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Abstract

Popular Maximum Entropy Inverse Reinforcement Learning approaches require the
computation of expected state visitation frequencies for the optimal policy under an
estimate of the reward function. This usually requires intermediate value estimation
in the inner loop of the algorithm, slowing down convergence considerably. In this
work, we introduce a novel class of algorithms that only needs to solve the MDP
underlying the demonstrated behavior once to recover the expert policy. This is
possible through a formulation that exploits a probabilistic behavior assumption for
the demonstrations within the structure of Q-learning. We propose Inverse Action-
value Iteration which is able to fully recover an underlying reward of an external
agent in closed-form analytically. We further provide an accompanying class of
sampling-based variants which do not depend on a model of the environment. We
show how to extend this class of algorithms to continuous state-spaces via function
approximation and how to estimate a corresponding action-value function, leading
to a policy as close as possible to the policy of the external agent, while optionally
satisfying a list of predefined hard constraints. We evaluate the resulting algorithms
called Inverse Action-value Iteration, Inverse Q-learning and Deep Inverse Q-
learning on the Objectworld benchmark, showing a speedup of up to several orders
of magnitude compared to (Deep) Max-Entropy algorithms. We further apply Deep
Constrained Inverse Q-learning on the task of learning autonomous lane-changes
in the open-source simulator SUMO achieving competent driving after training on
data corresponding to 30 minutes of demonstrations.

1 Introduction

Inverse Reinforcement Learning (IRL) [4] is a popular approach to imitation learning which generally
reduces the problem of recovering a demonstrated behavior to the recovery of a reward function
that induces the observed behavior, assuming that the demonstrator was (softly) maximizing its
long-term return. Previous work solved this problem with different approaches, such as Linear IRL
[19. 1] and Large-Margin Q-Learning [21]. A very influential approach which addresses the inherent
ambiguity of possible reward functions and induced policies for an observed behavior is Maximum
Entropy Inverse Reinforcement Learning (MaxEnt IRL, [26])), a probabilistic formulation of the
problem which keeps the distribution over actions as non-committed as possible. This approach has
been extended with deep networks as function approximators for the reward function in [25] and
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Figure 1: Scheme of Deep Constrained Inverse Q-learning for the constrained transfer of uncon-
strained driving demonstrations, leading to optimal constrained imitation.

is the basis for several more recent algorithms that lift some of its assumptions (e.g. [8, [10]). One
general limitation of MaxEnt IRL based methods, however, is that the considered MDP underlying
the demonstrations has to be solved many times inside the inner loop of the algorithm. We also use a
probabilistic problem formulation, but assume a policy that only maximizes the entropy over actions
locally at each step as an approximation. This leads to a novel class of IRL algorithms based on
Inverse Action-value Iteration (IAVI) and allows us to avoid the computationally expensive inner loop
(a property shared e.g. with [5]). With this formulation, we are able to calculate a matching reward
function for the observed (optimal) behavior analytically in closed-form, assuming that the data was
collected from an expert following a stochastic policy with an underlying Boltzmann distribution
over optimal Q-values, similarly to [[1820]. Our approach, however, transforms the IRL problem to
solving a system of linear equations. Consequently, if there exists an unambiguous reverse topological
order and terminal states in the MDP, our algorithm has to solve this system of equations only once
for each state, and can achieve speedups of up to several orders of magnitude compared to MaxEnt
IRL variants for general infinite horizon problems.

We extend TAVI to a sampling based approach using stochastic approximation, which we call
Inverse Q-learning (IQL), using Shifted Q-functions proposed in [12] to make the approach model-
free. In contrast to other proposed model-free IRL variants such as Relative Entropy IRL [5]
that assumes rewards to be a linear combination of features or Guided Cost Learning [8]] that still
needs an expensive inner sampling loop to optimize the reward parameters, our proposed algorithm
accommodates arbitrary nonlinear reward functions such as neural networks, and needs to solve the
MDP underlying the demonstrations only once. A different approach to model-free IRL is Generative
Adversarial Imitation Learning (GAIL), recently proposed in [[10]. GAIL generates a policy to
match the experts behavior without the need to first reconstruct a reward function. In some contexts,
however, this can be undesirable, e.g. if additional constraints should be enforced that were not part
of the original demonstrations. This is in fact what we cover in a further extension of our algorithms,
leading to Constrained Inverse Q-learning (CIQL). Closely related to this is learning by imitation with
preferences and constraints as studied in a teacher-learner setting in [23]], but the approach internally
relies on value estimation with a given transition model and assumes a linear reward formulation. The
model-based Inverse KKT approach presented in [[7]] also studies imitation in a constrained setting, but
from the perspective of identifying constraints in the demonstrated behavior. Our final contribution
extends all algorithms to the case of continuous state representations by using function approximation,
leading to the Deep Inverse Q-Learning (DIQL) and Deep Constrained Inverse Q-learning (DCIQL)
algorithms (see Figure[I|for a schematic overview). A compact summary comparing the different
properties of the various approaches mentioned above can be found in Table[I] To evaluate our
algorithms, we compare the performance for the Objectworld benchmark to MaxEnt IRL based
baselines, and present results of an imitation learning task in a simulated automated driving setting
where the agent has to learn a constrained lane-change behavior from unconstrained demonstrations.
We fix notation and define the IRL problem in Section[2} derive IAVI in Section [3|and its variants in
Sections {6l Section[7]presents our experimental results and Section [§]concludes.

2 Reinforcement Learning and Inverse Reinforcement Learning

We model tasks in the reinforcement learning (RL) framework, where an agent acts in an environment
following a policy by applying action a¢ from n-dimensional action-space A in state St



Table 1: Overview of the different IRL approaches.
State-spaces Model-free  Rewards Constraints Inner Loop

MaxEnt IRL [26] discrete linear Vi
Deep MaxEnt IRL[[25] discrete non-linear VI
RelEnt IRL [B] continuous X linear
GCL [8] continuous X non-linear PO
GAIL [10] continuous X
AWARE-CMDP [23] discrete linear X VI
IAVI (ours) discrete non-linear
(O)IQL (ours) discrete X non-linear (X)
D(C)IQL (ours) continuous X non-linear (X)

from state-spac8 in each time step. Accordingto modeM : S A S 7! [0; 1], the agent
reaches some stase.; . For every transition, the agent receives a scalar rewaficbm reward
functionr : S A7! R and has to adjust its policy so as to maximize the expected long-term
returnR(st) = -, ' 'ri, where 2 [0;1]is the discount factor. We focus on off-policy
Q-learning [P4], where an optimal policy can be found on the basis of a given transition set. The
Q-functionQ (si;&) = E . m [R(st)ja:] represents the value of an actiapand following
thereafter. From the optimal action-value functi@n, the optimal policy can be extracted by
choosing the action with highest value in each time step. In the IRL framework, the immediate reward
function is unknown and has to be estimated from observed trajectories collected by expert policy

3 Inverse Action-value lteration

We start with the derivation of model-based Inverse Action-value Iteration, where we rst establish a
relationship between Q-values of a state action{msia) and the Q-values of all other actions in this
state. We assume that the trajectories are collected by an agent following a stochastic policy with an
underlying Boltzmann distribution according to its unknown optimal value funeon

P eXp(Q (S!a)) = E a-S . 1
aon ©PQ (5 A) Y @
for all actionsa 2 A . Rearranging gives:

exp(Q (s;a))

®(ajs)

X
andexp@ (s;@) = F(ajs)  exp(Q (siA): (2)

A2A

exp@Q (s;A)) =

A2A

Denoting the set of actions excluding act@asA 5, we can express the Q-values for an actidn
terms of Q-values for any actidn2 A , in states and the probabilities for taking these actions:

F(ajs)

F(Ws)

X
expQ (s;@) = F(ajs)  exp(Q (s;A)) = exp(Q (s;0): ®)

A2A
Taking the lofj|then leads to:
Q (s;a)= Q (s;h+log( “(ajs)) log( “(his)): (4)

Thus, we can relate the optimal value of actiowith the optimal values of all other actions in the
same state by including the respective log-probabilities. Since this holds for all abtibis,
(wherejA ,j = n 1), taking the sum over all actions &, leads to:

X
(n 1A (ssa) = Q (sib+log( “(ajs)) log( “(his)) ®)
b2A 5
X
=(n 1)log( “(ajs)) + Q (s;b log( E(kis)): (6)

b2A 4

'For numerical stability, a small 1 can be added for probabilities equalo



The optimal action-values for stageand actiora are composed of immediate rewar; a) and the

optimal action-value for the next state as given by the transition modeRi.€s;a) = r(s;a) +
maxao Esom  (s:as9)[Q (s% a%]. Using this de nition in Equation (6) to replace the Q-values and

de ning the difference between the log-probability and the discounted value of the next state as:

3 = IOg( E(ajs)) ma%XESOM (s;a;89) [Q (SO; a(})]; (7)

we can then solve for the immediate reward:

a 1 X b
rs;a= 2+ 1 r(s;b o (8)
n b2A

Formulating Equation (8) for all actiors 2 A results in a system of linear equatiofis (S)R a (S) =
Ya (S), with reward vectoR 4 (S), coef cient matrix X (S) and target vectoY a (S):
P

2 3 1
11 A nil 2"(5;3-1)3 s* n TP b2Aar b
L 1 Lo r(s;az) &2 = b
§ In: l : . n: lgg : é: ) " 1. . : 9)
1 1 .
s S SR r(sian) T A b

Theorem 1. There always exists a solution for the linear system provided bfs) and Ya (S)
(proof in the appendix).

Intuitively, this formulation of the immediate reward encodes the local probability of aatiaimile

also ensuring the probability of the maximizing next action under Q-learning. Hence, we note that
this formulation of bootstrapping visitation frequencies bears a strong resemblance to the Successor
Feature Representatio, [L5]. The Q-function can then be updated via the standard state-action
Bellman optimality equatio® (s;a) = r(s;a)+ mMaXwEsnm (saso[Q (sa%], for all states

s and actions. SinceQ is unknown, however, we cannot estimags; a) directly. We circumvent

this necessity by estimatings® a) for all terminal states?, i.e. states for which no next state exists.
Going through the MDP once in reverse topological order based on its mibdele can compute

Q for the succeeding states and actions, leading to a reward function for which the induced optimal
action-value function yields a Boltzmann distribution matching the true distribution of aci@tsly
Hence, if the observed transitions are samples from the true optimal Boltzmann distribution, we
can recover thérue reward function of the MDP irtlosed-form Please note, however, that the
expert demonstrations need not necessarily follow a Boltzmann distribution, but can rather follow an
arbitrary distribution, including multimodal ones and also greedy behavior choice by adding a small
conditioning term 1. Our approach encodes this underlying arbitrary distribution of the expert in
the long-term Q-value, such that a Boltzmann distribution over the estimated Q-function is equivalent
to the original arbitrary expert distribution.

Theorem 2. De ne Q (s;a) to satisfy the equatioQ (s;a) = Q (s;b) + log( E(ajs))
log( E(bjs)) for all actionsa;b2 A and expert policy E( js) of arbitrary non-zero distribution.
Then the Boltzmann distribution ovér (s; ) is equivalent to E( js).

Proof. The theorem follows from the inverse application of Equations (1)-(3). Wit(s;a) =

Q (s;b +log( E(ajs)) log( E(bs)) for all actionsa;b 2 Ap it follows from Eq. (3) that

exp(Q (s;a) = ( F(aisy= “(s)exp(Q (sih) =  F(a)s) a.a eXP(Q (s;A)) and thus
F(ajs) =exp(Q (s;@)= . eXPQ (s;A)). O

Put differently, our assumption israstriction over the space of Q-functigmst expert policies. In

case of an in nite control problem or if no clear reverse topological order exists, we solve the MDP
by iterating multiple times until convergence. Since the Bellman update is a contraction, the reward
values become more accurate with each iteration. Convergence guarantees for IAVI and IQL then
follow from the convergence guarantees of Value Iteration and Q-learning under the same conditions.
If there are actions with zero probability mass under the expert demonstrations, we add a very small
conditioning term to the probability to avoid numerical instabilities. This leads us back to the case
above with guaranteed convergence, but introduces a small deviation with respect to the match of the
expert policy, bounded in dependence oEmpirically, we show convergence in our experiments in
Sections 7.1 and 7.2.
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4 Tabular Inverse Q-learning

To relax the assumption of an existing transition model and action probabilities, we extend the Inverse
Action-value Iteration to a sampling-based algorithm. For every trangisicar s°), we update the

reward function based on Equation (8) using stochastic approximation:
!

r(s;pp 2 (10)

r(sa) @ orsar o i o

b2A o
with learning rate ;. Additionally, we need a state-action visitation gountgs; a) for state-action
pairs to calculate their respective log-probabilitieS(ajs) = (s;a)= A, (S;A): Therefore,
we approximate 2 by 2 = log(~ (ajs)) maXao Esom (s:as[Q (s%a9)]: In order to avoid
the need of a modé¥l , we evaluate all other actions via Shifted Q-functions as in [12]:

Q%(si@) = maxEsom (sas9[Q (27); (11)

i.e. QSN(s; a) skips the immediate reward for takiagn s and only considers the discounted Q-value
of the next state®for the maximizing actior®. We then formalize2 as:

< =log(~5(ajs))  maxEewm (sas9[Q (s%a)] = log(~“(ajs)) Q%(s;a):  (12)

Combining this with the count-based approximatigt(ajs) and updatingdS", r, andQ via stochas-

tic approximation yields the model-fré@bular Inverse Q-learninglgorithm (cf. Algorithm 1).

We show the more general case of an online algorithm, i.e., the possibility to add transitions during
training. The algorithm is simple to transfer to the of ine case of estimating the visitation probabilities
beforehand, see Algorithm 3 in the appendix.

Algorithm 1: Tabular Inverse Q-learning

initialize r, Q andQS" and state-action visitation counter

for episode=1::E do

get initial states;

fort =1:T do

observe actio; and next stats;.1 , increment counter(s;;a;) = (St;ap) +1
get probabilities-& (ajs;) for states, and alla 2 A from

updateQ3" by QS(sy; a;) (1 snQ%M(si;a) +  sn( Maxa Q(Si+1 ;@)
calculate for all actiona 2 A: ~2 =log(~ E(ajst)) QSh(a ;@)

updater by r(s;;a) (1 r)r(st a)+ (& + 71 mag D g
updateQ by Q(si;a) (1 @)Q(st;a) + Q(r(st,at) +  MaXa Q(St+1;d))

5 Deep Inverse Q-learning

To cope with continuous state-spaces, we now introduce a vari#@t.ofvith function approximation.

We estimate reward functianwith function approximator( ; j "), parameterized by . The same
holds forQ andQ®", represented b@( ; j ?) andQ®"(; j °") with parameters? and *". To
alleviate the problem of moving targets, we further mtroduce target networkg for "), Q( ; j Q)
andQ®"(; j ), denoted by %(; j 9, QX j 9 andQ3(; j ) and parameterized byo

and SW respectlvely Each coIIected transitits; a;; St+1 ), elther online or in a xed batch, is
stored in replay buffeD. We then sample minibatchés;; ai;Sj+1)1 i m from D to update the
parameters of our function approximators. First, we calculate the target for the Shifted Q-function:

yPh= maxQYsivia 9 (13)

and then appl%/ pne step of gradlent descent on the mean squared error to the respective predictions,
ie.L( Sh= (QS"(si;aij SM ySMm2. We approximate the state-action visitation by classi er
(i ), parameterlzed by and with linear output. Applying the softmax on the outputs of
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(;J ) then maps each stageto a probability distribution over actiorgj, ; . Classier
(;j )istrained to minimize the cross erpiropy between its ipduced probablhty distribution and
the corresponding targets, i.ei( ) = i (si;&) +log jsi €XP (si;a): Given the

prediction§ of (;j ),we can calculate targey$ for reward estimation( ; j ") by:
yiEee T s Y a4)

Si n 1 Si?
b2A a

P
and apply gradient descent on the mean squarelg lefré)y = % (r(si;aij ") yh2. Lastly,
we can perform a gradient step on lass Q) = X (Q(si;aj Q) y2)?, with targetsy?® =

rdsi;aij ')+ maxa Qs+ ;8 ?9; to update 'the parameter@ on( i 9). We update target
networks by Polyak averaging, i.eS® (1 ) SP+ Sho 0 (3 )04 rgnd
Q0 (1 ) Q¥+ Q Details ofDeep Inverse Q- Iearnlngan be found in Algorithm 2.

Algorithm 2: Fixed Batch Deep Inverse Q-learning

input: replay bufferD

initialize networksr (; j "), Q(; j Q) andQSh(; j S andclassier (;j )
initialize target networks%( ; j "9, QY ; j 9 andQS™(; j S

for iteration =1:I do

sample minibatctB = (si;a;Si+1)1 i m fromD

minimize MSE between predictions @"andy>"=  max, QYsi+1;aj 29
minimize CEbetween predictions of and actions;

get probabilities-E(ajs;) for states; and alla2 A from (si;aj )

calculate for all actiona 2 A: ~2 = log(~F(ajsi)) Qs“’(s.PaJ Sho)

minimize MSE between predictions ofandy/ = ~§' + 75 1oa rqsi;b "9 2
minimize MSE between predictions @ andy;* = rqs;;aj "9+ maxa QYsi+1;a 9
update target networks, Q®andQS™

6 Deep Constrained Inverse Q-learning

Following the de nition of Constrained Q-learning ia3], we extendQL to incorporate a set of
constraint<C= f¢ :S A! Rjl1 i Cgshaping the space of safe actions in each state. We
de ne the safe set for constraintasS, (s) = fa2 Aj ¢ (s;a) ¢ 9, where , is a constraint-
speci c threshold, an@®c(s) as the intersection of all safe sets. In addition to the Q-function in IQL,
we estimate a constrained Q-functi@ by:

Cle- Cla- . C

Qsd) (1 o)QUsiA+ oo r(sid+  max Q%(s%a) : (15)
For policy extraction fronQC¢ after Q-learning, only the action-values of the constraint-satisfying
actions must be considered. As shownif][ this formulation of the Q-function optimizes constraint
satisfaction on the long-term and yields the optimal action-values for the induced constrained MDP.
Put differently, including constraints directly in IQL leads to optimal constrained imitation from
unconstrained demonstrations. AnalogoushDiep Inverse Q-learningn Section 5, we can
approximateQ® with function approximatoQ©( ; j ©) and associated target netwa@& q ; j ©9.
We call this algorithnDeep Constrained Inverse Q-learnirgpe pseudocode in the appendix.

7 Experiments

We evaluate the performanceld¥| , IQL andDIQL on the common IRL Objectworld benchmark
(Figure 2a) and compare to MaxEnt IR2]] (closest to IAVI of all entropy-based IRL approaches)
and Deep MaxEnt IRLZ5] (which is able to recover non-linear reward functions). We then show the
potential of constrained imitation KYCIQL on a more complex highway scenario in the open-source
traf ¢ simulator SUMO [14] (Figure 2b).

2For numerical stability, we clip log-probabilities and update action€ ffajs) > , where 1



(a) Objectworld benchmark (b) Autonomous lane-changes in the SUMO traf ¢ simulator

Figure 2: Environments for evaluation of our inverse reinforcement learning algorithms.

7.1 Objectworld Benchmark

The Objectworld environmenip] isanN N map, where an agent chooses between gopg

down left or right or to stayin place per time step. Stochastic transitions take the agent in a random
direction with 30% chance. Objects are randomly put on the grid with certain inner and outer colors
from a set ofC colors. In this work, we use the continuous feature representation, which in@Gdes
binary features, indicating the minimum distance to the nearest object with a speci ¢ inner and outer
color. In the experiments, we udk = 32 and50 objects and learn on expert trajectories of ler@gjth

As measure of performance, we use ¢ixpected value differen¢EVD) metric, originally proposed

in [16]. It represents how suboptimal the learned policy is under the true reward (see appendix for
more details). We compute the state-value under the true reward for the true policy and subtract the
state-value under the true reward for the optimal policy w.r.t. the learned reward. Since our derivation
assumes the expert to follow a Boltzmann distribution over optimal Q-values, we choose the EVD to
be based on the more general stochastic policies. Architectures and hyperparameters are shown in the
appendix. We compare the learned state-value functidé®\f, IQL and MaxEnt IRL (vanilla and

with a single inner step of VI) trained on a dataset with 1.7M transitions that has an action distribution
equivalent to the true underlying Boltzmann distribution for a random Objectworld environment.
The results averaged over ve training runs are shown in Figure 3. All approaches are trained until
convergence (difference of learned reward0 # between iterations)AVI matches the ground truth
distribution almost exactly with an EVD of 0.09 (due to the in nite control problem there are slight
deviations at this point of convergence), whHifgl. shows a low mean EVD of 1.47 and the MaxEnt

IRL methods 11.58 and 4.33, respectively. Additiondl)/I and IQL havetremendouslyower
runtimes than MaxEnt IRL, withi:77 min and21:06 min compared t@:08 h. This illustrates the
dramatic effect ofAVI not needing an inner loop, in contrast to MaxEnt IRL, which has to compute
expected state visitation frequencies of the optimal policy repeatedly. We further compare with a
variant of MaxEnt IRL with only a single inner step of value-iteration (motivated by the approximation

in [8]). Though this variant speeds up the time per iteration considerably, it has a runtit® of

due to a much higher amount of required iterations until convergence. A performance comparison for
different numbers of expert demonstrations is shown in Figure 4. While MaxEnt IRL shows the worst
performance of all approaches, Deep MaxEnt IRL generalizes very well for 8 to 256 trajectories, but
shows high variance and a signi cant increase of the EVD for 512 trajectories. Belélisand

IQL are tabular and converging to match the action distribution of the expert exactly, the algorithms
need more samples than Deep MaxEnt IRL to achieve an EVD close to 0.0 as the action distribution is

IAVI IQL MaxEnt Single Step MaxEnt
EVD 0:09 0:00 1:47 0:14 11:58 0:00 433 0:00
Runtime 0:03 0:0h 0:35 0:0h 8:08 1.0h 122 0:8h

Figure 3: Results for the Objectworld environment, given a data set with an action distribution
equivalent to the true optimal Boltzmann distribution. Visualization of the true and learned state-value
functions (top). Resulting expected value difference and time needed until convergence, mean and
standard deviation over 5 training runs 08:60 GHz CPU (bottom).



Figure 4: Mean EVD and SD over 5 runs for different numbers of demonstrations in Objectworld.

converging to the true underlying Boltzmann distribution of the optimal policy. Our algorithms start
to outperform both MaxEnt methods for more than 256 trajectories and show stable results with low
variance. In the Objectworld experiments, we evallit@L using the true action distribution and
employ function approximation only to estimate Q- and reward values for fair comparison. Improved
generalization can be achieved via approximation of the action distribution, as shown in Section 7.2.
We provide results for a greedy expert policy in Objectworld in Figure 5. IAVI outperforms MaxEnt
IRL also in this setting by multiple orders of magnitude w.r.t. runtime. IAVI and IQL yield a smaller
EVD after less training time. We also address the case of greedy demonstrations in Section 7.2.

IAVI IQL MaxEnt  Single Step MaxEnt
EVD 0:22 0:00 0:22 0:010 28 0:00 296 0:.00
Runtime 0:04 0:0h 0:7 0:0h 5:18 0:3h 594 0:9h

Figure 5: Results for a greedy expert policy in Objectworld, analogously to Figure 3.

7.2 High-level Decision Making for Autonomous Driving

We apply Deep Constrained Inverse Q-Learnibg€(QL) to learn autonomous lane-changes on
highways from demonstrationBCIQL allows for long-term optimal constrained imitation while
always satisfying a given set of constraints, such as traf c rules. In this setup, we transfer driving
styles collected in SUMO from an agent trained without constraints to a different scenario where
all vehicles, including the agent, ought to keep right. This corresponds to the task of transferring
driving styles from US to German highways by including a keep-right constraint referring to a traf ¢
rule in Germany where drivers ought to drive right when there is a gap of atA@astnder the
current velocity. We train on highway scenarios with@G00 mthree-lanes highway and random
numbers of vehicles and driver types. For evaluation, we sample 20 sceaauiwsi for each

simulator setting, state representation, reward function and action space as prop@4gdTing
state-space consists of the relative distances, velocities and relative lane indices of all surrounding
vehicles. The action space consists of a discrete set of actions in lateral diréetgmtaneleft
lane-changeandright lane-changeAcceleration and collision avoidance are controlled by low-level
controllers. As expert, we use a fully-trained DeepSet-Q agent as descrikEl].iThe reward
function of the agent encourages driving smoothly and as close as possible to a desired velocity, as
depicted in Figure 2b. For all agents and networks, we use the architecture propdsBgvimich

can deal with a variable number of surrounding vehicles. Details of the architecture can be found
in the appendix. We traineBliCIQL on5 10* samples of the expert fdiQ®° iterations. The mean
velocities and total number of constraint violations over all scenarios are shown in Figure 6a for the
Expert-DQN agent anBCIQL for ve training runs. DCIQL (green) shows only a minor loss in
performance compared to the expert (red) while satisfying the Keep Right rule, leading to a total
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Figure 6: Results for DCIQL in the autonomous driving task.

number of 0 constraint violations for all scenarios. The DIQL agent is imitating the expert agent
well and achieves near-equivalent performance whilst also trained for only 10° iterations on 5 10%
samples. We further trained a CDQN agent as described in [[13] in the same manner as the DCIQL
agent, but on the true underlying reward function of the MDP. The CDQN agent shows a much worse
performance for the same number of iterations. This emphasizes the potential of our learned reward
function, offering much faster convergence without the necessity of hand-crafted reward engineering.
Compared to our learned reward, the agent trained on the true reward function has a higher demand
for training samples and requires more iterations to achieve a well-performing policy. Figure [6b]
(top) shows the state-value estimations for all possible positions of the agent in a scene of 160 m
with two surrounding vehicles. While the Expert-DQN agent was not trained to include the Keep
Right constraint, the DCIQL agent is satisfying the Keep Right and Safety constraints while still
imitating to overtake the other vehicles in an anticipatory manner. Figure [6b] (bottom) depicts the
performance of DCIQL for different numbers of expert demonstrations. DCIQL shows excellent and
robust performance with only 1000 provided samples, which corresponds to approximately 1=2 h of
driving demonstrations in simulation. Since the reward learned in DCIQL incorporates long-term
information by design, the algorithm is much more data-efficient and thus a very promising approach
for the application on real systems.

8 Conclusion

We introduced the novel Inverse Action-value Iteration algorithm and an accompanying class of
sampling-based variants that provide the first combination of IRL and Q-learning. Our approach
needs to solve the MDP underlying the demonstrated behavior only once leading to a speedup of up
to several orders of magnitude compared to the popular Maximum Entropy IRL algorithm and some
of its variants. In addition, it can accommodate arbitrary non-linear reward functions. Extensions of
DIQL to continuous action spaces and Soft Q-learning, as well as addressing significant bias in the
expert policy are promising directions for future work. Interestingly, our results show that the reward
representation we learn through IRL with our approach can lead to significant speedups compared
to standard RL training with the true immediate reward function, which we hypothesize to result
from the bootstrapping formulation of state-action visitations in our IRL formulation, suggesting
a strong link to successor features [6l [15]. We presented model-free variants and showed how to
extend the algorithms to continuous state-spaces with function approximation. Our deep constrained
IRL algorithm DCIQL is able to guarantee satisfaction of constraints on the long-term for optimal
constrained imitation, even if the original demonstrations violate these constraints. For the application
of learning autonomous lane-changes on highways, we showed that our approach can learn competent
driving strategies satisfying desired constraints at all times from data that corresponds to 30 minutes
of driving demonstrations.
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