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Abstract

Tasks that require many sequential decisions
are hard to solve using conventional rein-
forcement learning algorithms. Based on the
option framework, we propose a model which
aims to alleviate these concerns. Instead of
learning a single monolithic policy, the agent
learns a set of simpler sub-policies as well
as the initiation and termination probabili-
ties for each of those sub-policies. While ex-
isting option learning algorithms frequently
require manual specification of components
such as the sub-policies, we present an algo-
rithm which infers all relevant components
of the option framework from data. We
present results on SMDPs with discrete as
well as continuous state-action spaces. The
results show that the presented algorithm can
combine simple sub-policies to solve complex
tasks and can improve learning performance
on simpler tasks.

1. Introduction

Solving tasks which require long decision sequences or
complex policies is an important challenge in reinforce-
ment learning (RL). The semi Markov decision process
(SMDP) setting (Sutton et al., 1999) is a promising ap-
proach to simplify the complexity of such tasks. The
SMDP setting extends the MDP setting by introduc-
ing macro-actions, which are carried out over multiple
time steps (Parr and Russell, 1998; Sutton et al., 1999).
Using these macro-actions, the agent has to make less
decisions to solve a task. Furthermore, even if macro-
actions are based on simple policies, the combination
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of multiple macro-actions can represent more complex
solutions than the simple policies would allow for on
their own. Such a decomposition of complex solutions
can simplify the learning problem in many domains.

The option framework (Sutton et al., 1999) incorpo-
rates such macro actions. An option consists of a sub-
policy, an activation policy and a termination proba-
bility. After an option is activated, actions are gener-
ated by the sub-policy until the option is terminated
and a new option is activated. While the option-
framework has received considerable attention (Parr
and Russell, 1998; Sutton et al., 1999; Dietterich,
2000), to date most algorithms either require the
manual specification of the activation policies or sub-
policies. Algorithms for autonomous option discovery
typically depend on discrete state-action spaces (Mc-
Govern and Barto, 2001; Mann and Mannor, 2014;
Simsek et al., 2005) with exceptions such as the work of
Konidaris et al. (Konidaris and Barto, 2009). Further-
more, many existing algorithms first explore a given
MDP and learn suitable options afterwards (Menache
et al., 2002; Simsek and Barto, 2008). Hence, they are
not aimed at leveraging the e�ciency of options in the
initial stages of learning but rather aim at transferring
the options to new tasks. These approaches are pow-
erful in scenarios where options can be transferred to
similar tasks in the future. In contrast, the approach
suggested in this paper aims at directly learning suit-
able options for the problem at hand while also being
applicable in continuous state-action spaces.

In continuous state-action spaces, policy search (PS)
methods which optimize parametrized policies have
been shown to learn e�ciently in simulated and real
world tasks (Ng and Coates, 1998; Kober and Pe-
ters, 2010). Thus, the compatibility of the pro-
posed option discovery framework with PS meth-
ods such as PoWER (Kober and Peters, 2010) and
HiREPS (Daniel et al., 2012) is an important goal
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of this paper. In the discrete setting, the framework
can equally be combined with a wide range of meth-
ods such as as Q-Learning (Watkins and Dayan, 1992)
and LSPI (Lagoudakis and Parr, 2003). Furthermore,
many complex tasks can be solved through combi-
nations of simple behavior patterns. The proposed
framework can combine multiple simple sub-policies to
achieve complex behavior if a single sub-policy would
be insu�cient to solve the task. These simpler sub-
policies are easier to learn which can improve the over-
all learning speed.

To arrive at a general framework which works in dis-
crete and continuous settings and requires minimal
prior knowledge, we propose a probabilistic formula-
tion of the option framework where all components
are represented by distributions. To learn these op-
tions from data, we propose a probabilistic inference
algorithm based on the expectation maximization al-
gorithm (Baum, 1972) to determine the options’ com-
ponents. The resulting algorithm o↵ers three key ben-
efits

1. It infers a data-driven segmentation of the state-
space to learn the initialization and termination
probability for each option.

2. It is applicable to discrete as well as continuous
state-action spaces.

3. It outperforms monolithic algorithms on discrete
tasks and can solve complex continuous tasks by
combining simpler sub-policies.

Together, these contributions allow for learning of op-
tions from data with minimal prior knowledge.

1.1. Problem Statement

We consider the SMDP setting with states s 2 S, ac-
tions a 2 A, option indices o 2 O, and termination
events b 2 B. Every option consists of a sub-policy
⇡(a|s, o) and a termination policy ⇡(b|s, ō), where b

encodes a binary termination event and ō is the in-
dex of the previously active option. Furthermore, one
global activation policy ⇡(o|s) governs the activation
of options following a termination event. A new option
can only be activated if the previously active option ō

is terminated. Thus, the agent uses the same option
for multiple time steps if it is not terminated. The
option transition model is given as

p(o|s, b, ō) =
(
⇡(o|s) if b = 1,

�o=ō if b = 0,
(1)

bt otot-1 bt+1

t+1t+1

ot+1
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Figure 1. The graphical model of the proposed framework.
The termination policy ⇡(b|s, o) decides whether to keep
executing the previously active option or to terminate its
execution. After a termination event, the activation policy
⇡(o|s) samples a new option and the sub-policy ⇡(a|s, o)
samples an action. Arrows from st,at to st+1 are not
shown to reduce clutter as we do not aim to model the
transition probability distribution. Shaded nodes indicate
observed variables, while clear nodes indicate the hidden
variables. The model parameters ✓B ,✓O,✓A are shown in
rounded square boxes.

and ensures that option ō remains active until a ter-
mination event occurs. After each termination, a new
option will be sampled according to ⇡(o|s).
In Section 2, we show how to learn a hierarchical policy
defined by the options given a set of demonstrated tra-
jectories, i.e., how to solve the imitation learning prob-
lem. We formulate the option framework as a graph-
ical model where the index of the executed option is
treated as latent variable. Subsequently, we show how
an EM algorithm can be used to infer the parameters
of the option components. In Section 3 we extend the
imitation learning solution to allow for reinforcement
learning, i.e., for iteratively improving the hierarchical
policy such that it maximizes a reward function.

2. Learning Options From Data

The goal of this paper is to determine sub-policies, ter-
mination policies and the activation policy from data
with minimal prior knowledge. All option components
are represented by parametrized distributions, gov-
erned by the parameter vector ✓ = {✓A,✓O,✓B}. The
individual components are given as binary classifiers
for the termination policies for each option p(b|s, o =
i;✓i

B), one global multi-class classifier for the activa-
tion policies ⇡(o|s;✓O) and the individual sub-policies
⇡(a|s, o = i;✓i

A). Our goal is to estimate the set of
parameters ✓ = {✓A,✓O,✓B}, which explain one or
more demonstrated trajectories ⌧ = {⌧

1

, . . . , ⌧T } with
⌧t = {st,at}. Crucially, the observations ⌧ do not con-
tain the option indices o nor the termination events b
but only states s and actions a. Both, the option index
and the termination events are latent variables.
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For this Section, we ignore the optimality of the re-
sulting trajectories and focus on the imitation learn-
ing problem, i.e., how to recover hierarchical policies
from trajectory observations. We propose a probabilis-
tic option framework, where all option components are
represented as distributions. We can then recover dis-
tributions over the latent variables using probabilistic
inference techniques.

2.1. The Graphical Model for Options

To apply these probabilistic inference techniques, we
need to specify how the variables in our model interact
with each other. Figure 1 shows a graphical model
of the proposed setting and the resulting hierarchical
policy can be given as

⇡(a|s, ō;✓) =
X

o2O

X

b2B
⇡(b|s, ō;✓B)p(o|s, b, ō;✓O)⇡(a|s, o;✓A). (2)

The graphical model in Fig 1 shows that the follow-
ing operations occur in every time step. First, the
termination policy ⇡(b|s, ō;✓B) samples a termination
event b. According to Equation (1) the previously ac-
tive option ō remains active if no termination occurs.
Otherwise, the activation policy ⇡(o|s;✓O) samples a
new option index o based on the current state s. Fi-
nally, the sub-policy ⇡(a|s, o;✓A) samples an action a
based on the state s.

2.2. Expectation Maximization for Options

The graphical model for the option framework is a
special case of a hidden Markov model (HMM). The
Baum-Welch algorithm (Baum, 1972) is an EM algo-
rithm for estimating the parameters of a HMM. We
will now state the Baum-Welch algorithm for our spe-
cial case of the option model, where we consider the
special case of a single trajectory for improved clar-
ity. The extension to multiple trajectories, however, is
straightforward.

In our graphical model, the latent variables {o
1:T , b1:T }

are given by trajectories of the option index and the
termination event. EM algorithms optimize a lower-
bound of the marginal log-likelihood

log p(⌧ |✓) �
X

o1:T ,b1:T

p(o
1:T , b1:T |⌧,✓old)

log p(o
1:T , b1:T , ⌧ |✓) = Q(✓,✓old). (3)

The lower-bound is maximized iteratively. In the ex-
pectation (E-) Step, we compute the posterior prob-
abilities of the latent variables using our current es-
timate of the parameters ✓old. In the maximization

(M-) Step, we maximize Q(✓,✓old) w.r.t ✓ to obtain a
new estimate of the parameter vector. As the lower-
bound is tight after every E-Step, the EM algorithm
is guaranteed to converge to a local maximum of the
marginal log-likelihood.

As we are dealing with time series, we can leverage the
structure of the trajectory distribution

log p(o
1:T , b2:T , ⌧ |✓) = p(o

1

|s
1

)p(a
1

|o
1

, s
1

) (4)

T�1Y

t=1

p(bt+1

|st, ot;✓B)p(ot+1

|st+1

, bt+1

,✓O)

p(at+1

|st+1

, ot+1

;✓A)p(st+1

|at, st).

After setting Eq. (4) in Eq. (3) and rearranging terms,
the lower bound decomposes in a sum over the time
steps, i.e.,

Q(✓,✓old) =
T�1X

t=1

X

ot

X

bt+1

p(ot, bt+1

|⌧ ;✓old) (5)

log ⇡(bt+1

|st+1

, ot;✓B)

+
TX

t=1

X

ot

p(ot|⌧ ;✓old) log ⇡(at|st, ot;✓A),

+
TX

t=1

X

ot

p(ot, bt = 1|⌧ ;✓old) log ⇡(ot|st;✓O).

Based on this representation, we can adapt the EM
algorithm to recover the posterior belief distributions

p(ot:t+1

, bt:t+1

|⌧ ;✓old), and p(ot, bt|⌧ ;✓old), (6)

and use these results to perform independent maxi-
mization steps in order to fit parametrized distribu-
tions to fit the respective option components. To save
space, we omit the details of the expectation and max-
imization steps. Consequently, we need to infer only
the posteriors �t and ⇠t in the E-Step, and not the
probability p(o

1:T , b1:T |⌧) of a whole trajectory.

3. Probabilistic Reinforcement
Learning for Option Discovery

The results in the previous section allow us to recover a
hierarchical policy from state-action observations, i.e.,
to perform imitation learning with hierarchical poli-
cies. In this section, we extend these results to allow
for reinforcement learning. Using the hierarchical pol-
icy, the agent aims to maximize the expected reward
J(⇡) = E⇡

P1
t=0

�

t
r(st,at), where � is the discount

factor. We will show how probabilistic inference based
methods can be combined with EM algorithm of Sec-
tion 2 to learn a reward maximizing hierarchical policy.
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3.1. Probabilistic Reinforcement Learning
Algorithms

There exist several algorithms which use probabilistic
inference techniques for computing the policy update
in reinforcement learning (Dayan and Hinton, 1993;
Theodorou et al., 2010; Kober and Peters, 2010). More
formally, they either re-weight state-action trajectories
or state-action pairs according to the estimated qual-
ity of the state-action pair and, subsequently, use a
weighted maximum likelihood estimate to obtain the
parameters of a new policy ⇡

⇤.

A common approach is to to use an exponential
transformation of the advantage function A(s,a) =
Q(s,a)� V (s), where Q(si,ai) is the Q-function and
V (si) is the value function, to reweight the state-action
distribution (Daniel et al., 2012). The resulting desired
state-action distribution p(s,a) is then given by

p(s,a) / q(s,a) exp

✓
Q(s,a)� V (s)

⌘

◆
,

where q(s,a) is the sampling distribution which is typ-
ically obtained by sampling from the old policy ⇡̃(a|s).
The parameter ⌘ is a temperature parameter that is
either optimized by the algorithm (Daniel et al., 2012)
or manually set (Theodorou et al., 2010; Kober and
Peters, 2010). A new parametrized policy ⇡

⇤ can
then be obtained by minimizing the expected Kulback-
Leibler divergence between the re-weighted policy up-
date p(a|s) and the new parametric policy ⇡

⇤ (van
Hoof et al., 2015), i.e.,

⇡

⇤ = argmin⇡Ep(s) [KL (p(a|s)||⇡(a|s))]
= argmax⇡

Z
p(s,a) log ⇡(a|s) ds da+ const

⇡ argmax⇡
X

(si,ai)⇠q(s,a)

w(si,ai) log ⇡(ai|si), (7)

where

w(si,ai) = exp

✓
Q(si,ai)� V (si)

⌘

◆

defines a weighting for each state action pair. It can
now be easily seen that Equation 7 is equivalent to a
weighted maximium likelihood estimate for the policy
⇡

⇤.

We will employ di↵erent RL algorithms in the con-
tinuous and discrete setting to compute these weight-
ings. For the continuous experiments, we will use the
HiREPs (Daniel et al., 2012) algorithm. While other
algorithms are equally feasible (Theodorou et al., 2010;
Kober and Peters, 2010), HiREPS is able to actively

separate sub-policies if options are available by ensur-
ing that di↵erent sub-policies generate distinct behav-
iors in similar states.

For discrete environments, we can equally employ
standard reinforcement learning techniques to ob-
tain the Q-function Q(s,a) and value function
V (s). In our experiments, we employed stan-
dard Q-learning (Watkins and Dayan, 1992) and
LSPI (Lagoudakis and Parr, 2003) to obtain those
quantities. In the discrete case, the temperature pa-
rameter ⌘ was set to 1.

3.2. Combining EM and Probabilistic
Reinforcement Learning

As we have seen, the only di↵erence between imitation
learning and probabilistic reinforcement learning algo-
rithms is the use of a weighted maximum likelihood
(ML) estimate instead of a standard ML estimate. We
can now combine the expectation maximization algo-
rithm for discovering parametrized options with prob-
abilistic reinforcement learning algorithms by weight-
ing each time step in the maximization step of the EM
algorithm.

Since the reinforcement learning weights wt =
w(st,at) are independent of all latent variables, the
derivations of the expectation step remain largely un-
a↵ected. The integration of the reinforcement learn-
ing weights a↵ects only the maximization step. In the
M-Step, all sample weights for the individual option
components obtained by the EM algorithm are simply
multiplied by the RL weights. Thus, we obtain the fol-
lowing combined weights of each sample Since the RL
weightings only depend on the observed variables, we
fortunately do not have to devise a new RL algorithm
but can rely on a wide range of existing methods to
provide the RL weights wt.

4. Related Work

Options as temporally extended macro-actions were
introduced by Sutton et al. (1999). While previous
research leveraged the power of temporal abstraction
(Kaelbling, 1993; Parr and Russell, 1998; Sutton et al.,
1999), such e↵orts did not improve the sub-policies
themselves. Improving the sub-policies based on the
observed state-action-reward sequences is known as
intra-option learning. Sutton et al. (1999) showed that
making use of intra-option learning can drastically im-
prove the overall learning speed. Yet, the algorithms
presented by Sutton et al. (1999) relied on hand coded
options and were presented in the discrete setting.

Options are also used in many hierarchical RL ap-
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proaches to either extend the action space or op-
tions are directly extended to sub-tasks, where the
overall problem is broken up into potentially simpler
sub-problems. Dietterich (2000) proposed the MAXQ
framework which uses several layers of such sub-tasks.
However, the structure of these sub-tasks needs to
be either specified by the user (Dietterich, 2000), or
they rely on the availability of a successful trajectory
(Mehta et al., 2008). Barto et al. (2004) rely on ar-
tificial curiosity to define the reward signal of indi-
vidual sub-tasks, where the agent aims to maximize
its knowledge of the environment to solve new tasks
quicker. This approach relies on salient events which
e↵ectively define the sub-tasks.

Stolle and Precup (2002) first learn a flat solution to
the task at hand and, subsequently, use state visita-
tion statistics to build the option’s initiation and ter-
mination sets. Mann and Mannor (2014) apply the
options framework to value iteration and show that it
can speed up convergence.

Option discovery approaches often aim to identify
so called bottleneck states, i.e., states the agent has
to pass pass through on its way from start to goal.
McGovern and Barto proposed to formulate this in-
tuition as a multiple-instance learning problem and
solve it using a diverse density method (McGovern
and Barto, 2001). Other approaches aim to find such
bottleneck states using graph theoretic algorithms.
The Q-Cut (Menache et al., 2002) and L-Cut (Sim-
sek and Barto, 2008) build transition graphs of the
MDP and solve a min cut problem to find bottleneck
states. Silver and Ciosek (2012) assume a known MDP
model to propose an option model composition frame-
work, which can be used for planning while discover-
ing new options. Niekum and Barto (2011) present a
method to cluster subgoals discovered by existing sub-
goal discovery methods to find skills that generalize
across tasks. In the presented paper, we do not as-
sume knowledge of the underlying MDP and, further,
present a framework which is also suitable for the con-
tinuous setting.

In continuous state-action settings, several sub-task
based approaches have been proposed. Ghavamzadeh
and Mahadevan (2003) proposed the use of a policy
gradient method to learn subtasks while the selection
of the sub-tasks is realized through Q-Learning. Mori-
moto and Doya (2001) proposed to learn how to reach
specific joint configurations of a robot as sub-tasks,
such that these options can later be combined to learn
more complicated tasks. In both approaches, the sub-
tasks have to be pre-specified by the user. Wingate
et al. (2011) use policy priors to encode desired ef-

0 1 2 3

·105
0

200

400

#Transitions

S
te
p
s
to

G
oa
l

Two Rooms

Ours-LSPI

Ours-QLearning

LCut

QCut

(a) Two Rooms Comparison

0 2 4 6 8 10 12 14 16 18 20
0

2

4

6

8

10
Start
Obstacle
Goal

(b) Two Rooms Setup

0 0.5 1 1.5 2

·105
0

200

400

#Transitions

S
te
p
s
to

G
oa
l

Corridor World

Ours-LSPI

Ours-QLearning

LCut

QCut

(c) Corridor World Comparison

0 1 2 3 4 5 6 7 8 9 10
0
1
2
3
4
5
6
7
8
9
10

Start
Obstacle
Goal

(d) Corridor World Setup

Figure 2. b,d) Setups of the discrete world task. The agent
has to cross fields of varying sizes while avoiding the ob-
stacles on its way to the goal. Outlined triangles show
trajectories learned using the proposed approach in combi-
nation with LSPI. The colors di↵erentiate between active
options. Since the transition dynamics were stochastic,
the transitions did not always follow the selected actions.
a,c) Learning performances of the di↵erent algorithms on
the discrete world tasks. The results show that the L-Cut
and Q-Cut generally had similar performance, where Q-
Cut outperformed L-Cut in the both worlds. In all worlds
the proposed approach outperformed both L-Cut and Q-
Cut when using Q-Learning. Changing the RL algorithm
to LSPI further increased the learning performance.
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Figure 3. The number of EM iterations in the RL case does
not have a large e↵ect on the performance. More EM iter-
ations improve the performance only marginally.

fects like temporal correlation. Konidaris and Barto
(2009) use the option framework to learn chaining of
skills. This approach requires that the agent can reach
the goal state before constructing the series of options
leading to the goal state.

5. Evaluation

We present results on two discrete state-action tasks
as well as one continuous state-action task. In the
discrete state action task settings, we compare to two
existing option learning algorithms, namely the Q-Cut
algorithm (Menache et al., 2002) as well as the L-Cut
algorithm (Simsek et al., 2005). Both algorithms aim
to find bottleneck states by solving a max flow/ min
cut problem on the transition graph. After identifying
such bottleneck states, options are generated which
lead to these states. The main di↵erence between
these two algorithms is that Q-Cut aims to solve a
global graph partitioning problem, while L-Cut aims
to solve a local problem, based on transitions observed
in one episode. The main di↵erence to the proposed
algorithm is that we do not aim to identify bottleneck
states, but instead aim to break up the problem into
simpler sub-problems.

For all evaluations, we tested each setting ten times
and report mean and standard deviation of the results.

Discrete Tasks. In the comparative results to re-
lated work we follow the therein established method of
reporting ‘steps to goal’ as qualitative measure. In the
remaining evaluations of our algorithm we report the
average return, which may in some cases be more infor-
mative since our reward functions also punish ‘falling
o↵’ the board.

Influence of EM Iterations. The proposed EM
style of computing policy updates can be costly and,
generally, requires several iterations as is the case for
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Figure 4. Evaluation of the proposed algorithm on the un-
derpowered pendulum swingup task. A flat linear policy is
insu�cient to solve the task, only the combination of mul-
tiple linear policies is su�ciently expressive. (Best viewed
in color).

the imitation learning experiments. However, in the
RL setting, subsequent policies are expected to be sim-
ilar and, thus, a small number of EM Iterations should
be su�cient. The results in Fig. 5 show that this intu-
ition holds true in our evaluations. In our experience,
performing even more EM iterations did not change
the result. However, when using very few rollouts per
iteration, the e↵ect of performing multiple EM itera-
tions can be more pronounced.

Continuous Task. The continuous task was given
as the underpowered swingup problem. To solve this
task the agent has to learn to first perform a pre-swing
to build up kinetic energy and then use the momen-
tum to fulfill the task. Furthermore, in the presented
task two solutions are possible, performing the swing-
up clock-wise or counter-clock-wise. To provide a re-
inforcement learning signal for the continuous task,
we employed the Hierarchical Relative Entropy Policy
Search (HiREPS) algorithm (Daniel et al., 2012). For
the activation policy as well as the termination poli-
cies, a squared feature expansion was used. The indi-
vidual sub-policies worked directly on the state obser-
vations, using only an additional constant o↵set. Thus,
the sub-policies were linear controllers. The results in
Figure 5 show that while a single linear policy was in-
su�cient to solve this task, it could be solved using
two options. Adding more options further improved
the resulting hierarchical policy.

6. Conclusion

In this paper, we presented a method to estimate the
components of the option framework from data. The
results show that the proposed method is able to learn
options in the discrete and continuous setting and per-
forms better than existing methods in the discrete set-
ting.
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