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Abstract. In reinforcement learning, an agent interacts with an envi-
ronment from which it receives rewards, that are then used to learn a
task. However, it is often unclear what strategies or concepts the agent
has learned to solve the task. Thus, interpretability of the agent’s behav-
ior is an important aspect in practical applications, next to the agent’s
performance at the task itself. However, with the increasing complexity
of both tasks and agents, interpreting the agent’s behavior becomes much
more difficult. Therefore, developing new interpretable RL agents is of
high importance. To this end, we propose to use Align-RUDDER as an
interpretability method for reinforcement learning. Align-RUDDER is a
method based on the recently introduced RUDDER framework, which
relies on contribution analysis of an LSTM model, to redistribute rewards
to key events. From these key events a strategy can be derived, guiding
the agent’s decisions in order to solve a certain task. More importantly,
the key events are in general interpretable by humans, and are often
sub-tasks; where solving these sub-tasks is crucial for solving the main
task. Align-RUDDER enhances the RUDDER framework with methods
from multiple sequence alignment (MSA) to identify key events from
demonstration trajectories. MSA needs only a few trajectories in order
to perform well, and is much better understood than deep learning mod-
els such as LSTMs. Consequently, strategies and concepts can be learned
from a few expert demonstrations, where the expert can be a human or
an agent trained by reinforcement learning. By substituting RUDDER’s
LSTM with a profile model that is obtained from MSA of demonstra-
tion trajectories, we are able to interpret an agent at three stages: First,
by extracting common strategies from demonstration trajectories with
MSA. Second, by encoding the most prevalent strategy via the MSA
profile model and therefore explaining the expert’s behavior. And third,

M.-C. Dinu and M. Hofmarcher—Equal contribution.

c© The Author(s) 2022
A. Holzinger et al. (Eds.): xxAI 2020, LNAI 13200, pp. 177–205, 2022.
https://doi.org/10.1007/978-3-031-04083-2_10

http://crossmark.crossref.org/dialog/?doi=10.1007/978-3-031-04083-2_10&domain=pdf
https://doi.org/10.1007/978-3-031-04083-2_10


178 M.-C. Dinu et al.

by allowing the interpretation of an arbitrary agent’s behavior based on
its demonstration trajectories.

Keywords: Explainable AI · Contribution analysis · Reinforcement
learning · Credit assignment · Reward redistribution

1 Introduction

With recent advances in computing power together with increased availability
of large datasets, machine learning has emerged as a key technology for modern
software systems. Especially in the fields of computer vision [34,52] and natural
language processing [14,71] vast improvements have been made using machine
learning.

In contrast to computer vision and natural language processing, which are
both based on supervised learning, reinforcement learning is more general as it
constructs agents for planning and decision-making. Recent advances in rein-
forcement learning have resulted in impressive models that are capable of sur-
passing humans in games [39,58,73]. However, reinforcement learning is still
waiting for its breakthrough in real world applications, not least because of two
issues. First, the amount of human effort and computational resources required
to develop and train reinforcement learning systems is prohibitively expensive for
widespread adoption. Second, machine learning and in particular reinforcement
learning produces black box models, which do not allow explaining model out-
comes and to build trust in these models. The insufficient explainability limits
the application of reinforcement learning agents, therefore reinforcement learning
is often limited to computer games and simulations.

Advances in the field of explainable AI (XAI) have introduced methods and
techniques to alleviate the problem of insufficient explainability for supervised
machine learning [3–5,41,42,64]. However, these XAI methods cannot explain
the behavior of the more complex reinforcement learning agents. Among other
problems, delayed and sparse rewards or hand-crafted reward functions make it
hard to explain an agent’s final behavior. Therefore, interpreting and explaining
agents trained with reinforcement learning is an integral component for viably
moving towards real-world reinforcement learning applications.

We explore the current state of explainability methods and their applica-
bility in the field of reinforcement learning and introduce a method, Align-
RUDDER [45], which is intrinsically explainable by exposing the global strategy
of the trained agent. The paper is structured as follows: In Sect. 2.1 we review
explainability methods and how they can be categorized. Sect. 2.2 defines the set-
ting of reinforcement learning. In Sect. 2.3, Sect. 2.4 and Sect. 2.5 we explore the
problem of credit assignment and potential solutions from the field of explainable
AI. In Sect. 2.6 we review the concept of reward redistribution as a solution for
credit assignment. Section 3 introduces the concept of strategy extraction and
explores its potential for training reinforcement learning agents (Sect. 3.1) as
well as its intrinsic explainability (Sect. 3.2) and finally its usage for explaining
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arbitrary agent behaviors in Sect. 4. Finally, in Sect. 5 we explore limitations of
this approach before concluding in Sect. 6.

2 Background

2.1 Explainability Methods

The importance of explainability methods to provide insights into black box
machine learning methods such as deep neural networks has significantly
increased in recent years [72]. These methods can be categorized based on mul-
tiple factors [15].

First, we can distinguish local and global methods, where global methods
explain the general model behavior, while local models focus on explaining spe-
cific decisions (e.g. explain the classification of a specific sample) or the influence
of individual features on the model output [1,15]. Second, we distinguish between
intrinsically explainable models and post-hoc methods [15]. Intrinsically explain-
able models are designed to provide explanations as well as model predictions.
Examples for such models are decision trees [35], rule-based models [75], linear
models [22] or attention models [13]. Post-hoc methods are applied to existing
models and often require a second model to provide explanations (e.g. approxi-
mate an existing model with a linear model that can be interpreted) or provide
limited explanations (e.g. determine important input features but no detailed
explanations of the inner workings of a model). While intrinsically explainable
models offer more detailed explanations and insights, they often sacrifice predic-
tive performance. Post-hoc methods, in contrast, have little to no influence on
predictive performance but lack detailed explanations of the model.

Post-hoc explainability methods often provide insights in the form of attri-
butions, i.e. a measure of how important certain features are with regard to the
model’s output. In Fig. 1 we illustrate the model attribution from input towards
its prediction. We further categorize attribution methods into sensitivity analysis
and contribution analysis.

sheep

cow

dog

attributionmodel

Fig. 1. Illustration of model input attributions towards its prediction [46].
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Sensitivity analysis methods, or “backpropagation through a model” [8,43,50,
51], provide attributions by calculating the gradient of the model with respect
to its input. The magnitude of these gradients is then used to assign a measure
of importance to individual features of the input. While sensitivity analysis is
typically simple to implement, these methods have several problems such as sus-
ceptibility to local minima, instabilities, exploding or vanishing gradients and
proper exploration [28,54]. The major drawback, however, is that the relevance
of features can be missed since it does not consider their contribution to the out-
put but only how small perturbations of features change the output. Therefore,
important features can receive low attribution scores as small changes would
not result in a significant change of the model’s output, but removing them
would completely change the output. A prominent example for sensitivity anal-
ysis methods are saliency maps [59].

Contribution analysis methods provide attributions based on the contribution
of individual features to the model output, and therefore do not suffer from the
drawbacks of sensitivity analysis methods. This can be achieved in a variety of
ways, prominent examples are integrated gradients [64] or layer-wise relevance
propagation (ε-LRP) [11].

To illustrate the differences between sensitivity analysis and contribution
analysis, we can consider a model y = f(x) that takes an n-dimensional input
vector x = {x1, . . . , xn} ∈ R

n and predicts a k-dimensional output vector y =
{y1, . . . , yk} ∈ R

k. We then define an n-dimensional attribution vector Rk =
{Rk

1 , . . . , R
k
n} ∈ R

n for the k-th output unit, which provides the relevance of each
input value towards its final prediction. The attribution is obtained through the
model gradient:

Ri(x) =
∂f(x)
∂xi

, (1)

although this is not the only option for attribution through gradients. Alterna-
tively, the attribution can be defined by multiplying the input vector with the
model gradient [6]:

Ri(x) = xi
∂f(x)
∂xi

. (2)

Considering Eq. 1 we answer the question of “What do we need to change in
x to get a certain outcome yk?”, while considering Eq. 2 we answer the question
of “How much did xi contribute to the outcome yk?” [1].

In reinforcement learning, we are interested in assessing the contributions of
actions along a sequence which were relevant for achieving a particular return.
Therefore, we are interested in contribution analysis methods rather than sensi-
tivity analysis. We point out that this is closely related to the credit assignment
problem, which we will further elaborate in the following sections.
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2.2 Reinforcement Learning

In reinforcement learning, an agent is trained to take a sequence of actions by
interacting with an environment and by learning from the feedback provided
by the environment. The agent selects actions based on its policy, which are
executed in the environment. The environment then transitions into its next
state based on state-transition probabilities, and the agent receives feedback in
the form of the next state and a reward signal. The objective of reinforcement
learning is to learn a policy that maximizes the expected cumulative reward,
also called return.

More formally, we define our problem setting as a finite Markov decision
process (MDP) P as a 5-tuple P = (S,A,R, p, γ) of finite sets S with states
s (random variable St at time t), A with actions a (random variable At), and
R with rewards r (random variable Rt+1) [47]. Furthermore, P has transition-
reward distributions p(St+1 = s′, Rt+1 = r | St = s,At = a) conditioned on
state-actions, a policy given as action distributions π(At+1 = a′ | St+1 = s′)
conditioned on states, and a discount factor γ ∈ [0, 1]. The return Gt is Gt =∑∞

k=0 γkRt+k+1. We often consider finite horizon MDPs with sequence length
T and γ = 1 giving Gt =

∑T−t
k=0 Rt+k+1. The state-value function V π(s) for a

policy π is
V π(s) = Eπ [Gt | St = s]

and its respective action-value function Qπ(s, a) is

Qπ(s, a) = Eπ [Gt | St = s,At = a] .

The goal of reinforcement learning is to maximize the expected return at time
t = 0, that is vπ

0 = Eπ [G0]. The optimal policy π∗ is π∗ = argmax π[vπ
0 ]. We

consider the difficult task of learning a policy when the reward given by the
environment is sparse or delayed. An integral part to facilitate learning in this
challenging setting is credit assignment, i.e. to determine the contribution of
states and actions towards the return.

2.3 Credit Assignment in Reinforcement Learning

In reinforcement learning, we face two fundamental problems. First, the trade-
off between exploring actions that lead to promising new states and exploiting
actions that maximize the return. Second, the credit assignment problem, which
involves correctly attributing credit to actions in a sequence that led to a certain
return or outcome [2,66,67]. Credit assignment becomes more difficult as the
delay between selected actions and their associated rewards increases [2,45].
The study of credit assignment in sequences is a long-standing challenge and
has been around since the start of artificial intelligence research [38]. Chess is
an example of a sparse and delayed reward problem, where the reward is given
at the end of the game. Assigning credit to the large number of decisions taken
in a game of chess is quite difficult when the feedback is received only at the
end of the game (i.e. win, lose or draw). It is difficult for the learning system to
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identify which actions were more or less important for the resulting outcome. As
a result, the notion of winning or losing alone is often not informative enough
for learning systems [38]. This motivates the need to improve credit assignment
methods, especially for problems with sparse and delayed rewards. We further
elaborate on various credit assignment methods in the next section.

2.4 Methods for Credit Assignment

Credit assignment in reinforcement learning can be classified into two different
classes: 1) Structural credit assignment, and 2) Temporal credit assignment [66].
Structural credit assignment is related to the internals of the learning system that
lead to choosing a particular action. Backpropagation [27] is quite popular for
such structural credit assignment in Deep Reinforcement Learning. In contrast,
temporal credit assignment is related to the events (states and/or actions) which
led to a particular outcome in a sequence. In this work, we examine temporal
credit assignment methods in detail.

Temporal credit assignment methods are used to obtain policies which maxi-
mize future rewards. Temporal difference (TD) learning [67] is a temporal credit
assignment method which has close ties to dynamic programming and the Bell-
man operator [10]. It combines policy evaluation and improvement in a single
step, by using the maximum action-value estimate at the next state to improve
the action-value estimate at the current state. However, TD learning suffers from
high bias and slows down learning when the rewards are sparse and delayed. Eli-
gibility traces and TD(λ) [60] were introduced to ameliorate the performance
of TD. Instead of looking one step into the future, information from n-steps in
the future or past are used to update the current estimate of the action-value
function. However, the performance of the algorithm is highly dependent on how
much further in the future or in the past it looks into. In TD learning, one tries
to find the action-value which maximizes the future return. In contrast, there
exist direct policy optimization methods like policy gradient [65] and related
methods like actor-critic [40,56].

More recent attempts to tackle credit assignment for delayed and sparse
rewards have been made in RUDDER: Return Decomposition for Delayed
Rewards (RUDDER) [2] and Hindsight Credit Assignment (HCA) [21]. RUD-
DER aims to identify actions which increase or decrease the expected future
return. These actions are assigned credit directly by RUDDER, which makes
learning faster by reducing the delay. We discuss RUDDER in detail in Sect. 2.6.

Unlike RUDDER, HCA assigns credit by estimating the likelihood of past
actions having led to the observed outcome and consequently uses hindsight
information to assign credit to past decisions. Both methods have in common,
that the credit assignment problem is framed as a supervised learning task. In
the next section, we look at credit assignment from the lens of explainability
methods.
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2.5 Explainability Methods for Credit Assignment

We have established that assigning credit to individual states, actions or state-
action events along a sequence, which is also known as a trajectory or episode
in reinforcement learning terminology, can tremendously simplify the task of
learning an optimal policy. Therefore, if a method is able to determine which
events were important for a certain outcome, it can be used to study sequences
generated by a policy. As explainability methods were designed for this purpose,
we can employ them to assign credit to important events and therefore speed
up learning. As we have explored in Sect. 2.1, there are several methods we can
choose from. The choice between intrinsically explainable models and post-hoc
methods depends on whether a method can be combined with a reinforcement
learning algorithm and is able to solve the task. In most cases, post-hoc methods
are preferable, as they do not restrict the learning algorithm and model class.
Since we are mainly interested in temporal credit assignment, we will look at
explainability methods with a global scope. Sensitivity analysis methods have
many drawbacks (see Sect. 2.1) and are therefore not suited for this purpose.
Thus, we want to use contribution analysis methods.

2.6 Credit Assignment via Reward Redistribution

RUDDER [2] demonstrates how contribution analysis methods can be applied
to target the credit assignment problem. RUDDER redistributes the return
to relevant events and therefore sets future reward expectations to zero. The
reward redistribution is achieved through return decomposition, which reduces
high variance compared to Monte Carlo methods and high biases compared to
TD methods [2]. This is possible because the state-value estimates are simplified
to compute averages of immediate rewards.

In a common reinforcement learning setting, one can assign credit to an
action a when receiving a reward r by updating a policy π(a|s) according to its
respective Q-function estimates. However, one fails when rewards are delayed,
since the value network has to average over a large number of probabilistic
future state-action paths that increase exponentially with the delay of the reward
[36,48]. In contrast to using a forward view, a backward view approach based on
a backward analysis of a forward model avoids problems with unknown future
state-action paths, since the sequence is already completed and known. Backward
analysis transforms the forward view approach into a regression task, at which
deep learning methods excel. As a forward model, an LSTM can be trained to
predict the final return, given a sequence of state-actions. LSTM was already
used in reinforcement learning [55] for advantage learning [7] and learning policies
[23,24,40]. Using contribution analysis, RUDDER can decompose the return
prediction (the output relevance) into contributions of single state-action pairs
along the observed sequence, obtaining a redistributed reward (the relevance
redistribution). As a result, a new MDP is created with the same optimal policies
and, in the optimal case, with no delayed rewards (expected future rewards equal
zero) [2]. Indeed, for MDPs the Q-value is equal to the expected immediate
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reward plus the expected future rewards. Thus, if the expected future rewards are
zero, the Q-value estimation simplifies to computing the mean of the immediate
rewards.

Therefore, in the context of explainable AI, RUDDER uses contribution anal-
ysis to decompose the return prediction (the output relevance) into contributions
of single state-action pairs along the observed sequence. RUDDER achieves this
by training an LSTM model to predict the final return of a sequence of state-
actions as early as possible. By taking the difference of the predicted returns
from two consecutive state-actions, the contribution to the final return can be
inferred [2].

Sequence-Markov Decision Processes (SDPs). An optimal reward redis-
tribution should transform a delayed reward MDP into a return-equivalent MDP
with zero expected future rewards. However, given an MDP, setting future
rewards equal to zero is in general not possible. Therefore, RUDDER introduces
sequence-Markov decision processes (SDPs), for which reward distributions are
not required to be Markovian. An SDP is defined as a decision process which
is equipped with a Markov policy and has Markov transition probabilities but
a reward that is not required to be Markovian. Two SDPs P̃ and P are return-
equivalent, if (i) they differ only in their reward distribution and (ii) they have
the same expected return at t = 0 for each policy π: ṽπ

0 = vπ
0 . RUDDER con-

structs a reward redistribution that leads to a return-equivalent SDP with a
second-order Markov reward distribution and expected future rewards that are
equal to zero. For these return-equivalent SDPs, Q-value estimation simplifies
to computing the mean.

Return Equivalence. Strictly return-equivalent SDPs P̃ and P can be con-
structed by reward redistributions. Given an SDP P̃, a reward redistribution is a
procedure that redistributes for each sequence s0, a0, . . . , sT , aT the realization of
the sequence-associated return variable G̃0 =

∑T
t=0 R̃t+1 or its expectation along

the sequence. The reward redistribution creates a new SDP P with the redis-
tributed reward Rt+1 at time (t + 1) and the return variable G0 =

∑T
t=0 Rt+1.

A reward redistribution is second-order Markov if the redistributed reward Rt+1

depends only on (st−1, at−1, st, at). If the SDP P is obtained from the SDP P̃ by
reward redistribution, then P̃ and P are strictly return-equivalent. Theorem 1
in RUDDER states that the optimal policies remain the same for P̃ and P [2].

Reward Redistribution. We consider that a delayed reward MDP P̃, with a
particular policy π, can be transformed into a return-equivalent SDP P with an
optimal reward redistribution and no delayed rewards:

Definition 1 ([2]). For 1 � t � T and 0 � m � T − t, the expected sum of
delayed rewards at time (t − 1) in the interval [t + 1, t + m + 1] is defined as
κ(m, t − 1) = Eπ [

∑m
τ=0 Rt+1+τ | st−1, at−1].

Theorem 2 ([2]). We assume a delayed reward MDP P̃, where the accumulated
reward is given at sequence end. A new SDP P is obtained by a second-order
Markov reward redistribution, which ensures that P is return-equivalent to P̃.
For a specific π, the following two statements are equivalent:
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(I) κ(T − t − 1, t) = 0, i.e. the reward redistribution is optimal,
(II) E [Rt+1 | st−1, at−1, st, at] = q̃π(st, at) − q̃π(st−1, at−1).

An optimal reward redistribution fulfills for 1 � t � T and 0 � m � T − t:
κ(m, t − 1) = 0.

Theorem 2 shows that an optimal reward redistribution can be obtained by
a second-order Markov reward redistribution for a given policy. It is an exis-
tence proof which explicitly gives the expected redistributed reward. In addi-
tion, higher-order Markov reward redistributions can also be optimal. In case
of higher-order Markov reward redistribution, Equation (II) in Theorem 2 can
have random variables Rt+1 that depend on arbitrary states that are visited in
the trajectory. Then Equation (II) averages out all states except st and st−1 and
averages out all randomness. In particular, this is also interesting for Align-
RUDDER, since it can achieve an optimal reward redistribution. Therefore,
although Align-RUDDER is in general not second-order Markov, Theorem 2
still holds in case of optimality.

For RUDDER, reward redistribution as in Theorem 2 can be achieved
through return decomposition by predicting r̃T+1 ∈ R̃T+1 of the original MDP
P̃ by a function g from the state-action sequence. RUDDER determines for each
sequence element its contribution to the prediction of r̃T+1 at the end of the
sequence. Therefore, it performs backward analysis through contribution analy-
sis. Contribution analysis computes the contribution of the current input to the
final prediction, i.e. the information gain by the current input on the final predic-
tion. In principle, RUDDER could use any contribution analysis method. How-
ever, RUDDER prefers three methods: (A) differences of return predictions, (B)
integrated gradients (IG) [64], and (C) layer-wise relevance propagation (LRP)
[5]. For contribution method (A), RUDDER ensures that g predicts the final
reward r̃T+1 at every time step. Hence, the change in prediction is a measure
of the contribution of an input to the final prediction and assesses the informa-
tion gain by this input. The redistributed reward is given by the difference of
consecutive predictions. In contrast to method (A), methods (B) and (C) use
information from later on in the sequence for determining the contribution of
the current input. Thus, a non-Markovian reward is introduced, as it depends on
later sequence elements. However, the non-Markovian reward must be viewed as
probabilistic reward, which is prone to have high variance. Therefore, RUDDER
prefers method (A).

A principle insight on which RUDDER is based, is that the Q-function of
optimal policies for complex tasks resembles a step function as they are hierar-
chical and composed of sub-tasks (blue curve, row 1 of Fig. 2, right panel). Com-
pleting such a sub-task is then reflected by a step in the Q-function. Therefore,
a step in the Q-function is a change in return expectation, that is, the expected
amount of the return or the probability to obtain the return changes. With
return decomposition one identifies the steps of the Q-function (green arrows
in Fig. 2, right panel), and an LSTM can therefore predict the expected return
(red arrow, row 1 of Fig. 2, right panel), given the state-action sub-sequence to
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Fig. 2. Basic insight into reward redistribution [45]. Left panel, Row 1: An
agent has to take a key to unlock a door. Both events increase the probability of
receiving the treasure, which the agent always gets as a delayed reward, when the
door is unlocked at sequence end. Row 2: The Q-function approximation typically
predicts the expected return at every state-action pair (red arrows). Row 3: However,
the Q-function approximation requires only to predict the steps (red arrows). Right
panel, Row 1: The Q-function is the future-expected return (blue curve). Green
arrows indicate Q-function steps and the big red arrow the delayed reward at sequence
end. Row 2 and 3: The redistributed rewards correspond to steps in the Q-function
(small red arrows). Row 4: After redistributing the reward, only the redistributed
immediate reward remains (red arrows). Reward is no longer delayed. (Color figure
online)

redistribute the reward. The prediction is decomposed into single steps of the
Q-function (green arrows in Fig. 2). The redistributed rewards (small red arrows
in second and third row of right panel of Fig. 2) remove the steps. Thus, the
expected future reward is equal to zero (blue curve at zero in last row in right
panel of Fig. 2). Future rewards of zero means that learning the Q-values sim-
plifies to estimating the expected immediate rewards (small red arrows in right
panel of Fig. 2), since delayed rewards are no longer present. Also, Hindsight
Credit Assignment [21] identifies such Q-function steps that stem from actions
alone. Figure 2 further illustrates how a Q-function predicts the expected return
from every state-action pair, and how it is prone to prediction errors that ham-
per learning (second row, left panel). Since the Q-function is mostly constant,
it is not necessary to predict the expected return for every state-action pair. It
is sufficient to identify relevant state-actions across the whole episode and use
them for predicting the expected return. This is achieved by computing the dif-
ference of two subsequent predictions of the LSTM model. If a state-action pair
increases the prediction of the return, it is immediately rewarded. Using state-
action sub-sequences (s, a)0:t = (s0, a0, . . . , st, at), the redistributed reward is
Rt+1 = g((s, a)0:t) − g((s, a)0:t−1), where g is the return decomposition func-
tion, which is represented by an LSTM model and predicts the return of the
episode. The LSTM model first learns to approximate the largest steps of the Q-
function, since they reduce the prediction error the most. Therefore, the LSTM
model extracts first the relevant state-actions pairs (events). Furthermore, the
LSTM network [29–32] can store the relevant state-actions in its memory cells
and subsequently, only updates its states to change its return prediction, when a
new relevant state-action pair is observed. Thus, the LSTM return prediction is
constant at most time points and does not have to be learned. The basic insight
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that Q-functions are step functions is the motivation for identifying these steps
via return decomposition to speed up learning through reward redistribution,
and furthermore enhance explainability through its state-action contributions.

In conclusion, redistributed reward serves as reward for a subsequent learning
method [2]: (A) The Q-values can be directly estimated [2], which is also shown
in Sect. 3 for the artificial tasks and Behavioral Cloning (BC) [70] pre-training
for the Minecraft environment [19]. (B) The redistributed rewards can serve for
learning with policy gradients like Proximal Policy Optimization (PPO) [57],
which is also used in the Minecraft experiments for full training. (C) The redis-
tributed rewards can serve for temporal difference learning, like Q-learning [74].

3 Strategy Extraction via Reward Redistribution

A strategy is a sequence of events which leads to a desirable outcome. Assum-
ing a sequence of events is provided, the extraction of a strategy is the process
of extracting events which are important for the desired outcome. This outcome
could be a common state or return achieved at the end of the sequences. For exam-
ple, if the desired outcome is to construct a wooden pickaxe in Minecraft, a strategy
extracted from human demonstrations might contain event sequences for collect-
ing a log, making planks, crafting a crafting table and finally a wooden pickaxe.

Strategy extraction is useful to study policies and also demonstration
sequences. High return episodes can be studied to extract a strategy achiev-
ing such high returns. For example, Minecraft episodes where a stone pickaxe is
obtained will include a strategy to make a wooden pickaxe, followed by collect-
ing stones and finally the stone pickaxe. Similarly, strategies can be extracted
from low return episodes, which can be helpful in learning which events to avoid.
Extracted strategies explain the behavior of underlying policies or demonstra-
tions. Furthermore, by comparing new trajectories to a strategy obtained from
high return episodes, the reward signal can be redistributed to those events that
are necessary for following the strategy and therefore are important.

However, current exploration strategies struggle with discovering episodes
with high rewards in complex environments with delayed rewards. Therefore,
episodes with high rewards are assumed and are given as demonstrations, such
that they do not have to be discovered by exploration. Unfortunately, the number
of demonstrations is typically small, as obtaining them is often costly and time-
consuming. Therefore, deep learning methods that require a large amount of
data, such as RUDDER’s LSTM model, will not work well for this task while
Align-RUDDER can learn a good strategy from as few as two demonstrations.

Reward redistribution identifies events which lead to an increase (or decrease)
in expected return. The sequence of important events is the strategy. Thus,
reward redistribution can be used to extract strategies. We illustrate this on the
example of profile models in Sect. 3.1. Furthermore, a strategy can be used to
redistribute reward by comparing a new sequence to an already given strategy.
This results in faster learning, and is explained in detail in Sect. 3.2. Finally, we
study expert episodes for the complex task of mining a diamond in Minecraft in
Sect. 4.2.
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Fig. 3. The function of a protein is largely determined by its structure [45]. The relevant
regions of this structure are even conserved across organisms, as shown in the left panel.
Similarly, solving a task can often be decomposed into sub-tasks which are conserved
across multiple demonstrations. This is shown in the right panel, where events are
mapped to the letter code for amino acids. Sequence alignment makes those conserved
regions visible and enables redistribution of reward to important events.

3.1 Strategy Extraction with Profile Models

Align-RUDDER introduced techniques from sequence alignment to replace the
LSTM model from RUDDER by a profile model for reward redistribution. The
profile model is the result of a multiple sequence alignment of the demonstra-
tions and allows aligning new sequences to it. Both the sub-sequences (s, a)0:t−1

and (s, a)0:t are mapped to sequences of events and are then aligned to the
profile model. Thus, both sequences receive an alignment score S, which is
proportional to the return decomposition function g. Similar to the LSTM
model, Align-RUDDER identifies the largest steps in the Q-function via rele-
vant events determined by the profile model. The redistributed reward is again
Rt+1 = g((s, a)0:t) − g((s, a)0:t−1) (see Eq. (3)). Therefore, redistributing the
reward by sequence alignment fits into the RUDDER framework with all its the-
oretical guarantees. RUDDER is valid and works if its LSTM is replaced by other
recurrent networks, attention mechanisms, or, as in case of Align-RUDDER,
sequence and profile models [2].

Reward Redistribution by Sequence Alignment. In bioinformatics,
sequence alignment identifies similarities between biological sequences to deter-
mine their evolutionary relationship [44,62]. The result of the alignment of mul-
tiple sequences is a profile model. The profile model is a consensus sequence,
a frequency matrix, or a Position-Specific Scoring Matrix (PSSM) [63]. New
sequences can be aligned to a profile model and receive an alignment score that
indicates how well the new sequences agree to the profile model.

Align-RUDDER uses such alignment techniques to align two or more high
return demonstrations. For the alignment, Align-RUDDER assumes that the
demonstrations follow the same underlying strategy, therefore they are similar
to each other analogous to being evolutionary related. Figure 3 shows an align-
ment of biological sequences and an alignment of demonstrations where events
are mapped to letters. If the agent generates a state-action sequence (s, a)0:t−1,
then this sequence is aligned to the profile model g giving a score g((s, a)0:t−1).
The next action of the agent extends the state-action sequence by one state-
action pair (st, at). The extended sequence (s, a)0:t is also aligned to the profile
model g, giving another score g((s, a)0:t). The redistributed reward Rt+1 is the
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difference of these scores: Rt+1 = g((s, a)0:t) − g((s, a)0:t−1) (see Eq. (3)). This
difference indicates how much of the return is gained or lost by adding another
sequence element. Align-RUDDER scores how close an agent follows an under-
lying strategy, which has been extracted by the profile model.

The new reward redistribution approach consists of five steps, see Fig. 4:
(I) Define events to turn episodes of state-action sequences into sequences of
events. (II) Determine an alignment scoring scheme, so that relevant events are
aligned to each other. (III) Perform a multiple sequence alignment (MSA) of the
demonstrations. (IV) Compute the profile model like a PSSM. (V) Redistribute
the reward: Each sub-sequence τt of a new episode τ is aligned to the profile.
The redistributed reward Rt+1 is proportional to the difference of scores S based
on the PSSM given in step (IV), i.e. Rt+1 ∝ S(τt) − S(τt−1).

Fig. 4. The five steps of Align-RUDDER’s reward redistribution [45]. (I) Define events
and turn demonstrations into sequences of events. Each block represent an event to
which the original state is mapped. (II) Construct a scoring matrix using event proba-
bilities from demonstrations for diagonal elements and setting off-diagonal to a constant
value. (III) Perform an MSA of the demonstrations. (IV) Compute a PSSM. Events
with the highest column scores are indicated at the top row. (V) Redistribute reward
as the difference of scores of sub-sequences aligned to the profile.

In the following, the five steps of Align-RUDDER’s reward redistribution are
explained in detail.

(I) Defining Events. Align-RUDDER considers differences of consecutive
states to detect a change caused by an important event like achieving a sub-
task1. An event is defined as a cluster of state differences, where similarity-
based clustering like affinity propagation (AP) [18] is used. If states are only
enumerated, it is suggested to use the “successor representation” [12] or “suc-
cessor features” [9]. In Align-RUDDER, the demonstrations are combined with
state-action sequences generated by a random policy to construct the successor
representation.
1 Any sequence of events can be used for clustering and reward redistribution, and

consequently for sub-task extraction.
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A sequence of events is obtained from a state-action sequence by mapping
states s to its cluster identifier e (the event) and ignoring the actions. Alignment
techniques from bioinformatics assume sequences composed of a few events, e.g.
20 events. If there are too many events, good fitting alignments cannot be dis-
tinguished from random alignments. This effect is known in bioinformatics as
“Inconsistency of Maximum Parsimony” [16].

(II) Determining the Alignment Scoring System. A scoring matrix S with
entries si,j determines the score for aligning event i with j. A priori, we only
know that a relevant event should be aligned to itself but not to other events.
Therefore, we set si,j = 1/pi for i = j and si,j = α for i �= j. Here, pi is the
relative frequency of event i in the demonstrations. α is a hyperparameter, which
is typically a small negative number. This scoring scheme encourages alignment
of rare events, for which pi is small.

(III) Multiple Sequence Alignment (MSA). An MSA algorithm maximizes
the sum of all pairwise scores SMSA =

∑
i,j,i<j

∑L
t=0 si,j,ti,tj ,t in an alignment,

where si,j,ti,tj ,t is the score at alignment column t for aligning the event at posi-
tion ti in sequence i to the event at position tj in sequence j. L ≥ T is the
alignment length, since gaps make the alignment longer than the length of each
sequence. Align-RUDDER uses ClustalW [69] for MSA. MSA constructs a guid-
ing tree by agglomerative hierarchical clustering of pairwise alignments between
all demonstrations. This guiding tree allows identifying multiple strategies.

(IV) Position-Specific Scoring Matrix (PSSM) and MSA Profile
Model. From the alignment, Align-RUDDER constructs a profile model as a)
column-wise event probabilities and b) a PSSM [63]. The PSSM is a column-wise
scoring matrix to align new sequences to the profile model.

(V) Reward Redistribution. The reward redistribution is based on the profile
model. A sequence τ = e0:T (et is event at position t) is aligned to the profile,
which gives the score S(τ) =

∑L
l=0 sl,tl . Here, sl,tl is the alignment score for the

event etl at position l in the alignment. Alignment gaps are columns to which
no event was aligned, which have tl = T +1 with gap penalty sl,T+1. If τt = e0:t
is the prefix sequence of τ of length t + 1, then the reward redistribution Rt+1

for 0 � t � T is

Rt+1 = (S(τt) − S(τt−1)) C

= g((s, a)0:t) − g((s, a)0:t−1), (3)

RT+2 = G̃0 −
T∑

t=0

Rt+1,

where C = Edemo

[
G̃0

]
/Edemo

[∑T
t=0 S(τt) − S(τt−1)

]
with S(τ−1) = 0. The

original return of the sequence τ is G̃0 =
∑T

t=0 R̃t+1, and the expectation of
the return over demonstrations is Edemo. The constant C scales Rt+1 to the
range of G̃0. RT+2 is the correction of the redistributed reward [2], with zero
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expectation for demonstrations: Edemo [RT+2] = 0. Since τt = e0:t and et =
f(st, at), then g((s, a)0:t) = S(τt)C. Strict return-equivalence [2] is ensured by
G0 =

∑T+1
t=0 Rt+1 = G̃0. The redistributed reward depends only on the past:

Rt+1 = h((s, a)0:t).

Higher-Order Markov Reward Redistribution. Align-RUDDER may lead
to higher-order Markov redistribution. However, Corollary 1 in the Appendix of
[45] states that the optimality criterion from Theorem 2 in Arjona-Medina et
al. [2] also holds for higher-order Markov reward redistribution, if the expected
redistributed higher-order Markov reward is the difference of Q-values. In that
case, the redistribution is optimal, and there is no delayed reward. Furthermore,
the optimal policies are the same as for the original problem. This corollary
is the motivation for redistributing the reward to the steps in the Q-function.
Furthermore, Corollary 2 in the Appendix of [45] states that under a condition,
an optimal higher-order reward redistribution can be expressed as the difference
of Q-values.

3.2 Explainable Agent Behavior via Strategy Extraction

The reward redistribution identifies sub-tasks as alignment positions with high
redistributed rewards. These sub-tasks are indicated by high scores s in the
PSSM. Reward redistribution also determines the terminal states of sub-tasks,
since it assigns rewards for solving the sub-tasks. As such, the strategy for solving
a given task is extracted from those demonstrations used for alignment and
represented as a sequence of sub-tasks. By assigning rewards to these sub-tasks
with Align-RUDDER, a policy can be learned that is also able to achieve these
sub-tasks and therefore high returns.

While RUDDER with an LSTM model for reward redistribution is also
able to assign reward to important events, in practice it is not easy to iden-
tify sub-tasks. Changes in predicted reward from one event to the next are
often small, as it is difficult for an LSTM model to learn sharp increases or
decreases. Furthermore, it would be necessary to inspect a relatively large num-
ber of episodes to identify common sub-tasks. In contrast, the sub-tasks extracted
via sequence alignment are often easy to interpret and can be obtained from only
a few episodes. The strategy of agents trained via Align-RUDDER can easily be
explained by inspecting the alignment and visualizing the sequence of aligned
events. As the strategy represents the global long-term behavior of an agent, its
behavior can be interpreted through the strategy.

4 Experiments

Using several examples we show how reward redistribution with Align-RUDDER
enables learning a policy with only a few demonstrations, even in highly complex
environments. Furthermore, the strategy these policies follow is visualized, high-
lighting the ability of Align-RUDDER’s alignment-based approach to interpret
agent behavior.
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4.1 Gridworld

First, we analyze Align-RUDDER on two artificial tasks. The tasks are variations
of the gridworld rooms example [68], where cells (locations) are the MDP states.
The FourRooms environment is a 12 × 12 gridworld with four rooms. The target
is in room four, and the start is in room one (from bottom left, to bottom right)
with 20 portal entry locations. EightRooms is a larger variant with a 12× 24
gridworld divided into eight rooms. Here, the target is in room eight, and the
starting location in room one, again with 20 portal entry locations. We show the
two artificial tasks with sample trajectories in Fig. 5.

Fig. 5. Examples of trajectories in the two artificial task environments with four (left)
and eight (right) rooms. The initial position is indicated in red, the portal between the
first and second room in yellow and the goal in green [45]. Blue squares indicate the
path of the trajectory. (Color figure online)

In this setting, the states do not have to be time-aware for ensuring stationary
optimal policies but the unobserved used-up time introduces a random effect.
The grid is divided into rooms. The agent’s goal is to reach a target from an
initial state with the lowest number of steps. It has to cross different rooms,
which are connected by doors, except for the first room, which is only connected
to the second room by a portal. If the agent is at the portal entry cell of the
first room, then it is teleported to a fixed portal arrival cell in the second room.
The location of the portal entry cell is random for each episode, while the portal
arrival cell is fixed across episodes. The portal entry cell location is given in the
state for the first room. The portal is introduced to ensure that initialization with
behavioral cloning (BC) alone is not sufficient for solving the task. It enforces
that going to the portal entry cells is learned, even when they are at positions
not observed in demonstrations. At every location, the agent can move up, down,
left, right. The state transitions are stochastic. An episode ends after T = 200
time steps. If the agent arrives at the target, then at the next step it goes into an
absorbing state, where it stays until T = 200 without receiving further rewards.
Reward is only given at the end of the episode. Demonstrations are generated
by an optimal policy with an exploration rate of 0.2.

The five steps of Align-RUDDER’s reward redistribution for these experi-
ments are:
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(i) Defining Events. Events are clusters of states obtained by Affinity
Propagation using the successor representation based on demonstrations as
similarity. Figure 6 shows examples of clusters for the two versions of the
environment.
(ii) Determining the Alignment Scoring System. The scoring matrix
is obtained according to (II), using ε = 0 and setting all off-diagonal values
of the scoring matrix to −1.
(iii) Multiple sequence alignment (MSA). ClustalW is used for the MSA
of the demonstrations with zero gap penalties and no biological options.
(iv) Position-Specific Scoring Matrix (PSSM) and MSA profile
model. The MSA supplies a profile model and a PSSM, as in (IV).
(v) Reward Redistribution. Sequences generated by the agent are mapped
to sequences of events according to (I). Reward is redistributed via differences
of profile alignment scores of consecutive sub-sequences according to Eq. (3)
using the PSSM.

Fig. 6. Examples of different clusters in the FourRooms (left) and EightRooms (right)
environment with 1% stochasticity on the transitions after performing clustering with
Affinity Propagation using the successor representation with 25 demonstrations. Dif-
ferent colors represent different clusters [45].

The reward redistribution determines sub-tasks like doors or portal arrival.
Some examples are shown in Fig. 7. In these cases, three sub-tasks emerged. One
for entering the portal and going to the first room, one for travelling from the
entrance of one room to the exit of the next room, and finally going to the goal in
the last room. The sub-tasks partition the Q-table into sub-tables that represent
a sub-agent. The emerging set of sub-agents describe the global behavior of the
Align-RUDDER method and can be directly used to explain the decision-making
for specific tasks.
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Fig. 7. Reward redistribution for the above trajectories in the FourRooms (left) and
EightRooms (right) environments [45]. Here, sub-tasks emerged via reward redistribu-
tion for entering the portal, travelling from the entrance of one room to the exit of the
next and finally for reaching the goal.

Results. In addition to enabling an interpretation of the strategy for solving a
task, the redistributed reward signal speeds up the learning process of existing
methods and requires fewer examples when compared to related approaches. All
compared methods learn a Q-table and use an ε-greedy policy with ε = 0.2. The
Q-table is initialized by behavioral cloning (BC). The state-action pairs which
are not initialized, since they are not visited in the demonstrations, get an ini-
tialization by drawing a sample from a normal distribution with mean 1 and
standard deviation 0.5 (avoiding equal Q-values). Align-RUDDER learns the Q-
table via RUDDER’s Q-value estimation (learning method (A) from above). For
BC+Q, RUDDER (LSTM), SQIL [49], and DQfD [26] a Q-table is learned by
Q-learning. Hyperparameters are selected via grid search with a similar com-
putational budget for each method. For different numbers of demonstrations,
performance is measured by the number of episodes to achieve 80% of the aver-
age return of the demonstrations. A Wilcoxon rank-sum test determines the
significance of performance differences between Align-RUDDER and the other
methods.

Fig. 8. Comparison of Align-RUDDER and other methods in the FourRooms (left)
and EightRooms (right) environments with respect to the number of episodes required
for learning on different numbers of demonstrations. Results are the average over 100
trials. Align-RUDDER significantly outperforms all other methods [45].
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Figure 8 shows the number of episodes required for achieving 80% of the
average reward of the demonstrations for different numbers of demonstrations. In
both environments, Align-RUDDER significantly outperforms all other methods,
for � 10 demonstrations (with p-values of < 10−10 and < 10−19 for Task (I) and
(II), respectively).

4.2 Minecraft

To demonstrate the effectiveness of Align-RUDDER even in highly complex envi-
ronments, it was applied to the complex high-dimensional problem of obtaining
a diamond in Minecraft with the MineRL environment [19]. This task requires
an agent to collect a diamond by exploring the environment, gathering resources
and building necessary tools. To obtain a diamond the agent needs to collect
resources (log, cobblestone, etc.) and craft tools (table, pickaxe, etc.). Every
episode of the environment is procedurally generated, and the agent is placed at
a random location. This is a challenging environment for reinforcement learning
as episodes are typically very long, the reward signal is sparse and exploration
difficult. By using demonstrations from human players, Align-RUDDER can cir-
cumvent the exploration problem and with reward redistribution can ameliorate
the sparse reward problem. Furthermore, by identifying sub-tasks, individual
agents can be trained to solve simpler tasks, and help divide the complex long
time-horizon task in more approachable sub-problems. In complement to that,
we can also inspect and interpret the behavior of expert policies using Align-
RUDDER’s alignment method. In our example, the expert policies are presented
in the form of human demonstrations that successfully obtained a diamond.
Align-RUDDER is able to extract a strategy from as few as ten trajectories.
In the following, we outline the five steps of Align-RUDDER in the Minecraft
environment. Furthermore, we inspect the alignment-based reward redistribu-
tion and show how it enables interpretation of both the expert policies and the
trained agent.

(i) Defining Events. A state consists of a visual input and an inventory.
Both inputs are normalized and then the difference of consecutive states is clus-
tered, obtaining 19 clusters corresponding to events. Upon inspection these clus-
ters correspond to inventory changes, i.e. gaining a particular item. Finally, the
demonstration trajectories are mapped to sequences of events. This is shown in
Fig. 9.
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Fig. 9. Step (I): Define events and map demonstrations into sequences of events.

Fig. 10. Step (II): Construct a scoring matrix using event probabilities from demon-
strations for diagonal elements and setting off-diagonal to a constant value. Darker
colors signify higher score values. For illustration, only a subset of events is shown.
(Color figure online)

(ii) Determining the Alignment Scoring System. The scoring matrix is
computed according to (II). Since there is no prior knowledge on how the individ-
ual events are related to each other, the scoring matrix has the inverse frequency
of an event occurring in the expert trajectories on the diagonal and a small con-
stant value on the off-diagonal entries. As can be seen in Fig. 10, this results
in lower scores for clusters corresponding to earlier events as they occur more
often and high values for rare events such as building a pickaxe or mining the
diamond.

(iii) Multiple Sequence Alignment (MSA). The 10 expert episodes that
obtained a diamond in the shortest amount of time are aligned using ClustalW
with zero gap penalties and no biological options (i.e. arguments to ClustalW
related to biological sequences). The MSA algorithm maximizes the pairwise sum
of scores of all alignments using the scoring matrix from (II). Figure 11 shows
an example of a such an alignment.
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Fig. 11. Step (III): Perform multiple sequence alignment (MSA) of the demonstra-
tions.

(iv) Position-Specific Scoring Matrix (PSSM) and MSA Profile
Model. The multiple alignment gives a profile model and a PSSM. In Fig. 12
an example of a PSSM is shown, resulting from an alignment of the previous
example sequences. The PSSM contains for each position in the alignment the
frequency of each event occurring in the trajectories used for the alignment. At
this point, the strategy followed by the majority of experts is already visible.

Fig. 12. Step (IV): Compute a position-specific scoring matrix (PSSM). The score at
a position from the MSA (column) and for an event (row) depends on the frequency
of that event at that position in the MSA. For example, the event in the last position
is present in all the sequences, and thus gets a high score at the last position. But it is
absent in the remaining position, and thus gets a score of zero elsewhere.

(v) Reward Redistribution. The reward is redistributed via differences of
profile alignment scores of consecutive sub-sequences according to Eq. (3) using
the PSSM. Figure 13 illustrates this on the example of an incomplete trajectory.
In addition to aligning trajectories generated by an agent, we can use demon-
strations from human players that were not able to obtain the diamond and
therefore highlight problems those players have encountered.
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Fig. 13. Step (V): A new sequence is aligned step by step to the profile model using
the PSSM, resulting in an alignment score for each sub-sequence. The redistributed
reward is then proportional to the difference of scores of subsequent alignments.

Interpreting Agent Behavior. The strategy for obtaining a diamond, an
example of which is shown in Fig. 13, is a direct result of Align-RUDDER. If
it is possible to map event clusters to a meaningful representation, as is the
case here by mapping the clusters to changes in inventory states, the strategy
describes the behavior of the expert policies in a very intuitive and interpretable
fashion. Furthermore, new trajectories generated by the learned agent can be
aligned to the strategy, highlighting differences or problems where the trained
agent is unable to follow the expert strategy. Inspecting the strategy it can be
seen that random events, such as collecting dirt which naturally occurs when
digging, are not present as they are not important for solving the task. Sur-
prisingly, also items that seem helpful such as torches for providing light when
digging are not used by the majority of experts even though they have to operate
in near complete darkness without them.

Results. Sub-agents can be trained for the sub-tasks extracted from the expert
episodes. The sub-agents are first pre-trained on the expert episodes for the
sub-tasks using BC, and further trained in the environment using Proximal Pol-
icy Optimization (PPO) [57]. Using only 10 expert episodes, Align-RUDDER is
able to learn to mine a diamond. A diamond is obtained in 0.1% of the cases,
and to the best of our knowledge, no pure learning method2 has yet mined a
diamond [53]. With a 0.5 success probability for each of the 31 extracted sub-
tasks3, the resulting success rate for mining the diamond would be 4.66×10−10.
Table 1 shows a comparison of methods on the Minecraft MineRL dataset by
the maximum item score [37]. Results are taken from [37], in particular from
Fig. 2, and completed by [33,53,61]. Align-RUDDER was not evaluated during

2 This includes not only learning to extract the sub-tasks, but also learning to solve
the sub-tasks themselves.

3 A 0.5 success probability already defines a very skilled agent in the MineRL envi-
ronment.
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Fig. 14. Comparing the consensus frequencies between behavioral cloning (BC, green),
where fine-tuning starts, the fine-tuned model (orange), and human demonstrations
(blue) [45]. The plot is in symmetric log scale (symlog in matplotlib). The mapping
from the letters on the x-axis to items is as follows: S: log, P: plank, L: crafting table,
V: stick, N: wooden pickaxe, A: cobblestone, Y: stone pickaxe, Q: iron ore, F: furnace,
K: iron ingot, E: iron pickaxe, D: diamond ore. (Color figure online)

the challenge, and may therefore have advantages. However, it did not receive the
intermediate rewards provided by the environment that hint at sub-tasks, but
self-discovered such sub-tasks, which demonstrates its efficient learning. Further-
more, Align-RUDDER is capable of extracting a common strategy from only a
few demonstrations and train globally explainable models based on this strategy
(Fig. 14).

5 Limitations

While Align-RUDDER can extract strategies and speed up learning even in
complex environments, the resulting performance depends on the quality of the
alignment model. A low quality alignment model can be a result of multiple fac-
tors, one of which is having many distinct events (�20). Clustering can be used
to reduce the number of events, which could also lead to a low quality alignment
model if too many relevant events are clustered together. While the optimal pol-
icy does not change due to a poor alignment of expert episodes, the benefit of
employing reward redistribution based on such an alignment diminishes.

The alignment could fail if all expert episodes have different underlying
strategies, i.e. no events are common in the expert episodes. We assume that
the expert episodes follow the same underlying strategy, therefore they are simi-
lar to each other and can be aligned. However, if an underlying strategy does not
exist, then the alignment may fail to identify relevant events that should receive
high redistributed rewards. In this case, reward is given at sequence end, when
the redistributed reward is corrected, which leads to an episodic reward without
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Table 1. Maximum item score of methods on the Minecraft task. Methods: Soft-Actor
Critic (SAC, [20]), DQfD, Meta Learning Shared Hierarchies (MLSH, [17]), Rainbow
[25], PPO, and BC.

Method Team Name
Align-RUDDER Ours
DQfD CDS
BC MC RL
CLEAR I4DS
Options&PPO CraftRL
BC UEFDRL
SAC TD240
MLSH LAIR
Rainbow Elytra
PPO karolisram

reducing the delay of the rewards and speeding up learning. This is possible, as
there can be many distinct paths to the same end state. This problem can be
resolved if there are at least two demonstrations of each of these different strate-
gies. This helps with identifying events for all different strategies, such that the
alignment will not fail.

Align-RUDDER has the potential to reduce the cost for training and deploy-
ing agents in real world applications, and therefore enable systems that have
not been possible until now. However, the method relies on expert episodes
and thereby expert decisions, which are usually strongly biased. Therefore, the
responsible use of Align-RUDDER depends on a careful selection of the training
data and awareness of the potential biases within those.

6 Conclusion

We have analyzed Align-RUDDER, which solves highly complex tasks with
delayed and sparse rewards. The global behavior of agents trained by Align-
RUDDER can easily be explained by inspecting the alignment of events. Fur-
thermore, the alignment step of Align-RUDDER can be employed to explain
arbitrary agents’ behavior, so long as episodes generated with this agent are
available or can be generated.

Furthermore, we have shown that Align-RUDDER outperforms state-of-the-
art methods designed for learning from demonstrations in the regime of few
demonstrations. On the Minecraft ObtainDiamond task, Align-RUDDER is, to
the best of our knowledge, the first pure learning method to mine a diamond.
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