

values close to 1 (recall that 2 (0; 1)), thus encouraging
it to choose the smallest number of constraints that best
explain the expert data.

3.3. Forward Step

To evaluate (7) we need to sample from . Recall that
needs to maximize J( ) subjectto (s;a) =0 8(s;a) 2
Z where Z is the constraint set induced by How-
ever, since  outputs continuous values in the range (0; 1),
we instead solve the soft constrained RL version, wherein
we try to find a policy  that maximizes J( ) subject to
E [ ()] . In our experiments, we set to a very
small value. Note that if  is strictly set to O our optimiza-
tion program will have an empty feasible set.

We represent our policy as a neural network with parameters

and train it through the constrained policy optimization
algorithm introduced in Tessler et al. (2019), which essen-
tially tries to solves the following equivalent unconstrained
min-max problem on the Lagrangian of the objective func-

tion

minmaxJ( )+ THC ) E [ O] ) O
by gradient ascent on  (via the Proximal Policy Optimiza-
tion (PPO) algorithm (Schulman et al., 2017)) and gradient
descent on the Lagrange multiplier . Note that we also
add the entropy H( )= E [log ()]of toour
objective function. Maximizing the entropy ensures that we
recover the MaxEnt distribution given in (2) at convergence

(see Section 8.4 in the supplementary material for proof).

3.4. Incorporating Importance Sampling

Running the forward step in each iteration is typically very
time consuming. To mitigate this problem, instead of ap-
proximating the expectation in (6) with samples from ,
we approximate it with samples from an older policy
where were the parameters of at some previous iteration.
We, therefore, only need to learn a new policy after a fixed
number of iterations. To correct for the bias introduced in
the approximation because of using a different sampling
distribution, we add importance sampling weights to our
expression for the gradient. In this case, the per step impor-
tance sampling weights can be shown to be given by (see
Section 8.2 in the supplementary material for derivation)

(St;ar) .

: 10
(st; an) (10

T(suar) =
Note that the importance sampling weights at each timestep
only depend on the state and action at that timestep (and not
the past and/or future states and actions). The gradient can
thus be rewritten as

1)()(

rL() r log (s ay)

i=1s:;a.2 (D
1 M XX
— 'S a)r log (St &)
i=lga2 @

(11

where (j)g}v'zl are sampled from

3.5. KL-Based Early Stopping

Importance sampling allows us to run multiple updates of
after each forward step. However, importance sampling
weights may have high variance, which, in practice, may
result in bad updates to  especially when policies  and
become very “different”. To mitigate this, we impose
an upper bound on the forward and reverse KL divergences
between and . We do this by terminating updates of
once the KL-divergences exceed some pre-defined threshold.
The forward and reverse KL-divergences can be bounded in
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(a) LapGridWorld (b) HalfCheetah (c) Ant (d) Point (e) AntBroken

Figure 2.The environments used in the experiments. Note that nominal agents are not aware of the constraints shown.

Algorithm 1 ICRL each experiment that we conduct: (1) the true reward which
Input: Expert trajectorieD, iterationsN, backward corresponds to the reward accumulated by the agent in the
iterationsB , maximum allowable KLsg and r constrained environment, and (2) the average number of
Initialize and randomly constraint violations per each timestep. For the latter metric,
fori=1toN do we assume that the true constraints are known. However, the

Learn by solving (9) using current training algorithm does not require this information. Note

forj =1 toB do that since episodes get terminated in the constrained envi-
Sample set of trajectorieg = f (K)gh, from ronment as soon as an agent violates some constraint, agents
Compute importance sampling weighig (X)) us-  simply trained to maximize the reward in the nominal envi-
ing (10) fork =1;:::;M ronment will only be able to accumulate a small amount of

UseS andD to update via SGD by using the reward in the constrained environment.
gradientin (11)

. Furthermore, we construct the following two baselines for
Compute forward and reverse KLs using (12) 9

. comparisons:
if forward KL ¢ orreverse KL R:then P
enzrﬁak  Binary Classi er (BC): We simply train a binary clas-
si er (using the cross-entropy loss) to classify between
end for : ) i i
end for nominal and expert trajectories. We train the agent by

solving, as before, (9) (note that the binary classi er
corresponds to).

term_s of the. importance sampling weig.hts as foI!ow; (see , GAIL-Constraint (GC): This baseline is based on a
Section 8.3 in the supplementary material for derivation). well-known imitation learning method called GAIL

Dic( ji ) 2log! (Ho & Ermon, 2016). Since GAIL dogs not assume
E () 1)log! ()] (12) knowledge of the reward funct_lon,whlle ourmethod
DL ( Jj ) . | i i : does, we construct the following variant for a fairer
comparison. We begin by de ning the following re-
Here! = E [l () and! ()= Qthl I (st;a). ward function:r(s;a) = r(s;a)+ Iog_ (s;a_). _Note
that since for constrained state-action pairsill be
Algorithm 1 summarizes our training procedure. 1 , agents maximizing will try to satisfy all con-
straints. Now since we already knawwe only param-
4, Experiments eterize as a neural network which, then, corresponds

_ ) to the GAIL's discriminator.
We conduct experiments to validate our method and assess

the quality of constraints it recovers. In the following dis-\pe design our experiments to answer the following two
cussion, we will refer to both the nominal and constrainedquestionS:

environments. The nominal environment corresponds to

the simulator we use to train our agent (also called as the Can ICRL train agents to abide by the constraints that
nominal agent). It does not include any information about an expert does?

the constraints. The constrained (or true) environment refers

to the real-world setting where episodes are terminated if ¢ Are the constraints recovered by ICRL transferable
the agent violates any constraints. We report two metrics for  to other agents with possibly different morphologies
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Reward (higher is better):

Constraint violations (lower is better):

(a) LapGridWorld (b) HalfCheetah (c) Ant

Figure 3.Performance of agents during training over several seeds (5 in LapGridWorld, 10 in others). The x-axis is the number of
timesteps taken in the environment. The shaded regions correspond to the standard error.

and/or reward functions? a golden dollar tile, it gets a reward of 3. However, the

nominal agent “cheats” by stepping back and forth on one
dollar tile, rather than going around the track, and ends up
aetting more reward than the expert (which goes around the

is in the af rmative. Furthermore, while the GC baseline .
track, as intended).

performs equally well to ICRL in the rst case, it completely
fails in the second one. High dimensions: For this experiment, we use two simu-
Finally, all hyperparameters and additional details of the exl-atEd robots called HalfCheetah and Ant from OpgnAI_ Gym
periménts can be found in Section 8.5 in the supplementar Brockman etal, 201.6)' The robots are shown in Figures
material ' (b) and 2(c) _resp_ectlvel_y. The HQIfCheetah robot I&s

' state and action dimensions and is rewarded proportion-
ally to the distance it covers in each step. The Ant robot
hasl13state and action dimensions and is rewarded pro-

In this section, we design experiments to test whether ICRIPOrtionally to the distance it moves away from the origin.

can train agents to abide by the constraints that an expefince, for both agents, moving backwards is relatively easier
agent does. than moving forwards, in the constrained environments, we

) ] ] ) _constrain all states for which 3.
Reward hacking: Reward hacking refers to situations in

which agents optimize their rewards but their behavior is/Ve plot the results of our experiments in Figures 3. The

misaligned with the intentions of the users, e.g., when &-axis corresponds to the number of timesteps the agent
vaccum cleaner ejects dust so that it can collect even mor@kes in the environment. The top row corresponds to the re-
(Russell & Norvig, 2010). We design a simple environmentward of the agent during training when evaluated in the con-
called LapGridWorld to see if our method can avoid thisStrained environment. The bottom row shows the average
behavior.. In this environmeh{shown in Figure 2(a)) an nhumber of constraints that the agent violates per timestep
agent moves on a rectangu|ar track. The age"mtﬂ]ded (When run in the nominal enVironment). In addition to our

to sail clockwise around the track. Each time it drives ontomethod (ICRL) and the two baselines, we also show the
—_— reward and average number of constraint violations of the

nominal and expert agents. As can be observed, both ICRL

4.1. Learning Constraints

3This environment is similar to the boat race environment in
Leike et al. (2017).
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Figure 4 shows the results. The plots represent the same
metrics as in the previous section. Note that only agents
trained to respect constraints recovered by our method are
able to achieve expert-level performance. Both BC and
GC perform even worse in terms of the reward than the
nominal agent, which is simply trained to maximize the
reward in the nominal environment without worrying about
any constraints. However, note that both BC and GC are
able to achieve zero cost. This suggests that both BC and
GC constrain too many state-action pairs, thus preventing
agents from performing their tasks optimally.

5. Ablation Studies

In this section, we discuss ablation studies to assess the
importance of importance sampling and the KL-based early
stopping technique. We carry out four sets of experiments
(a) Point (b) Ant-Broken by disabling either one or both of importance sampling and
early stopping. Additionally, we also plot results for the case
when neither of importance sampling and early stopping are
disabled. In each set of experiments, we vary the number
Figure 4.Transferring constraints. The x-axis is the number of of hackward iterations3 (see Algorithm 1 and observe (as
timesteps taken in the environment. All pIot; were smoothed ang, the previous section) the true reward (on the constrained
averaged over 5 seeds. The shaded regions correspond to tBﬂvironment) and average number of constraint violations.
standard error. . -
All four sets of experiments are shown in Figure 5. For
comparison, we also show the best true reward and lowest
and GC perform equally well and are able to achieve expertyymper of constraint violations that our method was able
level performance. However, BC performs performs muchyg achieve with all of its components enabled (these are the
more worse than these two. same results as in the previous section).

From the plots, it is clear that both of importance sam-
pling and early stopping are important to the success of our
In many cases, constraints are actually part of the envirormethod.

ment and are the same for different agents (for example,

gll vehicle; must adhere to the same speec_i Iimit).l In suc%. Related Work

instances, it is useful to rst learn the constraints using only

one agent and then transfer them onto other agents. Theferward Constrained RL: Several approaches have been
new agents may have different morphologies and/or rewargroposed in literature to solve the forward constrained RL
functions. In this section, we design experiments to assegsroblem in the context of CMDPs (Altman, 1999). Achiam
the quality of constraints recovered by our method and theet al. (2017) analytically solves trust region policy opti-
two baselines. To do so, we try to transfer constraints learninization problems at each policy update to enforce the
in the Ant experiment in the previous section to two newconstraints. Chow et al. (2018) uses a Lyapunov approach
agents. The rst agent, shown in Figure 2(d), is the Pointand also provide theoretical guarantees. Le et al. (2019)
robot from OpenAl gym. The Point robot's reward function proposes an algorithm for cases when there are multiple
encourages it to move counter-clockwise in a circle at a diseonstraints. Finally, a well-known approach centers around
tance ofL0 units from the origirf: The second agent, called rewriting the constrained RL problem as an equivalent un-
Ant-Broken, is the Ant robot with two of its legs disabled constrained min-max problem by using Lagrange multi-
(colored in blue in Figure 2(ef).To transfer constraints, we pliers (Zhang et al., 2019; Tessler et al., 2019; Bhatnagar,
simply solve (9) using the learnt in the previous sectidh.  2010)) (see Section 3.3 for further details).

4.2. Transferring constraints

“This environment is similar to the PointCircle environment in Constraint Inference: Previous work done on inferring

Achiam et al. (2017). —_— . . . .
SThis is based on the broken ant environment in Eysenbacff" the Point experiment we re-run experiments in the previous

et al. (2020). section and train only on the(x; y) position coordinates of the
SNote that in this case, must only be fed a subset of the state Ant agent, since the rest of elements in the state space are speci ¢

and action spaces that are common across the two agents. As su&%,Am'
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