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Abstract—Reinforcement Learning (RL) methods are widely the RL Competition, where we propose to learn a near-optimal
used for dynamic control tasks. In many cases, these are high ks policy minimizing the helicopter crashes during the leagni
tasks where the trial and error process may select actions which phase
execution from unsafe states can be catastrophic. In addition, ) . .
many of these tasks have continuous state and action spaces, Thus, we 'ntrOd.UCEPOI'Cy Improvement through Safe _Re'
making the learning problem harder and unapproachable with Inforcement LearningPI-SRL) as a novel approach for im-
conventional RL algorithms. So, when the agent begins to interact proving baseline policies using RL in high-risk domainseTh
with a risky and large state-action spaces task, an important P|-SRL algorithm is composed by two different steps. In
question arises: how can we avoid that the exploration of the the first one, a baseline behavior (robust but sub-optingal) i

state-action space cause damages in the learning (or other) imated by | . Baseline behavi be madel
systems. In this paper, we define the concept afsk and address approximated by learning. baseline behaviors can be modele

the problem of safe exploration in the context of RL. Our notion Using Learning from Demonstration (LfD) techniques [13].
of safety is concerned with states that can lead to damage. Within LfD, a teacher provides example executions of the

Moreover, we introduce an algorithm that safely improve sub- task. Executions are recorded as observations of the wodd a
optimal but robust behaviors for continuous state and action selected actions. From this dataset, the learner then ajeresr

control tasks, and that learns eficiently from the experience trol poli hich b fi t fi H
gathered from the environment. We report experimental results a control policy which maps observations 1o actions. Howeve

using the helicopter hovering task from the RL Competition. some works demonstrated the ability to improve a policy 8ase
on the experience from a teacher [3], [4]. In the case of the
. INTRODUCTION helicopter hover task, the competition software provided a

When using Reinforcement Learning (RL) techniques fdraseline controller. This baseline controller is robustaning
learning in high-risk control tasks, traditionally the éxp that it never causes the helicopter to crash. However, its
ration/exploitation process (e.g— greedy) can lead to states performance is quite weak, as it is unable to consistently
or actions that can be catastrophic for the agent which imieahover near the target point. The baseline controller is ealin
ing [10]. The helicopter hovering control task is an exampleinction: a direct mapping of an observation to an action. So
of these tasks. In this control task, the agent’s objects/e in the first step of the PI-SRL algorithm, we use this baseline
to hover the helicopter by manipulating different contingo controller as a teacher to build a simple behavior to coreplet
control inputs based on a continuous high-dimensionaé stahe task. In order to achieve this goal, we use Case-Based
space. This domain involves high risk, since some policéas cReasoning (CBR) techniques [1], which have been applied
crash the helicopter, incurring in catastrophic negataweard. successfully for LfD in the past [8], [9].
Exploration/exploitation strategies such as- greedy may In the second step of the PI-SRL algorithm, it tries to
produce the helicopter constantly crash (especially ifghe safely build a more accurate policy from the previous be-
a high probability of choosing actions randomly). As resultavior learned from demonstration. Thus, the set of inganc
of this, the exploration process, in which new policies am@btained in the previous phase is improved exploring the-sta
evaluated, must be conducted with extreme care. For th@sgion space safely. To perform this exploration, small ant®
environments, a method that does not only explore the staté-Gaussian noise are randomly added to the greedy actions of
action space, but that it explores safely, is required. the base-line policy approximation. This exploration t&igy

In this paper we propose a method for safe learning s been used successfully in previous works [5], [22]. The
high-risk and continuous control tasks. The method regquiraovelty of this work is the use of two new main components:
a previously defined safe policy, which we assume to leesafety functiorto determine a state’s degree of safety and a
sub-optimal (otherwise, learning should have no sense. Tihaseline policy behaviathat is able to lead the system from a
goal is to learn a near-optimal policy, although optimatign critical state back to a safe one. Using these two components
not be warranted. We report experimental results of the nele problem of safe exploration is basically solved.
algorithms to learn policies for the helicopter hover tasiaf The remainder of the paper is organized as follows. Next



section introduces the learning approach proposed, wiite S The iteration of this process leads the robot to explore
tion 11l shows the evaluation performed in the helicoptevdro progressively in a safe way the state and action spaces, in
domain. Section IV reports the related work and last, Sedtio order to find new and better ways to complete the task. Safety
summarizes the main conclusions of this work. will depend on the risk taken.
Next we describe the first step of the PI-SRL algorithm,
Il. THE PI-SRL ALGORITHM where the agent learns (build a case base) by observing
To illustrate the concept behind this approach, consider tthe behavior of a teacher. Later, the second step of the PI-
navigation problem shown in Figure 1. There, the task is ®RL algorithm will be explained. In this step, the PI-SRL
learn a control policy to get from the start state to the goalgorithm builds a more complex policy from the simpler
state, given a set of demonstration trajectories. policy previously learned from demonstration.

v A. First Step: Modeling the Base-line Behaviors by CBR

*Cﬂnmn " Now Baplored Bebiiors In this section, we describe an approach for learning by
TS observation that uses CBR to allow a software agent to behave
similarly to a teacher. LfD techniques attempt to shift the
Explored region by burden of knowledge transfer from the teacher to the soéwar
the Baseline Behavior  ggent. The agent learns by watching the teacher perform a
task and, when faced with the same task, aims to behave in a
similar manner [9].
When using CBR for behavior imitation, a case can be
Fig. 1. Exploration strategy based on adding small amountsoento a built usmg_the agem,s visual .mformatlon a_s well as the
baseline policy behavior. The baseline behavior is showiillegl lines and ~ COrresponding action command it perform. A first approach to
the new explored behaviors are shown by dotted lines. imitate the teacher behavior would be store all cases gestera
by the teacher. This idea seems intuitive, however, stazlhg
In this environment, we assume that the task is hard duedbBserving cases is not useful when trying to imitate thehteac
a atochastic and complex dynamic of the environment (e.g. Bshavior. To illustrate this, consider Figure 2. In additio
extremely irregular surface in the case of the robot naidgat consider the teacher behavior is described by the function
domain, wind effects in the case of the helicopter hover,task(s) = a (i.e. given the observation/statg the teacher
...). That makes impossible to complete the task using exacfigrform the actiora), and, if a new case is presented, a 1-
the same trajectory every time. Now consider that we arengiveearest-neighbor search is used in order to find the best case
a set of demonstrations of a baseline controller performimgatch. The Figure 2 shows the region of the space represented
the task (shown as filled black lines in Figure 1). This set &y simple storing cases in the for(a;,, a;) performed using
demonstrations is composed by different trajectoriesedog  f. Each stored case covers an area of the space (i.e. eaah store
a well-defined region of the state space (the region within tinstance, red circles in the figure, represents the centrioal

Baseline Behavior

rectangle in Figure 1). \oronoi region).

Our approach is based on adding small amounts of noise or
perturbations to the baseline trajectories in order to fiedh n Transition USIE UNCtON | reneont of i vesion
and better ways to complete the task. This noise will affeet t New test instance \

baseline trajectories seen in different ways, dependinthen to be classified
amount of noise added (or depending on the amourristf

you want to take). If you do not want to takisks the noise

added to the baseline trajectories should be 0, and N0 New NOr tansition according
better behaviors will be discovered (but the robot will meve — fonerestneitor
fall off a cliff, or the helicopter will never collide). If yo want

to take an intermediate level ofsk, small amounts of noise

can be added to the baseline trajectories, and new tragstor

to complete the task are discovered (the blue dotted lines in Fig. 2. Effects of storing all training instances.

Figure 1). In some cases, the exploration of new trajectprie

leads the robot to unknown regions of the state space (the reVhen a new test case; is given (green triangles in
dashed lines in Figure 1). The robot should be able to detéégure 2), the algorithm search for the most similar stored
these situationss@fety functiohy and to use thbaseline policy case, and classifies the new case according to the cjasf
behaviorto return to safe and known states. If, instead, ydts nearest neighbor. This classification results in theeten
want to take a very highisk, big amounts of perturbationsof the actiona;, which will produce an state transition, and a
will be added to the baseline trajectories, and new traj@sto new input case (an state).; to be classified.

will be discovered (but highiisk increases the probability of However, if the functionf is used to classify the case
damaging the robot). s, probably the output would be slightly different ta,,

Collision




and, therefore, the new input case to classify is also differ In the algorithm shown in Figure 3, the distance between
to sxr1. These classification errors lead to visit unexplorestates is computed using the Euclidean distance (Equajion 1
regions of the case space, not considered in the initial set
of cases (the set of cases obtained by simple storing tuples
in the form (s, ax) of the function f). This is particularly distance(s, s') =
dangerous in high-risk domains. When visiting an unexplored
region, a big difference betwet_an the real output (_Obtai”edStarting with an empty case base, the learning algorithm
by the function f), and the estimated output (obtained b¥qntinyously increases its competence by storing new expe-
1-nearest-neighbor classification), may cause damageein fRnces. However, there are a number of reasons why the
robot (e.g. the helicopter crash), and our intention toamit jhqow of new cases ought to be limited. Large case bases
the teacher behaviof by CBR would fail. __ increases the time required to find the closest instances of
So, simply storing training cases is not enough to imitalg he\y instance presented. This can be partially solved by
the teacher behavior by CBR in many domains. To modgking techniques to reduce the retrieval time, &dytrees
a base-line behavior, the algonthm_deplc'ged m_Flgure 3 ha@sst have been used in this work. However, they does not
been developed. We assume a continuoedimensional state g4y ce the storage requirements. Several approachesdogem
spaceS C R" where each state = (s1,52,...,5,) € SIS @ selessases during training exist, e.g. the IBx algorithms by
vector of real numbers.ar)d each dimension has its mdw@%a [2] or any nearest prototype approach. Anyway, when
domain D7 C R. In a similar way, we assume a continuoUgye number of cases stored @B exceeds some critical value
and n-dimensional action spacd C %" where each action o) ~ 4 so that the realization of a retrieval within a
a = (ay,as,...,a,) € Ais avector of real numbers and eacliertain amount of time cannot be guaranteed, it is inewtabl
dimension has its individual domaiP} C 3. Accordingly, {5 remove some cases. An efficient approach to tackle that

we define a case to be ann + m-dimensional real-valuated yroplem is to remove the least frequently used elements of
vectorc = (s1,. - .,5n,a1,- - -, an), Where the first elements  ~g (Figure 4).

represent the case’s problem part and corresponds tosstate
and the lastn elements depicts the case’s solution, i.e. th€Case Base Management Routine
expected action when the agent is in the state

In this algorithm, the cases of the case b@8qrepresenting 1. Given the set of instance€sB
the teacher behaviof) are evaluated in each step of an 2 If |CB] < caseBaseMaxSize retum
episode. The parametdris a threshold used to identify if 3.forall ¢ € CBi . 5 . .

. Computet(c') with t(c*) telling how many episodes ago

a new states; belongs to an unexplored region of the state ¢ has been visited
space. If so, the algorithm perform the actiop using the 4 pelete instances with(c) > ¢
function f(s;), and a new instance*” = (s, ax) is built
and added to the case bas#®. Otherwise, a 1-NN strategy is Fig. 4. Case Base Management: Deletion of Stored Cases.
followed. Later, it calls the appropriate case base managem
routine, which is described bellow. The result of this step is a constrained case WaBehat

mimics the teacher behavior described by the funcfi¢s) =
CBR Approach for Teacher Imitation a.

1)

Given the functionf(s) = a describing the teacher behavior B, Second Step: Improving the Baseline Behavior
1. Set the case bageB = 0

2. Repeat In the second step of the PI-SRL algorithm, the baseline
Setk =0 behavior learned in the previous step is improved by safe
while k < maxzEpisodeLength do exploration of the state-action space. In this step, in otde

Compute the instance sc, ac > closest to the  aygjyate the goodness of an action in a particular statewa ne

current statesy, . . .
it distance(s.,s) < 0 field is added to each case= C'B. Thus, each casec CB is

Setay, = a. composed bys, a,v), wheres represents the case’s problem
else part (or state)q depicts the case’s solution (or action), and the
Setay = f(sk) utility value v represents an evaluation of how good the action
create a new case'" = (si, ar) a is for the states. To initialize the utility valuev for each
CB:=CBUc"™" L .
call case base management routines states, the state-value function is pomputdd?(s), following
Executeay, and receivesy. 1 a Monte Carlo (MC) approach (Figure 5).
Setk=k+1 This algorithm is similar in spirit to First-visit MC method
end while for V™ [21]. In algorithm shown in Figure 5, all the returns for
untilstop criterion becomes true each statess € CB are accumulated and averaged, following

the policy = defined by the instances @B.
Fig. 3. CBR algorithm for approximation of functions desanip policy Once the utility valuev is compu.ted fOI.’ each instance
behaviors. ¢ € CB, small amounts of Gaussian noise are randomly



MC Algorithm in dangerous states, the actiop performed is suggested by

1. Given the case baséB the teacher functiorf, which define a safe behavior. A new

2. Initialize, for each ¢’ € CB case< sy, ay,0 > is built to be added to the list of cases in
v* « arbitrary the episode. Until the robot is not in a considered safe ,state
7(s) « a given by the instance’ =< s,a,v >€ CB actions will be performed using the teacher behavior.
Returns(s) < empty list Finally, in this step of the algorithm, the total reward

3. while k& < maxNumber Episodes
Generate an episode using
for each s appearing in the episode with s,a,v > CB

obtained in the episode is accumulatedtq! Rw Episode :=
total RwEpisode + r(sg, a ), wherer(sg, ax) is the immedi-

R « return following the first occurrence of ate reward obtained when perform actiopin statesy).

AppendR to Returns(s) - Computing the state-value function for the dangerous

v — average(Returns(s)) states This step corresponds with the step labeled as (c)
4. Return CB

in Figure 6. In this step, the state-value function of the
Fig. 5.  Monte Carlo Algorithm to Compute the State-Value Riamc for States cons'ldered as qangerous states in the previousretep a
each Instance. initialized (in the previous step the state-value functfon
these states was set to 0). The algorithm proceeds in a simila
_ o _ ~way than in Figure 5. In this case, all the returns for each
added to the actions of the policy @B, in order to obtain dangerous state; are accumulated but not averaged, since
new and better ways to complete the task. Thus, the Gaussialy one episode is considered.
exploration take place around the current approximatiothef - Updating the cases in CB using the experience gathered
optimal action. The action that is performed is sampled feomThis step corresponds with the step labeled as (d) in the
Gaussian distribution with the mean at the action outpugmiv algorithm shown in Figure 6.
by the selected instance @B. When a; denotes the action The update of the cases stored @B only is performed
that the algorithm outputs at tintethe probability of selecting when the accumulated reward obtained in the epistudalR-

actiona; is computed using Equation 2. wEpisode s greater than the greatest accumulated reward per
1 ) o episode obtainednaxTotalRwEpisodeminus a threshold®.
(s, ah) = - e~ (@r—a)*/20 (2) Thus, the updates iBB will be made with the cases gathered
yixea

from episodes with a similar quality to the best episode tbun

The algorithm used to improve the baseline behavior learnsd far.
in the previous step is depicted in Figure 6. This algoritlsm i In this step, there are two types of updates: replacemedts an
composed by four different steps performed in each episodgiditions of new cases. For each case= (s;,a;, V(s;)) €

- Initialization step It corresponds with the step labeled agistCasesEpisode, we compute if the problem part of the
(a) in Figure 6. It initializes the list used to store the saseasec;, s;, is part of a case € CB. If so, then the TD-error,
occurred during an episode, and it sets to O the accumulateds computed. If6 > 0, performing the actioru; results
reward counter of the episode. in a positive change for the value of a state, then that action

- Case GenerationThis step corresponds with the stegould potentially lead to a higher discounted future reward
labeled as (b) in Figure 6. In this step, the algorithm buddsand thus to a better policy [22]. Therefore, we reinforce tha
case for each step in a episode. For each new sjatihe action replacing the old case by the new case; updating
closest case< s,a,v > is computed using the Euclideanthe state-value function of;, V (s;).
distance (Equation 1). In order to determine the degree oflf instead,s; is not part of a case i@B, the case; is added
safety of the new state, perceived, aafety functioris used. to CB, and the algorithm calls to the case base management
This safety functiotomputes the distance between the state routine (Figure 4).
and the closest stag distance(sg, s). If distance(sy,s) < 6
the state is considered a safe state (i.e. this state iskesto
damage the robot, and the robot can performrisiey action), In this section, we report experimental results of using PI-
because the statg, is considered similar to the stage(i.e. SRL to learn policies in the well-known generalized heliewp
the states;, is considered within the explored region definetiovering domain from the RL Competition [18]. In this
by the case bas€B). The actiona;, performed in this case is domain, a RL agent seeks a policy for a simulated XCell
computed using the Equation 2, and a new case ax,v > Tempest helicopter. The goal is to make the helicopter hover
is built to be added to the list of cases occurred during tlaes close as possible to a defined position for the duration
episode. established of an episode.

If instead distance(sg,s) > 6 the states; is considered  This domain represents a challenging task for four main
a dangerous state (i.e. in this state the robot is likely to beasons. First, transition dynamics are complex (i.e. husv t
damaged if the action suggested by 88 is performed), state of the agents environment changes in response to its
because the statg, is considered outside the region definedctions). Second, both the state and action spaces are high-
by the case basgéB. In this dangerous state mseline policy dimensional and continuous (the state space is 12-dimaaisio
behavioris needed to lead the system back to a safe state. 8nd the action space 4-dimensional). Third, the helicopter

Ill. EXPERIMENTAL RESULTS



Policy Improvement Algorithm negative reward. The goal is to find a control policy that

maximizes the reward that the helicopter receives per dpiso
However, in this work, a new challenge is added to the default
goal defined previously. In our case, the goal is to find the
best possible control policy (as previously mentioned), but
in addition, minimizing the number of episodes where the
helicopter crashes.

Given the case baseB
Given the functionf(s) = a describing the teacher behavior
1. SetmaxT otal RwEpisode = 0, the maximum cumulative
reward reached in a episode
2. Repeat
(a) setk = 0, listCasesEpisode— 0, total RwEpisode = 0

(b) while & < maxzEpisodeLength do
Compute the case s, a, V(sx) > closest to the current
statesy,
if distance(s, sx) < 0 then
Perform actiona;, using equation 2
Create a new instanaé*¢® := (s, ay, V(sg))
else
Perform actionay, using f(sx) = ak

As mentioned before, the helicopter hovering domain pro-
vides use with a robust baseline controller (i.e. it neverses
the helicopter crash). However, its performance is weall, an
it is unable to hover the helicopter near of the specifiedetarg
point. The baseline controller is a linear functiof(s) = a,
which directly maps an stateperceived to an actioa. The
first step of the PI-SRL algorithm is performed in order to

Create a new instanag**® := (s, ag,0)
total RwEpisode := total Rw Episode + r(sk, ak)
listCasesEpisode := listCasesEpisode U c"¢"

imitate this baseline controller. In this step, the teaciser
considered as the baseline controller provided in the domai
Once the first step of PI-SRL is performed as described in
section 1I-A, the resulting case ba&B obtained, is able to
properly imitate the robust behavior of the baseline cdlairo

(c) for each instancec; in listCasesEpisode
if s; is not part of a case i’ B then

return(s;) := Z?:_kl r(sj,a5) + s, (Figure 7).
V(si) 1= return(s;)
-50000
(d) if total RwEpisode > (maxTotal RwEpisode — ©) then
if total RwEpisode > maxT otal RwEpisode then -60000 r
maxT otal RwEpisode := total RwEpisode
for each casec; in listCasesEpisode -70000 Baseline Controll
if s; is part of a case IICB then = e oo er: . At
Compute the case € C'B corresponding to the statg g 80000 r 1
Computed = r(s;, a;) + vV (si+1) — V(si) o«
If 6 > 0 then g -90000 r CB learned
Replace the case € C'B with ¢; =
V(s) = Visi) + b 100000 f
elSECB = CBUC -110000 ¢
call case base management routines 120000

) o 0 10 20 30 40 50 60 70 80 90 100
until stop criterion becomes true .
Episode

4. Return CB

Fig. 7. Comparative of the performance of the Baseline Cdetrprovided

) o o by the software competition, and the dataG&tlearned once the first step of
Fig. 6. Description of the second step of the PI-SRL algarithhich perform  p|_SRL has been performed.

the policy improvement.

Figure 7 compares the performance (in terms of total
reward per episode) for the baseline controller provided by
hovering domain involve high risk, as bad policies coulthe software competition, and the case b@&learned. The
crash the helicopter, obtaining a catastrophic negatweng averaged total reward per episode of the Baseline Controlle
Fourth, it is a generalized domain where wind factor modifyiuring 100 episodes is -78035.93, while the obtained for the
the domain behavior. Since the 2008 RL Competition the winghse bas€B learned is -85130.11. Although the case bage
in the helicopters environment varies greatly from one S®P ¢o not mimic perfectly the behavior of the baseline conemll
the next. it performs a robust policy without crashing the helicopter
Now, we describe briefly the helicopter hovering problem. Previous to perform the second step of the PI-SRL algo-
In each step, the helicopter receives a 12-dimensionalreontrithm, the case baséB learned can be used to analyze some
uous state and performs a 4-dimensional continuous actiéeatures of the helicopter domain: the reward function ded t
The helicopter also receives a immediate reward that is thistribution of the actions.
sum, over all state features, of the squared differencedmtw To learn the reward function, a similar version of the
that state feature and the fixed target position in which tlgorithm described in Figure 5 can be used, but instead only
helicopter wishes to hove. A helicopter episode is compos#te immediate reward for each state C'B are accumulated
by 6000 steps, but an episode could end prematurely if thed averaged, following the policy defined by the instances
helicopter crashes. The helicopter’s crashing resultslarge in CB. The reward function learned is shown in Figure 8.



Reward

SRL in this step, are compared with the results of the winfier o
the RL Competition 2009 in the helicopter hovering task [15]

o
1

0
-1
-2
4 F -3
2 s The winner of the autonomous helicopter flight in 2009, used
e ® an evolutionary RL method in order to find a near optimal
32 F % neuro-controller [17]. The comparative results are shomwn i
1:3 L 10 Figure 10.
0 T T . -
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Fig. 8. Reward function of the helicopter domain. § | ) N
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Figure 8 shows how the bigger immediate rewards are arou” °°% “‘
the origin of coordinates. So, to learn in the helicopter dom 60000 | “w‘ | ®  Colision Winner RL Competition 2009
consists in to hover the helicopter as long as possible sios [ A Colision PI-SRL
to the origin of coordinates, where a greater amount of rewe 70000 f H
will be collected. 80000 ™= _. ‘ ‘ , , ‘ ‘ ‘ ,
The case bas€B can also be used to study the spacig 0 500 1000 1500 2000 2500 3000 3500 4000 4500 5000
distributions of the actions (Figure 9). Figure 9 shows fot Episode

different histograms, each one analyzing the distributibone ) ) . .

di . f th tions i€B (i h tion i m dFlg. 10. Comparative learning results between the winnerloEBmpetition
|menS|0.n o] .e actions (i.e. eac a(? on is composedynog and the PI-SRL algorithm.

by four dimensionsiy, as, .. ., a4, SO each histogram analyzes

the distribution of an individual dimension in all the casesé Figure 10 shows two learning curves of the winner of the RL
CB). Competition 2009 (red filled lines), and two learning curves
of the PI-SRL algorithm (green dashed lines). In additidn, i
is marked when an episode ends with helicopter's collision
(blue circles for the winner of RL Competition 2009 and blue
triangles for the PI-SRL algorithm). The results show that w
can obtain similar results with both methods, but the number
of collisions when using PI-SRL (a mean of 4 collisions) is
much lower than when using the evolutionary RL approach (a
mean of 161 collisions). However, when using the evolutipna
approach, all crashes occur in early steps of the learning
process, while when using the PI-SRL algorithm, collisions
occur in more advanced steps of the learning process.

Figure 11 analyzes the new distribution of the actions in the
case bas&€B once the second step of the PI-SRL algorithm
is performed.

Figure 11 demonstrates how all the dimensions of the action
space have been moved slightly to the left, with respecteo th
Fig. 9. Histograms analyzing the distribution of the indiséd dimension of distribution of the base-line behavior. Due to the case base
actions (a histogram for each dimension) in all the case Gase CB obtained after performing the second step of PI-SRL has

more cases than the previous one, the frequencies showed in

Figure 9 shows how each dimension of actionsGB the histograms are higher.
follows a gaussian distribution. This is particularly irgsting,
and reinforces the use of Gaussian exploration in the second IV. RELATED WORK
step of the PI-SRL algorithm. Both Learning for DemonstrationLfD) and Safe Rein-

Once the case bageB is obtained in the first step of theforcement Learningare widely described in the literature.
PI-SRL algorithm, the second step is performed. In this,stelpearning a task from scratch may require a prohibitivelyetim
PI-SRL tries to safely build a more complex policy from the€eonsuming amount of exploration of the state-action space i
previous behavior learned from demonstration. Thus, tihe seder to find a good policy. In addition, learning withoutqri
of instancesCB obtained in the previous phase is improve#nowledge seems to be an approach that is not taken in human
exploring the state-action space safely. The results ofPthe learning. Knowledge about how to approach a new task can
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Distribution of Actions Once Performed the Second Step of PI-SRL

Distbution of Actons Once Performed the First Step of PLSRL is described. We have studied the details of the algorithdh an
showed its effectiveness on the helicopter hovering tasle. T
algorithm requires a previously defined safe policy, whigh i
assumed to be sub-optimal. In this work, we have considered
a robotic teacherto learn a robust (but sub-optimal) policy.
This robotic teacheris provided by the software competition

2500 2500
5 2000 g 2000
3 ]

2 1500 £ 1500
& s

1000 1000

of the helicopter hovering.

S oo DU 2 o0, In the second step of the PI-SRL algorithm, the previous
- learned robust behavior is improved through safe reinforce
- 4000 ment learning. In this step, there are two main components:
- - a safety functionand abaseline behaviorable to return to
ji’m safe states from dangerous situations. In this workafety

2000

function based on the distance Euclidean between the new
state perceived and the state space known by the agent is
we Used. The use of thisafety functionis possible because the
behavior policy is stored as a case base. This represergara cl
Fig. 11. Histograms analyzing the distribution of the indival dimension advantage compared to other approaches (e.g. evolutionary
of actions (a histogram for each dimension) in all the case G&s(once the reinforcement Iearning where extraction of knowledgeLmbo
second step of the PI-SRL algorithm is performed). ’ . . .
the state space known by the agent is impossible using
the weights of the neural-networks). In addition, tiodotic

be transferred from previously learned tasks, and/or itlean teacherused in the previous step, is used again in this one.
extracted from the performance of a teacher. This is the gdhrepresents theaseline behavigrused when the agent is in
of LfD [20]. In the context of human skill learning, teachingconsidered dangerous situations.
by showing was investigated deeply in different works [14], The alg_o'nthm.works well, and. achieves a performgpce that
[16], [7]. Although most LfD works to date has made use df competitive with the best published results. In addititme
human demonstrators, some technigues have also exami@é@rithm is able to learn a near-optimal policy minimizing
the use of robotic teachers [19], hand-written control@et the helicopter crashes. _ _
or simulated planners [J. A comprehensive survey of robot Seyeral issues relgted to this work merit further research.
LfD techniques can be found in [5]. In this work, arobotic teacherhave bee_n used. As fu_ture
In the case ofSafe Reinforcement Learninthe work has WOrk, we attempt to uséwuman teachern other domains
been mainly focused in determining when a state or tramsiti§UCh @s business administration [6]. In this domain the @gen
can be considered as dangerous [12], [11], [10], and in tA¥nages a company and it tries to get the maximum profits
definition of backup policiesable to lead the system to safe?S Possible in a competitive market. In this case, fthenan
states from fatal states [12]. teacherwould be an busmessma_n expert, ar_ld the risk is to
Other works combine successfully LfD with RL techniquesgXPlore the state-action spaces without breaking the coynpa
In [4], the learning system includes the ability to improne t Finally, the exploration/explotaition problem is one imnfaat
policy based upon the learner experience. It derives new dg;(sue_that we _have_ not currently addressed at all in this work
from learner executions modified by advice from a humaf l0gical continuation of the work presented here would be
teacher. In [20] instead, LfD is combined with RL technique!® !€arn a value function model, to generate more apprapriat
in a different way to solve successfully the Swing-Up tasé arfXploratory actions.
the Cart-Pole balancing. However, in theses works, the safe ACKNOWLEDGMENT

exploration of the state-action spaces is not mentioned, an This work has been partially supported by the Spanish

probably the use of these techniques to learn in risky dosnajy, o\ projects TIN2008-06701-C03-03 and TRA2009-0080
as the helicopter hovering control, would cause a big number
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