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Abstract. Recently a novel reinforcement learning algorithm called
event-learning or E-learning was introduced. The algorithm based
on events, which are defined as ordered pairs of states. In this setting, the agent optimizes the selection of desired sub-goals by a
traditional value-policy function iteration, and utilizes a separated
algorithm called the controller to achieve these goals. The advantage of event-learning lies in its potential in non-stationary environments, where the near-optimality of the value iteration is guaranteed
by the generalized ε-stationary MDP model. Using a particular nonMarkovian controller, the SDS controller, an ε-MDP problem arises
in E-learning. We illustrate the properties of E-learning augmented
by the SDS controller by computer simulations.

1 Introduction
In a common formulation of the Reinforcement Learning (RL) problem an agent improves its behavior by observing the outcomes of its
own interactions with the environment. In the 1980’s, Markovian Decision Problems (MDPs) were proposed as the model for the analysis
of RL (for an overview, see [12] and references therein), and since
then a mathematically well-founded theory has been constructed for
a large class of RL algorithms [20, 21, 6].
RL algorithms typically consider stationary environments. To provide a principled framework for RL in fast changing environments,
we introduce a model called ε-MDP which are generalizations of
ε-stationary MDPs [7]. In ε-MDPs the environment is allowed to
change over time. In particular, transition probabilities may vary as a
function of time. The only requirement is that the change is asymptotically small (it is bounded by a small number ε). We cannot expect
to find an optimal policy, it may not even exist for this case. Nevertheless, the following important result can be proven: if an algorithm
converges to the optimal value function in an MDP, then in the corresponding ε-MDP the asymptotic distance of the optimal value function and its approximation is bounded, and the bound is proportional
to ε under the same conditions.
The concept of ε-MDPs can be applied to a novel reinforcement
learning algorithm called event-learning [8]. Event-learning differs
from typical RL formulations where the agent learns an optimal policy that prescribes the optimal action in a given state. This kind of
policy has much the same advantages and drawbacks as conditioned
reflexes: it can solve difficult tasks, but it may be sensitive to minor
changes in the environment, furthermore, in a new problem setting
the learning must be started over from the beginning. Event-learning,
instead, optimizes a policy which selects desired successor states instead of selecting actions. Consequently, instead of state-action values, the values of state-state pairs (events) are learned. The task of
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bringing the agent to the desired successor state is passed to a lowerlevel controller. Event-learning with a particular non-Markovian controller, the SDS controller [17], corresponds to an ε-MDP under
certain conditions[19]. We illustrate the properties of event-learning
augmented by the SDS controller using a two-link pendulum computer simulation, and we discuss its advantages in changing environments and with coarse discretizations. Finally, some possible extensions are presented.

2 Generalized ε-Stationary MDPs
Markovian Decision Problems are commonly used constructions for
formulating reinforcement learning tasks. Recently, a more general
model called generalized MDP was introduced[16].
A generalized
L N
MDP is defined byL
the tuple hX, A, R, , i, where X, A, R are
defined as above;
: (X × A × X →NR) → (X × A → R)
is an “expected value-type” operator and
: (X × A → R) →
(X → L
R) is a “maximization-type”
operator.
For example,
by
P
N
setting ( S)(x, a) =
Q)(x) =
y P (x, a, y)S(x, a, y) and (
maxa Q(x, a) (where S : (X × A × X) → R and Q : (X × A) →
R), the well-known expected-reward MDP model is recovered.
In the generalized framework, the agent’s task is to find a value
function V ∗ satisfying the abstract Bellman equations:
NL
V ∗ (x) =
(R(x, a, y) + γV ∗ (y)), for all x ∈ X.
(1)

The optimal value function can be interpreted as the total reward received by an agent behaving
L optimally in a non-deterministic environment. The operator
describes the effect of the environment,
i.e. how the value of taking action a in state x N
depends on the
(non-deterministic) successor state y. The operator
describes the
action-selection of an optimal agent.
L
N
When 0 ≤ γ < 1, and both
and
are non-expansions, the
optimal solution V ∗ of the abstract Bellman equations exists and it
is unique.
As shown by Szepesv´
ari and Littman, the analogue of the Qlearning algorithm [21] can be defined in generalized MDPs as well
[16]. Furthermore, convergence results for this general algorithm can
also be established. In Q-learning, the values of state-action pairs (the
values of taking a given action in a given state) are learned instead
of state values, which enables model-free learning [20]. The corresponding X × A → R value function is usually denoted
L by Q. For
the optimal state-action value function Q∗ , Q∗ =
(R + γV ∗ )
holds. The Q-learning algorithm uses the following update rule:
Qt+1 (xt , at ) = (1 − αt (xt , at ))Qt (xt , at )
+ αt (xt , at )(rt + γ(

N
Qt )(yt )),

(2)

where xt is the current state, at is the selected action, yt is the resulting state, rt is the gained reward, and αt (x, a) is the learning

rate at time t. yt is selected according to the probability distribution
P (xt , at , .) and Qt is the actual estimate of Q∗ .
The great advantage of the generalized MDP model is that a wide
range of models can be discussed in this unified framework. For details, see [16].
Another extension of the MDP concept, where we do not require
the transition probabilities to remain constant: they are allowed to
vary with time. However, without restrictions, such model would be
too general to establish useful theorems. Therefore we restrict ourselves to cases when the change over time remains small. We say
that the distance of two transition functions P and P 0 is ε-small
(ε
.) − P 0 (x, a, .)kL1 ≤ ε for all (x, a), i.e.
P > 0), if kP (x, a,
0
y |P (x, a, y) − P (x, a, y)| ≤ ε for all (x, a). (Note that for a
given state x and action a, P (x, a, y) is a probability distribution
over y ∈ X.)
MDPs with varying transition probabilities can also be formulated
as generalized MDPs. Given a prescribed ε > 0, a generalized
L
N εstationary
{ t }, { t }i,
L MDP is defined by the tuple hX, A, R,N
with t : (X×A×X → R) → (X×A → R) and t : (X×A →
R) → (X L
→N
R), t = 1, 2, 3, . . ., if there exists
a generalized
MDP
°N L
NL°
° ≤ ε.
hX, A, R, , i such that lim supt→∞ ° t t −
The resulting model inherits the advantages of both the generalization and the ε-property: a broad scale of decision problems can be
discussed simultaneously, while the underlying environment is allowed to change over time as well. This family of MDPs will be
called generalized ε-stationary MDPs or ε-MDPs for short.
We present here a generalized form of the convergence theorem of
Szepesv´
ari & Littman’s[16], applicable to algorithms in ε-MDPs. Let
X be an arbitrary state space and denote by B(X) the set of X → R
value functions. Let T : B(X) → B(X) be an arbitrary contraction
mapping with unique fixed point V ∗ , and let Tt : B(X) × B(X) →
B(X) be a sequence of stochastic operators.
De£nition 2.1 A series of value functions V t κ-approximates V with
κ > 0, if lim supt→∞ kVt − V k ≤ κ with probability one.
De£nition 2.2 We say that T t κ-approximates T at V over X, if for
any V0 and for Vt+1 = Tt (Vt , V ), Vt κ-approximates T V over X
with probability one.
Theorem 2.3 Let T be an arbitrary mapping with fixed point V ∗ ,
and let Tt κ-approximate T at V ∗ over X. Let V0 be an arbitrary
value function, and define Vt+1 = Tt (Vt , Vt ). If there exist functions
0 ≤ Ft (x) ≤ 1 and 0 ≤ Gt (x) ≤ 1 satisfying the conditions below
with probability one, then Vt κ0 -approximates V ∗ over X, where
2
κ.
κ0 = 1−γ

Theorem 2.4 Let Q∗ be the optimal value function of the base MDP
of the ε-MDP, and let M = maxx,a Q∗ (x, a) − minx,a Q∗ (x, a). If
N
1. N is a non-expansion,
2.
does not depend on R or P ,
3. rt has a finite variance and
t |xt , at ) = R(xt , at ),
PE(r
∞
χ(xt = x, at = a)αt (x, a) = ∞
4. the learning
rates
satisfy
t=0
P
2
and ∞
t=0 χ(xt = x, at = a)αt (x, a) < ∞ uniformly w.p.1,
2
γM ε w.p.1, i.e. the sequence
then lim supt→∞ kQt − Q∗ k ≤ 1−γ
0
2
Qt κ -approximates the optimal value function with κ0 = 1−γ
γM ε.

For the proofs and other mathematical details, see [19].

3 The Event-Learning Algorithm
Most reinforcement algorithms maintain and use some kind of value
function for developing an optimal policy. The event-learning algorithm [8] uses the event value function E : X × X → R, and the
pairs of (x, y d ) states are called events. For a given initial state x and
a desired goal state y d , E(x, y d ) is the value of trying to get from x
to y d in one step. This value may be different from the expected discounted total reward of eventually getting from x to y d . We use the
former definition, since we want to use the event-value function for
finding an optimal successor state. To this end, the event-selection
policy π E : X × X → [0, 1] is introduced. π E (x, y d ) gives the
probability of selecting desired state y d in state x. However, the system usually cannot be controlled by “wishes” (desired new states),
decisions have to be expressed in actions. This is done by the actionselection policy (or controller policy) π A : X × X × A → [0, 1],
where π(x, y d , u) gives the probability that the agent selects action
u to realize the transition x → y d 3 .
An important property of event-learning is the following: only the
event-selection policy is learned (through the event value function)
and the learning problem of controller policy is separated from this
event-learning. From the viewpoint of event-learning, the controller
policy is part of the environment, just like the transition probabilities.
The event value function corresponding to a given policy can be
expressed by the state value function:
EπE (x, y d ) =

x0

Qn

3. for all k > 0, t=k Gt (x) converges to zero uniformly in x as n
increases; and,
4. there exists 0 ≤ γ < 1 such that for all x ∈ X and sufficiently
large t,
Ft (x) ≤ γ(1 − Gt (x)) w.p.1.
By applying Theorem 2.3 it can be shown that the generalized Qlearning algorithm still finds an asymptotically near-optimal value
function.

π A (x, y d , u)

u

X

P (x, u, y)

y

and conversely:

1. for all U1 , U2 ∈ V and all x ∈ X,
¯
¯
¯
¯
¯Tt (U1 , V ∗ )(x) − Tt (U2 , V ∗ )(x)¯ ≤ Gt (x)¯U1 (x) − U2 (x)¯

2. for all U, V ∈ V and all x ∈ X,
¯
¯
¯
¯
¯Tt (U, V ∗ )(x) − Tt (U, V )(x)¯ ≤ Ft (x) sup ¯V ∗ (x0 ) − V (x0 )¯

X

V (x) =

X

³
´
· R(x, y) + γV (y) ,

π E (x, y d )EπE (x, y d ).

(3)

(4)

yd

This relation implies the following definition:
De£nition 3.1 For a fixed controller policy π A , an event-value function is optimal if it satisfies
Eπ∗A (x, y d ) =

X
u

π A (x, y d , u)

X

P (x, u, y)

y

³
´
· R(x, y) + γVπ∗A (y) , where Vπ∗A (x) = max Eπ∗A (y, z d ).
zd

3

Note that E(x, y d ) depends on both π E and π A . When no ambiguity may
arise we will not explicitly show these dependencies.

It is easy to see that maxπA Vπ∗A (x) = V ∗ (x). A controller policy
is optimal, if it maximizes the l.h.s. expression. An optimal eventvalue function with respect to an optimal controller policy will be
noted by E ∗ .
In most applications we cannot assume that a time-independent
optimal controller policy exists. To the contrary, we may have to allow the controller policy to adapt over time. In this case, we may
try to require asymptotic near-optimality. This is a more realistic requirement: in many cases it can be fulfilled, e.g., by learning an approximate inverse dynamics [4] in parallel with event-learning. Or
alternatively, the controller policy itself may be subject to reinforcement learning (with a finer state space resolution), thus defining a
modular hierarchy. Another attractive solution is the application of a
robust controller like the SDS controller [17], which is proven to be
asymptotically near-optimal, furthermore it may have a short adaptation time, and is robust against perturbations of the environment.
As a consequence of the varying environment (recall that from
the viewpoint of event-learning, the controller policy is the part of
the environment), we cannot prove convergence any more. But we
may apply Theorem 2.3 to show that an iteration exists which still
finds a near-optimal event value function. To this end, we have to reformulate event-learning in the ε-MDP framework. Since an action
of the learning agent is selecting a new desired state, the set of actions A is equal to X in the new ε-MDP. Because of this assignment,
the generalized Q-value function
N of this model will be exactly the
event value function E. Let ( t E)(x) = maxyd E(x, y d ), indeP
L
pendently of t, and let ( t S)(x, y d ) = y pt (y|x, y d )S(x, y d , y),
P
where pt (y|x, y d ) L
=
πtA (x,N
y d , u)P (x, u, y). Finally, we asuN
sign the operators
and
as ( E)(x) = maxyd E(x, y d ) and
L
P P
( S)(x, y d ) = y u π A (x, y d , u)P (x, u, y)S(x, y d , y).
The generalized Q-learning algorithm of this model uses the iteration
π∗A

Et+1 (st , sdt+1 ) = (1 − αt (st , sdt+1 ))Et (st , sdt+1 )
µ
¶
+ αt (st , sdt+1 ) rt + γ max Et (st+1 , sd ) .
sd

3.1 Event-Learning with the SDS Controller
The Static and Dynamic State (SDS) Feedback controller proposed
by L¦orincz et al. [15, 17] gives a solution to a specific control problem, the speed field tracking4 problem (SFT) in continuous dynamical systems [5, 4, 18]. The problem is the following. Assume that a
state space X and a velocity field v d : X → Ẋ are given. At time
t, the system is in state x(t) with velocity v(t). We are looking for
a control action that modifies the actual velocity to v d (x(t)). Studies on SDS showed that it is robust, i.e. capable of solving the SFT
problem with a bounded, prescribed tracking error. [4, 15, 17, 14].
Moreover, it has been shown to be robust also against the perturbation of the dynamics of the system and the discretization of the state
space [8].
The SDS controller applies an approximate inverse dynamics Φ̂,
which is then corrected by a feedback term:
ut (xt , vtd )
wτ

=

Φ̂(xt , vtd ) + Λ

Z

t

wτ dτ, where
τ =0

Φ̂(xτ , vτd ) − Φ̂(xτ , vτ ))

is the correction term, and Λ > 0 is the gain of the feedback. It was
shown that under appropriate conditions, the eventual tracking error
of the controller is bounded by const/Λ. The assumptions on the
approximate inverse dynamics are quite mild: only sign-properness is
required5 . Generally, such an approximate inverse dynamics is easy
to construct either by explicit formulae or by observing the dynamics
of system during learning.
The above described controller cannot be applied directly to eventlearning, because continuous time and state descriptions are used.
Discretization of space is needed, and this discretization should satisfy the condition on ‘sign-properness’. If time is discrete, then prescribing desired velocity v d is equivalent to prescribing a desired successor state y d [8]. Therefore the controller takes the form
ut (xt , ytd )

(5)

=

Φ̂(xt , ytd ) + Λ

t
X

wτ · ∆t, where

τ =0

wτ

This is identical to the iteration defined in [8].
Theorem 3.2 If the sequence of controller policies πtA converges to a neighborhood of π A , i.e. lim supt→∞ kπtA (x, y d , .) −
π A (x, y d , .)k ≤ ε for all (x, y d ) w.p.1 uniformly, then the above
defined model is indeed an ε-MDP.
For the proof see [19]. We can apply Theorem 2.4 now to prove
the following statement:
Corollary 3.3 Let lim supt→∞ kπtA (x, y d , .) − π A (x, y d , .)k ≤ ε
and let M = maxx,yd Eπ∗A (x, y d ) − minx,yd Eπ∗A (x, y d ). If
1. rt has a finite variance and
t |xt , yt ) = R(xt , yt ),
PE(r
∞
d
d
d
2. the learning
rates
satisfy
t=0 χ(xt = x, yt = y )αt (x, y ) =
P∞
d
d
d 2
∞ and t=0 χ(xt = x, yt = y )αt (x, y ) < ∞ uniformly
w.p.1,
then the sequence Et satisfies lim supt→∞ kEt − Eπ∗A k
2
γM ε w.p.1.
1−γ

=

≤

Naturally, if π A = π∗A then the approximated value function will
be E ∗ .

=

Φ̂(xτ , yτd ) − Φ̂(xτ , yτ )),

and ∆t denotes the size of the time steps.
Note that xτ and yτ (therefore wτ ) change at discretization
boundaries only, i.e. when an event was observed. Therefore, eventlearning with the SDS controller may have much relaxed conditions
on update rate compared to other reinforcement learning methods
[8].
The above defined controller can be directly inserted into eventlearning by setting
(
1 if a = ut (xt , ytd ),
A
d
πt (xt , yt , a) =
(6)
0 otherwise.
Corollary 3.4 Let ε be a prescribed number. For sufficiently large
Λ and sufficiently small time step, the controller described in Eq. 6
satisfies the conditions of Theorem 3.2, therefore the environment
and the SDS controller form an ε-MDP. Consequently, Corollary 3.3
is applicable.
4
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The term, ‘velocity field tracking’, may represent the underlying objective
of speed field tracking better, which term is used in the literature.
The inverse dynamics is sign-proper if the result of its action is better than
the result of the opposite action.

4 Computational Demonstrations
50

Figure 1. The Two-link Pendulum
Upper subfigure: the pendulum; lower subfigures: a successful episode
shown in three consecutive series.

4.1 Experiments
4.1.1

Comparisons with SARSA

The performance of event-learning augmented by the SDS controller
was compared to the performance of SARSA (a well-known and
effective RL-algorithm). The same parameters (learning rate, resolution of discretization, reward, eligibility decay, discount factor)
were used for both algorithms. The parameters were taken from [1],
and can be considered (near) optimal for the SARSA implementation (which was also taken from here). In this experiments, the SDS
controller used an even more simplified inverse dynamics, which accelerates learning but results in a less accurate tracking ability and
increases noise (see [8]).
We examined the histogram of the task completing times obtained during learning. Results show that event-learning with SDS
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Figure 2. Time Histogram
Event-learning with SDS has a significantly smaller variance in task
completion time than the SARSA method. Result depends on the feedback
gain parameter (Λ) heavily, which is shown in brackets in the figure.
Λ = 1.0 not only performs better on average than SARSA, but also results
in the smallest variance. Even at Λ = 2.0, extremely long task completion
times were less frequent than with SARSA.

has a significantly smaller variance in task completion time than the
SARSA method (Fig. 2).
Changing the mass does not effect sign-properness of the inverse
dynamics. In turn, we suppose that event-learning using SDS is robust against mass perturbations, a property rarely met by other RL
methods. To examine this, after switching learning off the smaller
mass parameter was perturbed, which modified the dynamics of the
system (Fig. 3). The result shows that the changing environment does
not spoil the optimized value function.
Change of Time of Finishing Task [%]

For the computer simulations the two-segment pendulum problem
[1] was used. The pendulum is shown in Fig. 1. It has two links, a
horizontal one (horizontal angle is α1 ), a coupled vertical one (vertical angle is α2 ) and a motor that is able to rotate both directions.
The state of the pendulum is given by α1 , α2 , α̇1 and α̇2 . For the
equations of the dynamics see, e.g. [8].
The task of the learning agent was to bring up the second link
into its unstable equilibrium state and balance it there. To this end,
the agent could effort torque on the pendulum by using the motor.
The agent could finish one episode by (1) reaching the goal state and
stay in it for a given time interval (2) reaching a time limit without
success (3) violating predefined speed limits. When the agent was in
the goal state, 0 reward was applied, otherwise it suffered -1 penalty.
An optimistic evaluation was used: 0 value was given for every new
state-state transition.
State variables were discretized by an uneven ‘ad hoc’ partitioning of the state space. The controller had two base actions. First the
agent learned the inverse dynamics by experience: a random base
action was selected then the system was periodically restarted in 10
second intervals from random positions. The inverse dynamics for an
event was given by the most likely action when the event occured. To
accelerate learning, eligibility traces were used.
The applied inverse dynamics had no guarantees: it may have even
violated the sign-properness condition in small sub-portions of the
discretization domains. Still, the rate of successful episodes usually
stabilized after 200000-300000 seconds of simulation time and the
agent learned its task. See [19, 8] for the effectively used parameters.
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Figure 3. SARSA vs. E-learning in a changing environment
In this experiment we perturbed the environment by changing the mass of
the smaller link. The figure shows the average task completion time for the
two methods as a function of the mass change. The original mass was 0.43
kg. IN SARSA, beyond about 0.1 kg mass increase sharp deterioration takes
place and performance of the state-action policy drops suddenly. In contrast,
event-learning with SDS starts to deteriorate only at around doubled mass.

4.1.2

Optimal feedback value for the SDS controller

By Corollary 3.4, we can expect that the time needed for convergence
decreases by increasing the gain factor Λ. Indeed, Fig. 4 shows that
an optimal Λ exists: without SDS (Λ = 0) a significantly slower
learning can be achieved. At higher gain factors, the discretization
introduces instabilities: The SDS “overshoots” within discretization
domains. Therefore performance quickly deteriorates for large Λ
values. Finer discretization and/or more frequent observations are

needed to improve performance: for larger Λ values the update rate
needs to be increased. However, in experiments with coarser discretizations, RL was able to learn the task only for non-zero Λ values.
4
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Figure 4. Choosing an Optimal Feedback Gain.
The figure demonstrates that an optimal feedback gain exists for SDS.
Because of the stochastic nature of the process, the result depends on
random factors. Therefore we calculated every result for lower Λ values 3
times with different random seeds.

5 Conclusions
We have introduced a new model called ε-MDP, in which the transition probabilities may change over time as long as the change remains small (ε-small). ε-MDPs has the following property: if an algorithm converges to the optimal value function in an MDP, then
in the corresponding ε-MDP the asymptotic distance of the optimal
value function and its approximation is bounded, and the bound is
proportional to ε under the same conditions.
The theoretical framework of the ε-MDP model was used to treat
a novel RL algorithm, event-learning [8]. We have shown that under
mild assumptions, event-learning finds a near-optimal value function: if the uncertainty of the underlying controller policy is asymptotically bounded by ε, then the uncertainty of the resulting value
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for event-learning, provide mathematically attractive framework for
RL in a variety of changing environments as well.
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and by the formulation of options within a semi-Markov Decision
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Additionally, learning the values of state-state transitions is more
than optimization of conditioned reflexes or habits, because it concerns desired next states and thus enables direct planning. This issue
is under investigation at present.
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[14] Cs. Szepesvári, Static and dynamic aspects of optimal sequential decision making, Ph.d. thesis, Attila József University, Bolyai Institute of
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[16] Cs. Szepesvári and M. L. Littman, ‘Generalized markov decision
processes: Dynamic-programming and reinforcement-learning algorithms’, Proceedings of International Conference of Machine Learning
’96, Bari, (1996).
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