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Abstract

A large body of the “Inverse Reinforcement
Learning” (IRL) literature focuses on recovering
the reward function from a set of demonstrations
of an expert agent who acts optimally or noisily
optimally. Nevertheless, some recent works move
away from the optimality assumption to study the
“Learning from a Learner (LfL)” problem, where
the challenge is inferring the reward function of a
learning agent from a sequence of demonstrations
produced by progressively improving policies. In
this work, we take one of the initial steps in ad-
dressing the multi-agent version of this problem
and propose a new algorithm, MA-LfL (Multi-
agent Learning from a Learner). Unlike the state-
of-the-art literature, which recovers the reward
functions from trajectories produced by agents in
some equilibrium, we study the problem of infer-
ring the reward functions of interacting agents in
a general sum stochastic game without assuming
any equilibrium state. The MA-LfL algorithm is
rigorously built on a theoretical result that ensures
its validity in the case of agents learning accord-
ing to a multi-agent soft policy iteration scheme.
We empirically test MA-LfL and we observe high
positive correlation between the recovered reward
functions and the ground truth.

1. Introduction

The “Inverse Reinforcement Learning (IRL)” problem cor-
responds to inferring the reward function of a reinforcement
learning (RL) agent from a set of trajectories. Learning the
reward function, as compared to directly learning the policy
of the demonstrator, allows to have a more succinct descrip-

“Equal contribution 'Department of Computer Science, Univer-
sity of Tuebingen, Tiibingen, Germany. Correspondence to: Mine
Melodi Caliskan <mine.caliskan@uni-tuebingen.de>, Francesco
Chini <francesco.chinil990@gmail.com>, Setareh Maghsudi
<setareh.maghsudi @uni-tuebingen.de>.

Proceedings of the 40" International Conference on Machine
Learning, Honolulu, Hawaii, USA. PMLR 202, 2023. Copyright
2023 by the author(s).

Figure 1. Two autonomous cars from different companies might
optimize different reward functions which are not directly accessi-
ble. For example, one company might prioritize speed and another
one safety or energy efficiency. They share the same environment
(road) and learning the reward function of each other can help
them to predict the other agent behaviour.

tion of the task performed by the agent and this knowledge is
better suited to be transferred to new environments. This is
even more important when the demonstrator is not an expert,
especially when it is under an ongoing policy learning pro-
cess. Learning the reward functions, which do not change
during the learning process, is also crucial in a multi-agent
setting. Consider for instance the case of lane change in a
highway for autonomous cars (Fig. [T). Here the environ-
ment contains multiple private agents, which can observe
each others’ states and actions but cannot access any other
information such as the policies and rewards of others. In-
ferring the reward functions of other agents can be useful to
model and predict their behaviour.

Initial work on IRL typically assumes the reward function
to be linear w.r.t. a set of features (Abbeel & Ng| [2004).
However recent approaches to IRL have been relaxing this
assumption (Ho & Ermonl 2016} [Fu et all, 2017). Early
IRL literature also assumes the observed agent to be an
expert, i.e., to behave optimally or noisy optimally
let al.l 2000; [Ziebart et al.| [2008). Recent work has relaxed
the optimality assumption (Brown et al.} 2019), (Tangkaratt]
and in 2019), the authors have

introduced the “Learning from a Learner (LfL)” problem,
where the challenge is to infer the reward function of a
learning agent from trajectories produced by a sequence of
progressively improving policies. For another approach to
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the LfL. problem see also (Ramponi et al., 2020).

The IRL problem has also been studied in the multi-agent
case (Natarajan et al.||2010), where the goal is to recover the
reward functions of a set of agents interacting in a stochastic
game. In this setting, the agents are usually assumed to be in
a certain equilibrium, such as Nash or correlated equilibrium
(Reddy et al.,[2012). This is quite restrictive considering that
in many real-world applications, such as autonomous cars,
multi-agent systems will likely not be in any equilibrium.

Here we introduce and study the multi-agent version of
the LfL problem. We address the problem of recovering
the reward functions of agents learning in a general-sum
stochastic game. We do not assume the agents to be in
any equilibrium but rather to be independently learning
according to a multi-agent soft policy iteration scheme. To
address this problem, we propose a new algorithm, MA-
LfL (Multi-agent Learning from a Learner), which builds
upon the single agent LfL. algorithm (Jacq et al. 2019).
Our algorithm, which we present both in offline and online
settings, allows each agent to recover the reward functions
of other agents while improving its own policy with respect
to its own reward function. Moreover the recovered reward
functions can be used by the agents to predict the next policy
improvements of the other agents. We include error bounds
both for the reward recovery and the policy improvement
predictions. These are novel contributions even in the single
agent case.

2. Related Work

Our work stems from (Jacq et al.,|2019), where the authors
introduce the LfL. framework. The framework enables an
Observer to learn the reward function of a Learner, who
learn to solve a Markov Decision Process. The motiva-
tion there is to train the Observer with the recovered re-
ward in order to potentially outperform the Learner. In our
multi-agent setting all agents are Observers and Learners
simultaneously. Our motivation is not to make the agents
imitate (Yu et al.,|2019; [Torabi et al.,[2018) or outperform
each other (Jacq et al.,|2019). Rather, we focus on modeling
the agents during an ongoing learning process and we allow
the agents to be heterogeneous, namely to have different
action spaces and different reward functions.

The majority of the state-of-the-art research assumes spe-
cific reward structures, ranging from fully cooperative
games (Natarajan et al., 2010; Barrett et al., 2017} |Le et al.,
2017 Sosi¢ et al., [2017)), to zero-sum games (Lin et al.,
2017). We do not assume any of these restrictions as we al-
low the agents to interact in a general-sum stochastic game.

Multi-agent Adversarial Inverse Reinforcement Learning
(MA-AIRL) (Yu et al.,2019) and Multi-Agent Generative
Adversarial Imitation Learning (MA-GAIL) (Song et al.}

2018) are frameworks with adversarial learning and they
estimate policies and reward functions. In both works there
are no strong assumptions on the reward structure. How-
ever in (Song et al.l [2018) the agents are assumed to be
in a Nash equilibrium. In (Yu et al., 2019)) the agents are
assumed to be in a logistic stochastic best response equilib-
rium (LSBRE), an equilibrium concept which is a stochastic
generalization of Nash and correlated equilibrium. This
reflects the assumption that the agents act sub-optimally,
significantly relaxing the assumptions of early works on
multi-agent IRL (Natarajan et al.,[2010; Reddy et al.,|2012).
We take a step further by assuming the agents to be in a
learning process rather than in an equilibrium.

3. Problem Setting

We consider the problem of N agents with a entropy-
regularized objective acting in a Markov Game.

Definition 3.1. A Markov game (Littman} [1994) M for N
agents is a tuple (S, {A YN T {R}N|, Py,7) , where
S is the state space, A’ is the action set of agent i €
{1,--- N}, T :S8 x At x ... AN — P(S) is the tran-
sition function, R*: S x A! x ... AN — R is the reward
function of agenti € {1,--- , N}, Py € P(S) is the initial
state distribution, and 0 < v < 1 is the discount factor.

Definition 3.2. A policy for agent i is a map 7°: S —
P(AY), where P(A") denotes the set of probability mea-
sures over A’s. Given policies 7',..., 7", we use 7
to denote the joint policy w: S — P (A x -+ x AV),
where 7 (a',...,a"]s) = [[L, 7" (a’|s). Moreover,
a = (a',...,a") is the the joint action profile of all
agents. Besides, a™* = (a',...,a""!,a™, ... a") and
7" (a¥s) = [1;.m (al|s) respectively denote the
joint action and the joint policy of the opponents of agent s.
Remark 3.3. Note that we do not assume the existence of a
centralized actor. The symbol 7 only denotes the product
of IV individual policies.

Assumption 3.4. In our setting, agents have access to states
s and actions a of all agents. However each agent ¢ can only
observe its own reward R'.

3.1. Entropy-regularized objective

In a standard stochastic game, the objective of each agent
1 is to find a policy 7* that maximizes the expected total
discounted reward. Formally,

j(wi) = i]E . Z’thi (st,at_i,ai)
iliNTr_q‘, t>0
a ‘'~ =

Remark 3.5. Note that the reward of every agent i, R,
depends also on the actions of other agents. Consequently,
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also the objective depends on the joint policy 7 ¢ of other

agents.

Assumption 3.6. We assume that the objective is entropy
regularized; i.e., each agent ¢ maximizes

Jon(m') = E_ 1> A" (By+aH) |, (D)

>0
where Ri = R'(sy,ay), Hy = H(7'(|sy)) =
- ]ET( ‘ [In7(a’|s)] is the Shannon entropy and a > 0

is a coefficient that controls the the degree of regularization.

Entropy regularization has been introduced in the RL liter-
ature as an approach to tackle the exploration-exploitation
dilemma (Haarnoja et al., 2017; 2018)).

Definition 3.7. Given a joint policy 7, the soft ()-value
function for agent ¢ is defined as

Qi (s,a) = Ry +E

> oA (B + aHt)] . @

t>0

forevery s € S,a € A' x --- x AN, Rl = R’ (s¢,a4),

He=H (7' (|s1)).

Remark 3.8. Itis straightforward to show that quﬁ satisfies
the following Bellman equation
Qi (s.0) = R' (s, a)
+E[QG (5',a) + o (x' (15)]. (3)

4. Multi-agent Soft Policy Iteration

Our MA-LfL algorithm is built on the assumption that the
agents are learning according to a multi-agent soft policy
iteration (MA-SPI), which we derive from SPI in the sin-
gle agent case. Before introducing the proposed MA-LfL
algorithm, in this section we explain in detail the MA-SPI al-
gorithm. Similar to many policy iteration algorithms (Sutton
& Barto, [2018)), it consists of a policy evaluation step and a
policy improvement one and is an on-policy algorithm.

4.1. Reducing a Markov Game to a Single Agent
Markov Decision Process

Let us recall here the statement of the theorem that underlies
the single agent SPI algorithm, which guarantees that it
improves policies monotonically.

Theorem 4.1 (Theorem 4 in Appendix A of (Haarnoja et al.,
2017)). Given a policy m in a entropy regularized Markov
Decision Process, define a new policy Ty, as

quft(

7Tnew('|5) X exp (Oés’)> ) (4)

for every state s, where « is the entropy coefficient. Then it
follows that Qfoﬂ (s,a) > Q%,(s,a), for every state-action
pair (s, a).

We report here the statement of the theorem that underlies
the single agent LfL algorithm of Jacq et al. (2019).

Theorem 4.2 (Theorem 2 in (Jacq et al., |2019)). Let m
and Ty, two consecutive policies in an entropy regularized
Markov Decision Process, with entropy coefficient o, such
that m,., is the single agent soft policy improvement given
by @). Then the following reward function

R(s,a) = alnmue(als)
+ Oﬂ’s'IEp[DKL (7 (-[8") | 7new (-]5"))]

coincides with the actual reward function R, up to a shaping
-which will be defined in Section[#.4] Namely,
!/
7 E [o(s)],

R(s,a) = R(s,a) + g(s)

where g is a function defined on the state space.

Definition 4.3. Let M = (S, {Az}l LT ARIY L Py, )
be a Markov game and let v~* a joint policy for all agents
except for agent i. We define the single agent Markov

e S=3;

o« A=Al

* P(s'|s,a) = P(s'|s,a™,a)m~(a");
. E(&a) = E _‘[Ri(s,a_i,a)];
=7

For agent 4, a policy 7’ defines a policy for the MDP M.
Moreover, if 7w~ remains fixed, then the entropy regularized
objective in Eq[I]is equal to the entropy regularized objective
for ./T/l/Z i.e.,

jsoft Z'Y ( (s¢,at) +O/H( ( ‘St)))
t>0
4.2. Policy Evaluation

Given a joint policy T = Hfil 7', each agent i learns the
expectation of Qsoﬁ with respect to 7~ during the run of
some episodes. From the perspective of agent ¢, during the
evaluation phase, the other agents can be thought of being
part of the environment, by absorbing the policy 7w into
the dynamics. Therefore, during the evaluation phase, the
Markov game is equivalent to a Markov Decision Process
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M for agent ¢ and the expectatlon of Q™' is in fact the

soft
soft () function Qsoﬁ w.Lt. to M’. Hence, agent i learns

éso’rt(s a) ]E _

a"t~

ference learning based on the Bellman equation Eq (3):

, Qii(s.a i,ai)} via temporal dif-

Qru(s,a') = R (s,a")
+9E [Qols's ) + 0F (7 (1) | 5)
where R (s,a?) = _E [R'(s,a™",a)].

4.3. Policy Improvement

Definition 4.4. Given a policy 7 for agent i and 7w~ for
the opponents, the soft policy improvement for agent ¢ is
defined as

Tn(019) x 00 (2 0lsa)) . ©)

where Qwh( )= E [Q::)ft (s,a™, )] In the fol-

lowing we will will use the notation SPL—: (7
the soft policy improvement 7

%) to denote

new*
Assumption 4.5. We assume all the agent to update their
policies simultaneously

N
= [[SPLe-i(n
i=1

Lemma 4.6. Let ézfoﬂ be the soft Q-value function for a

T new

policy ©* as a policy for the MDP M. Formally,
5o ()|
t>0

where R, = f{(st,at) and Hy = H (Wi(-|8t). Then we

have

Qn(s,a’) = R(s,a’) + E

Qipls.a) = E |QTji(s,a™a")]
where ™ = w7’ and Q:)f: is the soft Q-value function of
T for agent i in the Markov game M.

Proof. The proof follows immediately from the definition
of M given above. O

Theorem 4.7 (Soft-policy Improvement Theorem). Let 7'
be a policy for agent i and ®=* a joint policy for other
agents and let 7t = SPL.—: (") as defined in (6).

new

Then for every a* € A, we have

Qi (s,a') = Qfi(s.a")

where Q;ﬁ(s,ai) = E [Q;’;ff (s,a’ﬂaﬂ} and
a ~T T
Thew = Moo

Proof. As explained above, when the policies 7~ for the
other agents are held fixed, which is guaranteed by Assump-
tion the Markov game reduces to a MDP M for agent
i. Therefore the proof follows directly from (6)) and Theo-

rem 411 O

Remark 4.8. As a consequence of Theorem below,
mi.(al]s) is the greedy improvement for agent i w.r.t. the
opponents joint policy 7 ¢, namely

Thew(@]s) =argmax{ B [Qi(s,a,a)]
e a”'~m
aNTrneW

In other words the soft policy update is guaranteed to be an
improvement for agent ¢ in the case where the other agents
do not change their policy 7. However in our setting we
assume all the agents to update their policies simultaneously,
therefore there is no guarantee that the policy update is an
actual improvement.

4.4. Invariance Under Reward Shaping

The classical IRL problem is ill-posed (Ng et al.,[2000); that
is, the solution is not unique, as several different reward
functions explain the behavior of an optimal agent. Similar
difficulties arise in the LfL setting (Jacq et al.,[2019)) because
the single-agent Soft Policy Iteration algorithm is invariant
under reward shaping. Naturally, the multi-agent setting
inherits the same issue. More precisely, if we transform
the reward function of an agent i by adding a shaping, then
the soft policy improvement Eq (6) is still the same. A
function sh: S x A' x --- x AN — R is called shaping
if there exists a function g: & — R such that sh(s,a) =

g(s) =~ , E  [g(s)].

s'~P(s,a)
Lemma 4.9 (SPI invariance under shaping). Let RY: S x
Al x oo x AN S Rand Ry: S x A' x - x AV = R
two reward functions for agent i such that for every s €
S a=(al,...;a") € A' x - x AN: Ri(s,a) =
R} (s,a) + sh(s,a). Let SPI._, and SPI>_; be the soft
policy improvement operators induced respectively by R}
and Rb. Then for every policy '
SPIL_.(r") = SPIZ_.(7").

Proof. The proof is a simple extension of the proofs of
Lemma 1 and Theorem 1 in (Jacq et al.,[2019). O

5. Multi-Agent Learning from Learners

In this section, we explain how each agent ¢ can recover
an estimation R of the reward function R’ of each other
agent after a certain number of MA-SPI steps, as described
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Algorithm 1 Multi-agent Soft Policy Iteration (MA-SPI)

Initialization 7’ < Uniformly random policy, for i =
1,...,N.
for h = 1to H do
Initialize Qsoﬁ 0, fori=1,...,N
for each episode do
t+0
S ~ PO
while s; not terminal do
Each agent i chooses ai ~ 7(-|s;)
Each agent i observes R’ (s¢, a;)
St41 ™~ P(st,at)
Each agent ¢ chooses at+1 ~ 7i(-]8141)

Each agent ¢ updates Q according to Eq (5
t—t+1
end while
Each agent simultaneously i updates 7% «— SPI(7*)
using Eq (6)
end for
end for

soft

in Section[d] We call this algorithm Multi Agent Learning
from a Learner (MA-LfL), as it is a multi-agent extension
of the LfL algorithm developed in (Jacq et al., 2019). The
pseudocode is given in Algorithm [2]

The core of the proposed MA-LfL algorithm is the theorem
below, which states the following: From the observation
of one soft policy improvement for an agent ¢, namely ob-
serving two consecutive policies 7% and SPL,—: (%), it is
possible to recover the expectation w.r.t. 7~ of the reward
function R’, up to a shaping.

Theorem 5.1 (Recovering reward up to shaping). Let w—*
be a joint policy for all the agents except i. Besides, T° is
a policy for i and i, = SPIL.—i(7") is the soft policy

improvement given by Eq ((6). Then

ﬂE » [ﬁ(s,af",ai)} =aln7!, (a']s)+
oy E - [Dalr' () (s)] . 7

s'~P(:|s,a”%a%)

where Ri(s,a™" a') = Ri(s,a™",
sh: S x A' x

a') + sh(s,a”
- x AN — R is a shaping.

i’ai) ’

Proof. As in the proof of Theorem | if 7r—% remains fixed,
for agent ¢, the Markov game M reduces to the Markov deci-
sion process M as defined in Sectlon From Lemma.

we have that wnew( |s) o exp ( sOft(s )) Therefore, us-

ing Theorem we can recover the reward R of M up to

a shaping. Formally,

R(s,a') =aln7’,,(a
ary /Eﬁ [DK]_ <7T7(

|
1l Cls))], @

R(s,a’) = R(s, - IE}; [9(s)], )

a') +g(s)

for some functiong: § — S.

From the definition of the Markov decision process M in
Section[4.1] and Eq (9), we rewrite Eq (8] as

[Dxw (7" (18 1mpen (1)) ] -

E {ﬁ(s,a_i,ai)} = alnn!
a—irom—1

+ay E
S~P(]s,a)

O

Remark 5.2. As mentioned in Remark [4.8] the MA-SPI
algorithm is not guaranteed to improve agents’ policies.
However our reward recovering MA-LfL algorithm only
relies on the way agents are updating their policies and it is
not affected on whether the agents are actually improving.

5.1. Estimating Other Agent Policies

Theorem [5.1] allows each agent to extract information about
the reward functions of each other agents given their policies.
In practice, agents can only observe the actions of each
other; therefore, to apply Theorem[5.1] they must learn the
policies from the observed trajectories. Every agent uses the
entropy regularized maximum likelihood estimation (MLE)
method to estimate other agents’ policies from the observed
trajectories.

Letm = Hf\il 7 be a joint policy for the agents, and D
represent a set of trajectories D = {71, ..., 7k } produced
by 7. Each trajectory 7, is a sequence of states and actions
Tk = {Sk,0, k05 Sk,1, Ok 1,-- } Each agent j learns a
parameterized approximation 7; = 7, of the policy 7" of

agent ¢ by maximizing the entropy regularlzed likelihood
L(0%). Formally,

-y T

k=1 (s,at)€Ts

[5)) + MH (75([5))
(10)

where A > 0 is the entropy regularization parameter.

5.2. Estimating Rewards from Trajectories

Now we discuss how each agent learns the rewards of
other agents after a specific number of MA-SPI steps. Let
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{mo,m1,...,wy} be the H + 1 joint policies for NV agents
obtained while performing the MA-SPI algorithm (Algo-
rithm for H rounds; i.e., for every for h = 1,... H, let
7, = SPI(mp_1). Moreover, let Dy, be the set of trajecto-
ries produced by the agents with the joint policy 7}, during
the h-th MA-SPL

Let ]%; = IA%;Z be a parametrization of reward R’ that agent
i

Jj is attempts to learn. As explained in Section [5.1] agent
j can learn {r}, 7}, ..., 7%} from {Dy, D1,..., Dy} re-
spectively. From those learned policies, agent j computes
H targets {Y1, ..., Yy} according to Theorem[5.1] defined
as

Yi(s,a') = alnm}, (a’|s) +
oy B [Da(mhoa (1) (1)), an

a Tt

s'~P(:|s,a)
foreveryh=1,... , H.

Recall that from each improvement 7§ 221y i +1- Theo-
rem allows inferring the expectation of R? + shy,, where
shy, is a shaping function. Observe that we use the index
h because for different improvements, we might have dif-
ferent shapings. Since shy, is a shaping, by definition (see
Section @, there exists a function g, : S — R such that

shp(s,a) = gn(s) — lgn(s")] -

E
s'~P([s.a)
Definition 5.3. Let g,, be a parametrization of g,. We
define the loss function for the parameters ¢’ of ]:2; =

R;i (s,a™% a’) as

E;- (gb;) = min

POy (E;+Sh¢h(s7s/)_yh)27

H
}; (s,a,s’)EDy,
12)
where shy, (s,8") = Gn (s) — Y9y (s").
Remark 5.4. The optimization of the loss function above is
directly affected by the policy inference success, because

the target values Y},’s are produced by the inferred policies.

5.3. Semi-online MA-LfLL

In the previous section, we explained how agents learn the
reward functions of other agents in a offline manner from a
collection of sets of trajectories generated during a number

Algorithm 2 Multi-agent Learning from a Learner (MA-
LfL)
Run Algorithm [I] and generate sets of trajectories
{Dn}i, using {mn}iL,
for h =1to H do
for each agent j,i =1,..., N, j #ido
Agent j learns estimate 7} from Dy, via Eq
Agent j computes targets Y}’ using Eq
end for
end for
Each agent 5 computes R} via Eq
Return f%; foreachj,i=1,...,N,j #i.

of MA-SPI iterations. However, MA-LfL can also be per-
formed semi-online, meaning that each agent maintains an
estimation of the reward functions of the opponent which
is updated after each MA-SPI step. Since entropy regu-
larized maximum likelihood estimation can be performed
online, each agent can learn the policies of the opponents in
a streaming manner, during each MA-SPI step.

Now, consider the /-th MA-SPI step. Then agent j updates
the parameters ¢} of R’ using the gradient V.L}, as in a
mini-batch gradient descent, where [,{L is the following loss
function

LLen =

(s,a,8")EDy

n . 2
(R}(s, a=",a’) + shy, (s, s') — Yh) ,

where Sh?/)h (sv 8/) = Gy (S) — VG (3/)'

After the h-th iteration of MA-SPI, to predict the next soft
policy improvement of the opponents using (6], each agent
) [Q;}:(s, a™’, az)}
for each other agent <. That is doable with an off-line version
of TD-learning or Monte Carlo (Sutton & Barto, 2018) .from
the trajectories in Dj,, using the current estimations R; and
7" instead of R* and 7.

j has to estimate Q™ (s,a’) = E

a~ it~

Remark 5.5. When performing MA-LfL online, the agents
must assess the quality of their current estimations of other
agents’ reward functions. One way to do so is to use the
current rewards estimations to predict future soft policy
improvements followed by observing the actual ones. If the
agents have valid estimations of the reward functions, their
predictions of the soft policy improvements will be close
to the actual ones. We will provide more details on how to
bound the reward estimation error in the next Section[6]

6. Error Bound Analysis

In this section we provide a bound on the error on the recov-
ered reward functions in terms of the policies improvement
prediction error in Theorem [6.3] and Theorem [6.1] Con-



Multi-Agent Learning from Learners

versely, we also provide a bound on the policy improvement
prediction error in terms of the error on the recovered re-
wards in Theorem[6.5] In Appendix [A] we state and prove
the single-agent version of these results for the LfL frame-
work of (Jacq et al.,[2019) and in Appendix [B]we extend
the proofs to our multi-agent setting.

6.1. Reward Recovery Error Bound

Theorem 6.1. Let R? be the reward function for agent i
and let ]:Z; be the reward estimation of R learned by agent
j. Let 7' a policy for agent i and ™" a joint policy for
the other agents. Let i, = SPI.—i(7") be the soft policy

new

improvement as defined in Theorem and let 7%, be

new

the soft policy improvement predicted by agent j using R;

~q i, Rl
namEIy 7rll1ew X exp (éEﬂ'7 [met J]> If

|In7i, (a'ls) —In#l,, (a'|s)| <6,

new new

sup
atc Al seS

then there exists a shaping sh such that for every s € S and
at e Al

[ [R?

](s,a*i,ai) — (R + sh)(s,aii,ai)} | <e,

where
e =da(l+7),

and o is the entropy coefficient and -y is the discount factor.

Proof. See Appendix O

Corollary 6.2. Consider the case in which R* and R are
state-only dependent reward functions. If

sup |1n7ri (a’|s) — In#’ (ai|s)|<5

) ] new new
atc AtseS

there exists a shaping sh: S x A" — S such that depends
only on the state and the actions of agent i such that

sup
s€ESaie Al

R;(s) — (Ri(s) + sh(s, ai))‘ <e,

where € = da(1 + ), and « is the entropy coefficient and
v is the discount factor.

Proof. Follows directly from Theorem [6.1] O

In the special case of state-only dependent reward function,
we can provide another error bound that depends on the
KL-divergence between the predicted and the actual soft
policy improvement.

Theorem 6.3. Let us assume the reward function R* for
agent i and its estimation ]:23 maintained by agent j to be
state-only dependent. Let © be a policy for the agent i,
7y = SPL.—: (7?) its soft policy improvement and let 7°
be the soft policy improvement predicted by the agent j. Let
us assume A° to be a finite set and let | A*| be its cardinality.
If
Sl;p Dkt (ﬂ_rllew(' |8) H’frrltew(' ‘S)) < 6;

then there exists a shaping sh: S x A* — R, that depends
only on states and on the actions of agent i, such that

sup | R (s) — Eoimni(s)(R'(s) 4 sh(s,a’))| <e,
s€S

where ‘
E = 5 <]_ J’_'}/|Al|ea(lA’Y)) N

« is the entropy coefficient, vy is the discount factor and /'
is the maximum gap for R', namely A" = sup s R'(s) —
infses R (s).

Proof. See Appendix O

Remark 6.4. The assumptions in Theorem on the finite-
ness of the action space A’ and the fact that R’ is a function
only of the state are not so restrictive. Moreover the error
bound on the estimation error for the reward is express in
terms of the bound on the KL-divergence, which can be
learned in practice by agent j.

6.2. Policy Improvement Prediction Error Bound

The recovered rewards allow the agents to predict the soft
policy improvements of each other agents. The following
theorem provides a bound on the KL-divergence between
the actual improvement and the predicted improvement.

Theorem 6.5. Let R be the reward function for agent i and
let R; be an estimation recovered by agent j. Let i, =
SPlr—i (772) be the actual policy improvement of the policy
7', and 7', the soft policy improvement predicted by agent

A1’!(514(

J using R; Let § > 0 be such that forall s € S,a* € A’
‘an,ﬁ [f%(s,a) —(R+ sh)(s,a)} \ <6
for a shaping sh. Then

)

sup DKL(W;L;evv(’|S)|’frnew("s)) <g,

seS
1 |AY
=4 _
: <a(1—7) * eiﬁ) ’

and o is the entropy coefficient and -y is the discount factor.

where

Proof. See Appendix B. O
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7. Experiments

We test MA-LfL experimentally in a 3 X 3 deterministic
grid world environments. The agents always start at the
top-left cell and try to reach to the bottom-right cell. Our
experimental setting involves two agents, i.e., N = 2. We
emphasize that our theoretical results hold regardless of the
number of agents. We assume the transition function is
deterministic and known. The action space includes five
actions: move up, down, left, and right, or stay.

We use two different reward functions in order to demon-
strate our algorithm achieves reward recovery in general-
sum games: Myon: Homogeneous reward function as a
combination of Manhattan disjoint distance Eq (13) and
Mhe: Heterogenous reward function as a combination of
Manhattan joint and disjoint distance Eq (14).

Definition 7.1. Let p, = (z4,y,) be a goal location and
p;(t) = (z4,vi), p;(t) = (z;,y;) be the positions of agent
1 and agent j at time ¢. Then we define

Myom(t) = =lIpi(t) = Pyl + [lp;(t) =2yl (13)

and

—[lpi(t) = Pyl = llps(t) —p; (D)2 A#1

—lp:(t) = pylls + lp;(t) — p; ()|l A#2
(14)

leet(t) = {

for both agents ¢ = 1, 2.

A#2

|

.

I
A#l

(a) The grid world. (b) Example reward calcu-

lation.

Figure 2. (a) Agents start at the top-left grid and the goal location
is the bottom-right. Every time agents arrive to the goal location,
their states are reset as the start cell. (b) Purple lines indicates the
Manhattan distance between two agents and green lines indicates
the Manhattan distance between Agent #2 and the goal location.

In the Mo, setting, the agents try to minimize the distance
between themselves and the goal while at the same time
trying to stay as far away from each other as possible. In
M, similarly, both agents try to minimize the distance
between themselves and the goal, however, while one agent
tries to stay as close to the other as possible the other agent
tries to stay away.

We measure the performance of MA-LfL by computing the
correlation between the recovered rewards with the ground-
truth ones. In all cases in our experiments, agents have no
access to the other agents’ policies or rewards, and they
use state-action models for estimating the reward functions.
However, since all the experiments consist of simulations,
we have access to the ground-truth reward functions that
we use for the evaluation. We use statistical correlation
metrics Pearson’s correlation coefficient (PCC) for linear
correlation and Spearman’s correlation coefficient (SCC) for
rank correlation to compare the estimated reward functions
with the actual rewards. In our experiments, we demonstrate
recovery of rewards MA-LfL achieves using MA-SPI in
both the heterogeneous and the homogeneous reward cases.
We present our results in Table. [T}

Metric Mhom M
PCC #1 | 0.48 £0.06 | 0.45 £+ 0.04
PCC#2 | 0.59 £0.02 | 0.42 +£0.02
P 0.54 +0.03 | 0.44 +£0.01
SCC#1 | 044 £0.14 | 0.51 £0.02
SCC#2 | 0.60£0.04 | 043 +£0.03
S 0.52 +0.06 | 0.47 £ 0.01

Table 1. Pearson’s correlation coefficients (PCC) and Spearman’s
correlation coefficients (SCC) of Agent 1 and Agent 2 between
true reward functions and estimated reward functions. P and S
are the averaged scores of PCC and SCC over both agents. Mean
and variance are taken from the experiments with different random
seeds.

055

050
045
0.40

0.35

Carrelation

030

0.25

0.20

Iterations

Figure 3. The quality of recovered rewards has a logarithmic
growth rate as the agents improve their policies. In our exper-
iments, we observed that agents were able to recover rewards
using only 10 iterations in a 3 x 3 grid world.

As a baseline for correlation coefficients, we calculated
correlation between estimated joint and disjoint rewards to
disjoint and joint ground truths respectively. Results are
given in Table 2}
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Estimated Reward | Manh. Disjoint | Manh. Joint
Manhattan Disiomnt | PCC: 0-55 PCC: 0.4
anhattan Asjomt - gy 0.57 SCC: 0.37
. PCC: 0.32 PCC: 0.47
Manhattan Joint SCC: 033 SCC: 0.51

Table 2. Cross-correlation between ground truths and estimations
of two reward functions. All correlations are positive due to their
very similar structure, however the correlations between the recov-
ered rewards and their correspondent ground truths are higher.

8. Discussion on Generalization to Different
Frameworks

Even though reward recovering in MA-LfL is based on the
assumption of agents are using MA-SPI to optimize their
policies, MA-LfL could potentially be used when agents op-
timize their policies with different models as demonstrated
in single-agent case (Jacq et al.,[2019).

We expect MA-LfL to perform well with learning frame-
works that have similar characteristics to SPI. SPI is an
on-policy algorithm which it makes it easier for an observ-
ing agent to infer the policies from trajectories generated
with a fixed policy. Off-policy algorithms such as SAC for
continuous environments and Soft Q-learning for discrete
environments might be desirable by practitioners because of
sample efficiency, but the fact that constant updates of the
policies after each step requires some care to compensate po-
tential errors in inferring the policy of other agents from the
generated trajectories. Another important characteristic of
SPI is that it optimizes a stochastic policy which encourages
exploration while agents optimize their own policy, espe-
cially in the sparse reward cases. Since PPO maintains both
characteristics, it would be reasonable to expect MA-LfL to
perform well under this learning framework as an alternative
to SPI, in continuous and high-dimensional environments.

9. Conclusion

We propose MA-LfL, a multi-agent algorithm that allows
inverse reinforcement learning in an entropy-regularized
reinforcement learning setting. The input data of our al-
gorithm are trajectories produced by agents that are not
assumed to be in any equilibrium, but rather are learning ac-
cording to a multi-agent soft policy iteration (MA-SPI). The
reward functions recovered by MA-LfL in our experiments
show high correlation with the ground truth ones.

Some of the potential applications of our MA-LfL algorithm
are: imitation learning from multi-agent systems which have
not yet reached an equilibrium, allowing the use of MARL
algorithms that explicitly use the knowledge of all the agents
reward functions in scenarios where those are not accessible,
the promotion of fairness or to further collaboration in social

dilemmas such as the Prisoner’s Dilemma by letting each
agent being aware of other agents’ rewards. However, since
MA-LfL allows agents to recover rewards only up to a
shaping, some care is required, especially in scenarios with
many agents.

As a future work, it would be valuable to study general-
ization of MA-LfL over different learning frameworks and
more experimental investigations would provide useful in-
sights. Investigating the scalability and performance on
partially observable scenarios would also be worthful.
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A. Proofs of the error bounds for the single-agent case

For the sake of clarity, we start by presenting a single agent version of the theorems in Section[6] In Appendix [B] we will
discuss how to extend them to the multi-agent case. In this section, we use terminology of Learner and Observer as in (Jacq
et al.,[2019), where the Learner is the RL agent and the Observer is the IRL algorithm.

A.1. Single-agent setting

In the single-agent LfL setting (Jacq et al.| 2019)), an agent, called the Learner, is learning to solve a Markov Decision
Process M = (S, A, P, R, Py, ~y) via soft-policy iteration. Namely, the Learner starts with a policy 7y and it subsequantially

0 1
improves to m; X exp Q‘““T(m), then 71 will be improved to ™5 < exp W and so on. The Observer, namely the IRL
algorithm, perceives trajectories generated by the policies g, 1, . . ., i of the Learner agent and infers its reward function
R.

A.2. Reward recovery error bounds

Let 7 be a policy for the Learner and let R an estimation of the reward R maintained by the Observer. In the following we

denote by Qfo’f? the actual soft Q function for 7, and Q™%

it the soft @) function for = computed w.r.t. R. Namely

sz;flt%(sv a) = R(S’ CL) + ’YETF lz 7t(R(St’ at) + aH<ﬂ(|5t)>‘|
and

QT (s,a) = R(s,a) + 1Ex

>yt (Rsear) + aH<w<~|st>>] :

t=0

R
Note that the Observer can }earn Qoo

Observer can then use Q;’f? to predict the future soft policy improvement of the Learner. Theorem and Theorem
quantify the error of the reward estimation in terms of the soft policy improvement prediction error.

from the trajectories produced by the policy 7 of the Learner using its R of R. The

Theorem A.1. Let R be the actual reward and let R be an estimation recovered by the Observer. Then if

sup  |In me(als) — In e (als)| < 6,
ac€A,seS

then there exists a shaping sh such that

sup  |R(s,a) — (R+ sh)(s,a)| < e,
a€A,s€S

where € = da (1 + 7).

Proof. From the definition of soft policy improvement, we have that for every s € S and a € A

In Ty (als) — 0 e (als) = + (QI5t(s, @) — QL (s, ) + £(5))

R ~
Qi (s,d)

where f(s) = InZ(s) — In Z(s), and Z(s) and Z(s) are the normalizing terms Z(s) = Yaca€ =  and Z(s) =

::]RR(S’&)
Daeat =~ . From Lemma 1 in (Jacq et al, 2019), we have that there exists a shaping sh: S x A — R such that

1 .
lnﬂ'new(a|5) - lnﬁ'new(a|5) = a (Q;:)’flt{JrSh(sv CL) - Q:;)’ftR(Sa a)) .

11
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From the soft Bellman equations for Q;‘th and Q’T’f{, we have

R(s, a) — (R+ sh)(s,a)| = Q;’f}f’(s, a) — Q&?Hh(s, a)] — v

a ~T

E Q) = Qi (o', o)

= a|In Fpew(als) — In mpew(als) — v 7/]EP [In Frpew (a’[s") — In Tpew (a']s”)]

a ~T

<ad(1+7).

Therefore

sup |R(s,a) — (R+ sh)(s,a)| < ad (1+7).

a,s

In the same spirit as Theorem [A T] the following theorem provides an error bound on the recovered reward function in terms
on the soft policy prediction error. Here the error bound does depend also on the size of the action space |.A| and on the gap
A = sup R — inf R. However, instead of assuming a strong bound on the difference between the logarithm of the predicted
improvement and the logarithm of the actual one, here it is enough to use a bound on the KL-divergence.

Theorem A.2 (Single-agent LfL). Let R be the actual reward and let R be an estimation recovered by the Observer. Let
us assume A to be finite and let A = sup,¢ 4 scs R(s,a) — infaca,ses R(s,a). Let 7 be a policy for the Learner. Let
Qi

Tpew X €XP be the soft policy improvement predicted by the Observer. Let § > 0 be such that

sug D¢, (Tnew ([8) | Tnew(:|8)) < 0,
s€

then there exists a shaping sh: S x A — R such that for every s € S
Earnn, [R(5,0)| = Eann, [(R+ 5h)(s,0)]| < e,

where

aza(1+|A|eﬁ).

Proof. From the definition of soft policy improvement, we have that for every s € S and a € A

In Tyew(als) — In figew (als) = é (Q;’f{?‘(s, a) — Q;’f}f’(s, a) + f(s)) ,

. . Qs .
where f(s) = InZ(s) —InZ(s), and Z(s) and Z(s) are the normalizing terms Z(s) = > . ea— and Z(s) =

QT (s,a)

> e= . From Lemma 1 in (Jacq et al, 2019), we have that there exists a shaping sh: S x A — R such that

(@ (s,0) - QL (5, )

QI

In Tpew (al$) — In e (as) =

12
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From the Bellman equation for the soft () function, we have

E [R(s,a) — (R+ sh)(s,a)]

A~ Thew
,R+sh R R ,R+sh
= GNE Q:;)ft (s a) - Q:of: (s,a) — 7E5’~P(-\s,a) [Q:oft (s',a") = Q:;)ft ° (5/7GI)H
new a//NTr(~‘(‘,‘/)
R ,R+sh ,R+sh R
<] B [05f.0 - Q][4 [E e [QEE0) - Qs
A Thew s'~P(-|s,a)
a’~m(-]s")

E [Inmpew(als) — In fpew (als)]

A~ Tnew

+ ’)’ ]E A~ Tpew
s'~P(-|s,a)
o/~ (-]s')

= Dxr (Tnew (*8) | Fnew (+8)) + 7 [E o [In Thew (@' |8") — In Frew (a|8)]
o/~ (-]3")

[In Tpew (a'[s") — In Fpew(a’|s")]

Let us now analyze the second term on right-hand side. Our goal is to bound it with the expectation w.r.t. to ey SO We can
use our assumption on the KL-divergence between myey and ey -

Eas () [0 Thew ([ s") — lnﬁ(a’|s')]’ =

Z m(a’|s") (InTpew (@' |8") — In Frpew (a’[s"))

a’eA

a’'€ A

(%) A
< |Ale=@= sup
S

>

a’eA

D Tnew(@']8) (I Toew (@/[8) = In Frpe (a’57))

m(a'|s")

Tnew (@' |8")

(=)

Tnew (@'|8") (I Tpew (a']8) — In pew (a']s"))

< |Ales 0,

The inequality () follows from the following observation. Observe that

ary e G e N G0
_mlels) ‘;9 ), =7(a'|s") Z e a < |A|eﬁ.
Fenta) ~ T 2
The last inequality follows from the fact that QT (s, a) — QT (s, a’) < ﬁA, forevery 5,5’ € Sanda,a’ € A. O

A.3. Soft Policy Improvement prediction error bound

As discuss in the previous section, the Observer can use the recovered reward to predict the next soft policy improvements
of the Learner. Here we prove an error bound of the prediction in terms of the reward estimation error.

Theorem A.3 (Single agent LfL.). Let R be the actual reward and let R be an estimation recovered by the Observer. Let
Tnew 1S the actual policy improvement of the policy T and Ty, is the predicted policy improvement of the actual policy 7
using recovered reward R. If there exist 6 > 0 and a shaping sh: S x A — R such that

sup |R(s,a) — (R+ sh)(s,a)| <&
s€S,ac A
then
sup DKL(T‘—new"ﬁ-new) <e
s€S,acA
where ) Al
=0 . .
=G+ )

13
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Proof. Forevery s € S

[ DKL (Tnew (+15) [ Fnew (+15)) = aN]]:E [In 7new(als) — In#(als)]
1 . - 5
= EGNI% [QSR;ISh’ (s,a) —alnZ(s) — Qﬁ’ﬁ (s,a) +aln Z(s)}
1 - - ;
- l Z ((R+ sh)(sy,a) — R(sy,a0)) | | — (InZ(s) — In Z(s)),
new O
where Z(s) and Z(s) are the normalizing factors
SI(TTSh 71'(5 @) Lo sol (S a)
Z P Z(s) = Z e &
acA acA

Therefore, using the assumption and the property that In (%) =1In (% + 1) < =¥, we have

| DKL (Tnew (+]5) | frnew (+]5))| < +

B. Proofs of the error bounds in the multi-agent case

Here we include the proofs of Theorem [6.1} Theorem [6.3] and Theorem6.5] which are the multi-agent extensions of
Theorem[AT] Theorem[A.2]and Theorem[A3]in Appendix [A]

Proof of Theorem[6.1] Similar to the proof of Theorem [A-T] we can write
i - i 1 w, R +s —i i R —i i
In ey (a']5) — In ey (@']5) = — (Epmi oo [ Q7" (5,07 ') = QT (5,07 a")] ). (15)

for a certain shaping sh: S x A x ... AN = R,
Using (T3] and the Bellman equation (3), we can write

E_ [Ri(s.a7a’) = (B +sh)(s,a™,a")| ‘

a it~

a ‘~T
s'~P(:]s,a)
atnr ()

= a|Infiey (@']3) = I T (@]s) =7 B [Inrpey (@'15') — InToen (@15)] | < (14 7). (16)

O

Proof of Theorem[6.3] As in the proof of Theorem[A.2] there exists a shaping sh: S x A" — R, that depends only on the
state and on the action of agent 7, such that

In Wnew(ai|s) —1In frnew(ai|s) =

Ritsh L R L
< —i]E ) |:Q:)ft e (s,a ’Lva’z) - Q::;f[ (Saa z,az)i|> .
a —i

~T

QI

14
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Therefore, following the same idea as in the proof of Theorem[A.2] we can write

E [R(s) - (R + sh)(s,ain\

<| B, Mm@y~ @)+ B B inma @) - nfha (@)
.S‘NP(.'ls,CL)
ai o (1)

- DKL( new(| )||7}HCW(|S))+7 ; Eq 71,E i |:~1]E ‘ [lnﬂnew( i|sl) 71nﬁﬂew(ai|8/)] Q)

s'~P(-|s,a” % a")

As in the proof of Theorem[A.2] we would like the most inner expectation of the second term in the right-hand side to be

W.ILL TThe,. in order to express it in terms of the KL-divergence. To achieve that, we can similarly bound the ratio -%— as
follows
atls B —ilQmE '(s a0ty - QI "(s i at)] ) N
(7|1) |3 Z e : « ‘ < |A’L|ea(17'y)7
HCW (a |S a’ EAL
where A® = sup,. g R'(s) — infses R'(s). This allows us to conclude that
P i i A
E [R’(s) - (R'+ sh)(s,az)} ‘ < <1 +7|Alea<1w>) .
A* T ey

O

Proof of Theorem Similarly to the proof of Theorem[A-3] we have

Dxi (Toew (18)| e (15) = B [Inm, (a’ls) — In'(a’]s)]

@~
A"~ T ey

1 i . pi . o
- E [ E [Q‘"’R s et at) — QT (s, a_l,al)H +alnZ(s) —aln Z(s)
new L@ -

soft soft

Qairoml T 4
1 = . .
= E Z R1+Sh st,at) —R(st,at))H —(IHZ(S) —IHZ(S)),
a’wﬂl aNﬂ' =0

where Z(s) and Z(s) are the normalizing terms.

Following the same argument in the proof of Theorem [A3]we get

, y 1 Al
Dt (15 (19) <6 (s b e )

C. Experiments

In this section, we provide the details of our experimental evaluations. We execute all experiments under a Conda
environment using Python with a computation unit GPU-2080i and the source code is available at GitHub E

In Fig. ] and Fig. [5] we present the visualizations of heterogeneous and homogeneous reward cases respectively.

"https://github.com/melodiCyb/multiagent-learning-from-learners
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Position of Agent #1

Position of Agent #1

Parameter Value
Alpha 3
Beta 0.1
Gamma 0.9
Episode Length 1000
Iteration # 10
Episode # 3000
Entropy Coefficient 0.3
Adam Learning Rate 0.1
Adam Epoch # 10
Reward Adam Epoch # 1000
Reward Adam Learning Rate | 0.01

Table 3. Parameters to reproduce

MNormalized True Rewards of Agent #1

4
Position of Agent #2

(a) Normalized true rewards w.r.t M.

Figure 4.

Mormalized True Rewards of Agent #1.

3
3

4
Position of Agent #2

(a) Normalized true rewards w.r.t Mpom.

Figure 5.

results for MA-LfL in Grid World scenario in Section[7] Table[]

Normalized Rewards of Agent #1 as estimated by Agent #2
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(b) Normalized recovered rewards w.r.t Mpe;.

M case for Agent #1 with MA-SPL

Normalized Rewards of Agent #1 as estimated by Agent #2
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(b) Normalized recovered rewards w.r.t Mpom.

Mhom case for Agent #1 with MA-SPIL
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