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Abstract
When a limited number of experiences is kept in memory to train a reinforcement
learning agent, the criterion that determines which experiences are retained can
have a strong impact on the learning performance. In this paper, we argue that for
actor critic learning in domains with significant momentum, it is important to retain
experiences with off-policy actions when the amount of exploration is reduced
over time. This claim is supported by simulation experiments with a pendulum
swing-up problem and a magnetic manipulation task. Additionally, we compare
our strategy to database overwriting policies based on obtaining experiences spread
out over the state-action space, and also to using the temporal difference error as a
proxy for the value of experiences.
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Introduction

Deep reinforcement learning is a very powerful machine learning technique. It combines the capabilities of reinforcement learning to solve sequential decision making processes with the generalization
abilities of neural networks. Together, these methods make it possible to learn near optimal behavior
policies that can even work in previously unseen states. This large potential comes at a price however,
as deep reinforcement learning can be a complex problem. The main challenges concern the stability
of the learning process and the speed of convergence to a solution.
Many recent advances in the field can be seen as ways of bringing the reinforcement learning problem
closer to the easier problem of supervised learning. The reinforcement learning setting differs from
supervised learning in that there is no a priori fixed database of inputs and corresponding correct
targets to train the neural networks on. Instead, inputs are collected during the learning process, with
the distribution of the inputs being dependent on the process itself. Additionally, these inputs do
not come with correct targets. Instead, the correct targets, such as the value of a state or the optimal
action for a given state, are the intended outcome of the learning process. As such, the function that
is to be learned is changing during the learning process.
For value function based reinforcement learning methods, an important improvement (and step in the
direction of supervised learning), is to change the targets more slowly [10, 7]. Additionally, using
a large experience replay buffer [8] helps to break the correlations between updates to the network
parameters. This restores the i.i.d. assumption that stochastic gradient descent methods are based
on. It also means the distribution of the inputs changes less quickly. Other improvements involve
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calculating the targets more precisely. For value based methods this can be done by calculating
them from longer roll-outs (e.g. [12, 9, 5]). For actor only methods the targets can for example be
calculated with optimal control methods [2].
In this paper we instead focus on the distribution of the inputs over the domain of the functions we
are trying to learn. In supervised learning, some care is generally taken in collecting the training data.
For classification this would entail having sufficient examples of all classes, whereas for regression it
would come down to having the input samples sufficiently spread out over the domain of the function
that needs to be learned. By actively curating the contents of the experience replay database, we
again move reinforcement learning closer to supervised learning.
We are specifically concerned with actor critic methods in the latter stages of learning. In this phase,
the policy is already near optimal, and only slight variations of the policy are tried to further improve
it. In the limit, with the policy π converging to the optimal policy, the exploration could decay to zero.
For a deterministic policy, this would mean that there is a direct relationship between the state s and
the state-action value Q(s, a) for the new experiences, since a = π(s). Therefore, even if the critic
correctly outputs the target Q(s, a) value, it could forget the dependency on the action input. This
breaks the learning method, as the derivative of this function with respect to the action is used as the
policy gradient. Continued updates to the policy with the faulty policy gradient will change the policy
in unpredictable and almost certainly unfavorable ways causing it to diverge from the optimal policy.
Even when the updates are initially correct, changes to the policy can quickly bring it outside of the
area of the state-action space that is covered by the experiences in the database. If the Q function is
incorrect here, this could quickly lead to instability.
In this paper we will tackle scenarios in which the problem outlined above actually occurs in practice
and not just in the limit of decaying the exploration. We will present a method to prevent the problem
and show that this method enables using a much smaller experience replay buffer, which can be
beneficial when using high dimensional inputs, or when performing deep reinforcement learning on
systems with limited memory. We will also compare our method to other methods that change the
distribution of the experiences that the neural networks are trained on. Related work is discussed in
detail in Section 4.
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Preliminaries

In this paper we use the Deep Deterministic Policy Gradient (DDPG) [7] actor-critic method as
a starting point. The algorithm uses an actor and a critic. The actor π attempts to determine the
real-valued control action a ∈ Rn that will maximize the expected sum of future rewards r based on
the current state of the system s ∈ Rm ; a = π(s). The critic Q predicts the expected discounted
sum of future rewards when taking action a(k) in state s(k) at time k and the policy π is followed for
all future time steps:
 

∞
X


Qπ (s, a) = E r s(k), a, s(k + 1) +
γ j−k r s(j), π(s(j)), s(j + 1) s(k) = s
(1)
j=k+1

with 0 ≤ γ < 1 the discount factor, which ensures that the sum is finite.
The actor and critic functions are approximated by neural networks with parameter vectors ζ and ξ,
respectively. The critic network weights ξ are updated to minimize the squared temporal difference
error:


2
L(ξ) = r + γQ s0 , π(s0 |ζ − ) ξ − − Q(s, a|ξ)
(2)
Where s = s(k), s0 = s(k + 1) and r = r(s, a, s0 ) for brevity. The parameter vectors ζ − and ξ − are
copies of ζ and ξ that are updated with a low-pass filter to slowly track ζ and ξ:
ξ − ← τ ξ + (1 − τ )ξ −
ζ − ← τ ζ + (1 − τ )ζ − .

(3)
(4)

with the low-pass filter parameter τ ∈ (0, 1), τ  1. This makes the training targets more stable and
thus moves the reinforcement learning algorithm closer to supervised learning.
The actor network is updated in the direction that will maximize the expected reward according to the
critic:
∆ζ ∼ Oa Q(s, a|ξ)|s=s(k),a=π(s(k)|ζ) Oζ π(s|ζ)|s=s(k)
(5)
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During the learning trials, the experience tuples hs, a, s0 , ri from the interaction with the system are
stored in a database D. During the training of the neural networks, the experiences are sampled
uniformly at random from this database.
To obtain the experience tuples, learning trials are performed. These trials consist of E episodes
of T time-steps each. During all training trials, the initial state of each episode is fixed for each
environment; s(0) = s0 . Subsequent states depend on the deterministic environment dynamics
function: s(k + 1) = f (s(k), a(k)). The actions a(k) are chosen according to a(k) = π(s(k)|ζ) +
E(k).
Here, E is the exploration term. We use an Ohrnstein-Uhlenbeck process, which is beneficial for
dynamical systems with momentum [7]:
E(k) = E(k − 1) − Se α0 E(k − 1) + Se β0 N (0, 1)

(6)

With N (0, 1) a Gaussian noise process with mean 0 and standard deviation 1, α0 and β0 constants
that are chosen to excite the system at relevant frequencies, and Se a scaling factor.
The scaling factor Se is used to decay the exploration during the learning trial. We start all trials with
Se = 1 and decay linearly per episode until some minimum amount of exploration Smin > 0.
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Method

When the amount of exploration is reduced too far, reinforcement learning can break down [1]. This
is because the newly sampled experiences do not sufficiently cover the domain of the functions we
are learning. Even when a function was previously learned that holds over the relevant domain, this
function can be forgotten when training is continued with different data [4].
The problem we are specifically interested in here concerns the critic in actor-critic learning methods
such as DDPG. The critic needs to learn the mapping from the states and actions to the expected
future sum of rewards when taking action a in state s and following the policy for all time-steps after
the initial one Q(s, π(s) + E). When we reduce the amount of exploration E, the actions in the new
experiences are going to be closer to the policy actions, so the influence of the action in this mapping
is going to diminish.
In the limit, the on-policy experiences would only contain information about the state-value function
V (s), not the state-action value function Q(s, a), since a = π(s). The critic network might then learn
to return the correct Q(s, a) values for the samples we train it on based only on the states s. This
would mean that the derivative with respect to the actions Oa Q(s, a|ξ), used in (5) would not contain
any useful information. This could completely break the reinforcement learning method. Additionally,
even if the approximation of the effect of a on Q(s, a) is accurate near the policy, changes to the
policy can quickly move it outside of the coverage of the recent data. If the approximation of Q is
inaccurate for these new actions, instability can quickly occur as the policy is further changed based
on the incorrect derivative of Q here.
Although reducing the exploration to zero while learning continues would not make sense, problems
can already start to occur long before this point. This is especially true for dynamical systems with
considerable momentum, where the next state is largely determined by the current state and the
influence of the action on the next state is small. An example of a domain where these conditions are
present are low-level control applications. There, the high sampling frequencies that are required for
accurate reference tracking or disturbance rejection [3] mean the effect of taking a random action
for only a single time-step are very small. The use of the Ohrnstein-Uhlenbeck exploration noise is
beneficial for exactly this reason; taking a random action for only a single time-step is not informative
enough; it will not enable escaping stable equilibria for example.
When the amount of exploration is reduced, the already small effects of the action a on the Q(s, a)
value become even smaller. At some point, especially when regularization is used on the critic
network as suggested in [7], there might no longer be sufficient incentive to correctly model the
dependency of Q(s, a) on a.
Given these problems, it might seem beneficial to simply not reduce the amount of exploration during
the trial. However, the exploration decay might be crucial for at least two reasons:
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The first is a practical one and applies when using deep reinforcement learning to learn control
policies for physical systems. These systems often cannot sustain long periods of rough exploration
without suffering from increased wear or damage.
The second reason to decay the amount of exploration is that we are often interested in controlling
these systems close to an unstable equilibrium state. This means that our control policy needs to be
very precise around this state. The same amount of precision is not needed further away from the
desired state. By reducing the exploration when a policy has been found that will bring us close to the
desired state, we ensure that more samples are obtained around the desired state. This will speed up
convergence towards an optimal policy. In addition, it might improve the final policy as the networks
can specialize in the relevant parts of the state-space.
The need to reduce the amount of exploration needs to be combined with the need to have the
experiences in the experience replay database maximally informative about the effects of actions in
relevant states. As in our earlier work [1], we will influence the distribution of the contents of the
experience database over the state-action space by overwriting it in a nonstandard way. This makes
it possible to use smaller databases than otherwise possible, which makes the method especially
relevant on domains with high dimensional inputs such as images, where saving all experiences might
be impossible.
The default implementation of experience replay is to save the experience tuples hs, a, s0 , ri to an
experience database D until the database is full. Then, we simply start overwriting the database from
the beginning in a First In First Out (FIFO) way.
In the methods we consider in this paper, we still always write the most recent experiences to the
database. This is done to ensure we change at least some of the data in the databases, to reduce
the risk of over-fitting to individual samples. The new experiences will, as the exploration decays,
have actions that are close to the policy action in their state. We want to make sure that the effect of
taking different actions in those states can be deduced from the samples in the database. Therefore
we will try to keep sufficient experiences in memory with off-policy actions; preferably actions that
maximally differ from the policy actions. To do this we will overwrite the experiences in the database
that have the most on-policy actions with new experiences.
The metric we use to determine which experiences to overwrite is the squared two norm of the
distance between the action ai of experience i in the database D and the current policy action for the
state si of experience i:
OFFPOL score(i) = kai − π(si |ζ)k22
(7)
We propose two alternatives methods that use this principle. The first is to split the database D into two
smaller databases DF and DO , each half the size of D. After each episode e, the T new experiences
obtained during the episode are written to both databases. The database DF is overwritten in a FIFO
way and as such contains the most recent (increasingly on-policy) experiences. The database DO
is the off-policy database. When full, the T experiences with the lowest score according to (7) are
overwritten with the new experiences from the latest episode.
When training the neural networks, experiences are sampled with probability Ω from the off-policy
database DO and with probability 1 − Ω from the FIFO database DF .
The second method we consider is to simply only have the off-policy database; D = DO . This does
not allow for any control over the mixing of on- and off-poly experiences, as these are now a result of
the capacity of D and the number of experiences per episode T . We do however prevent writing the
same experiences to two databases, which might be wasteful for small databases.
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Related work

This work is related to our earlier work [1] which attempts to influence the distribution of the samples
in the experience database over the state-action space by changing the way the database is overwritten
when it is full. In contrast to the earlier work, we do not attempt to obtain a uniform spread of the
samples over the state-action space, but instead strive for having sufficient off-policy actions, ideally
in the on-policy states. Our method however only performs a test in the action space, which means
we avoid having to calculate distances in the state-space. This is beneficial since the state-space is,
more often than the action space, very high dimensional and structured. In addition, since we are
4

interested in distances as opposed to densities, the computational demands of the method presented
in this paper scale linearly with the size of the experience database, as opposed to quadratically in [1].
This is because for each experience in the database we only check the distance between the action and
the policy action. For the density based method, the distance of every sample to every other sample
in the database is checked. This change makes it possible to use our method in combination with
much larger databases.
In [11], another method is presented that changes the distribution of the training samples for the
neural networks. This method saves all experiences in a database and bases the probability of using a
sample in a training batch on the temporal difference error made by the critic when trained on that
sample. Doing this indirectly implies that the learned functions should be equally accurate over the
whole (explored) state-space. Our method instead tries to solve the problem that in environments
characterized by large momentum, the dependency of the Q(s, a) values on the actions a might be
forgotten when the amount of exploration is reduced. This could theoretically happen even when
the Q(s, a) values themselves are correctly predicted based on the states s alone. In this case, the
temporal difference error would not be a good proxy for the usefulness of experiences as the error
would be low in spite of the fact that the dependency on the action is not correct.
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Experiments

We test our method on two benchmarks: a pendulum swing-up task and a magnetic manipulation
problem.
Both problems are simulated with a sampling frequency of 50 Hz. The dynamics of both problems
are defined as differential equations, which we use to calculate the next state s0 as a function of the
current state s and action a using the (fourth order) Runge-Kutta method. The reward is in both cases
given by:
r(s, a) = −(W1 |s − sref | + W2 |a|)
(8)
In both cases a fixed reference state sref is used.
5.1

Pendulum swing up

For the pendulum swing up task, the state s is given by the angle θ ∈ [−π, π] and angular velocity
θ̇ of a pendulum, which starts out hanging down under gravity s0 = [θ θ̇]T = [0 0]T . The action
space is one dimensional and is the voltage applied to a motor that exerts torque on the pendulum
a ∈ [−3, 3] V. The angular acceleration of the pendulum is given by:
θ̈ =

−M gl sin(θ) − (b + K 2 /R)θ̇ + (K/R)a
J

(9)

Where J = 9.41·10−4 , M = 5.5·10−2 , g = 9.81, l = 4.2·10−2 , b = 3·10−6, K = 5.36·10−2 and
R = 9.5 are respectively the pendulum inertia, the pendulum mass, the gravity constant, pendulum
length, viscous damping coefficient, the torque constant and the rotor resistance. For this task
W1 = [5 0.1], W2 = 1 and T = 200 (4 seconds). The pendulum needs about a second to swing up
by first moving to one side and then swinging in the other direction. It then needs to stabilize around
the unstable upright equilibrium position.
5.2

Magnetic manipulation

The second problem we consider is a magnetic manipulation task. Here, a metal ball needs to be
accurately positioned on a 1-D track by dynamically changing a magnetic field. This is done by
controlling the current through four electromagnets under the track; ai ∈ [0, 0.6] for i = 1, 2, 3, 4.
The state of the problem is defined as the position x ∈ [−0.035, 0.105] of the ball relative to the
center of the first magnet and the velocity ẋ of the ball: s = [x ẋ]T . When the position of the ball
exceeds the bounds, the position is set to the bound and the velocity is set to zero. The acceleration
of the ball is given by:
4
b
1 X
ẍ = − ẋ +
g (x, i) ai
(10)
m
m i=1
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with
g(x, i) = 

−c1 (y − 0.025i)
2

(y − 0.025i) + c2

3 .

(11)

Here, g(y, i) is the nonlinear magnetic force equation, m = 3.200 · 10−2 [kg] the ball mass, and
b = 1.613 · 10−2 [ Nms ] the viscous friction of the ball on the rail. The parameters c1 and c2 were
empirically determined to be c1 = 5.520 · 10−10 Nm5 A−1 and c2 = 1.750 · 10−4 m2 .
For the magnetic manipulation problem we take W1 = [10 0.5], W2 = [0 0 0 0], T = 100 (2
seconds), s0 = [0 0]T and sref = [0.035 0].
5.3

DDPG implementation

For both problems, we use an actor network with two hidden layers of 50 units with ReLU nonlinearities, and respectively 1 or 4 tanh output units. The outputs of these units are scaled to the
correct range. The critics have, for both problems, three hidden layers with 50, 50 and 20 units
respectively. The action inputs are fed into the network after the first hidden layer. In both problems
we use γ = 0.95 for the forgetting factor.
To train the networks, ADAM [6] is used with a learning rate of 1 · 10−4 for the actor and 1 · 10−2
for the critic. The lowpass filter for the target network parameter updates is set to τ = 1 · 10−2 . A
batch size of 16 is used.
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Results

First, we would like to know if the proposed method indeed improves the performance for smaller
databases over the default FIFO method, specifically when the amount of exploration is reduced over
time. To test this we perform experiments on the magnetic manipulation and pendulum swing-up
benchmarks. In these experiments, the exploration scaling Se is linearly reduced from 1 to 0.1 over
the first 500 episodes. It is then kept at 0.1 for the remainder of the trial.
In the test we compare using a database that is large enough to contain all experiences with using a
smaller database D with a total capacity of 5 · 104 experiences. On the smaller database we compare
a FIFO strategy with our strategy of splitting it in a FIFO database DF and an off-policy database
DO .
On the magnetic manipulation task this means that the FIFO strategy database contains the experiences
of the 500 most recent episodes. Using our OFFPOL strategy, DF contains the experiences of the
250 most recent episodes and DO contains 250 episodes worth of experiences in which the actions
should differ from the current policy. On the pendulum task, for which the episodes are twice as long,
the small databases contain the experiences of half these numbers of episodes.
Figure 1 shows the results of these experiments. For both tasks, the strong loss of performance of
the FIFO method as its contents become too on-policy is clearly visible. For both benchmarks our
OFFPOL method, by more selectively overwriting a database of the same size, produced much better
results. It can also be seen that the method is not overly sensitive to Ω, the one hyper-parameter that
we introduce.
In the magnetic manipulation task it can be seen how a good mix of experiences with on-policy
and off-policy actions can aid the reinforcement learning method performance. While keeping only
a tenth of the experiences in memory, our method outperforms having all experiences in memory.
Also interesting here is the performance of the FIFO method. Our method attempts to maintain a
certain distribution of on- and off-policy experiences. In contrast, the distribution in the database
that uses the FIFO method starts to rapidly shift towards on-policy after 500 episodes, as the old
exploratory experiences are starting to be overwritten by the new experiences with actions that only
deviate slightly from the policy actions. Before this shift results in the problems predicted in Section 3
however, the performance actually starts to increase relative to the performance of the other methods.
During this phase the distribution of on- and off-policy experiences might be closer to being optimal
than that resulting from using the other methods.
For the magnetic manipulation task our method manages to prevent the loss of performance resulting
from overwriting the database naively. For the pendulum task, better performance compared to saving
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(a) Performance on the magnetic manipulation task
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Figure 1: Performance of the proposed method with a database of 5 · 104 experiences. The total
number of experiences (5000 episodes) are 5 · 105 for the magnetic manipulation task and 1 · 106 for
the pendulum swing-up task.

all experiences is initially obtained. The method, however, cannot prevent a drop in performance
over time, although the drop is much less significant than the drop resulting from the use of the FIFO
method. A reason for this might be sought in the fact that our focus on the action space is more
appropriate for the magnetic manipulation problem. There, the action has four components whose
influence is highly dependent on the location in the state space. For the pendulum problem, the effect
of actions is more predictable and possibly easier to learn.
We also compare our method to other methods that change the distribution of the experiences
presented to the networks for training. The first method, based on the prioritized experience replay
method presented in [11], uses the temporal difference error as a proxy for the value of experiences.
Since we are interested in methods that work with smaller databases, we do not save all experiences
and sample according to the temporal difference error as in [11]. Instead, we use the TDE to determine
which experiences in the database to overwrite with new ones. We then sample uniformly from this
database. We use the same tests as discussed previously, and compare this to using our method with
two databases and our method with only an off-policy database. The results are shown in Figure 2.
It can be seen from Figure 2 that the temporal difference error does in fact offer a very competitive
guide on which experiences to retain in memory. On the magnetic manipulation test, the maximum
performance is sightly better for the TDE based method, while on the pendulum task the maximum
performance is about equal. On both tasks, a drop in performance after the initial peak can be
observed for the TDE method, which offers a motivation to further investigate how to evaluate which
experiences are needed to keep deep reinforcement learning methods stable.
Finally, we compared our new method to earlier work [1], in which the database is overwritten in
a way that ensures the experiences that are retained are maximally spread out over the state-action
space. Due to the computational complexity of this method we only performed the comparison on a
very small database of 1000 samples. On a database of this size, the method of [1] performed best.
However, it failed to reach the same level of performance as in the experiments of Figure 1.
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Figure 2: Performance of the proposed method compared to using the temporal difference error. Both
use a database of 5 · 104 experiences. The total number of experiences (5000 episodes) are 5 · 105 for
the magnetic manipulation task and 1 · 106 for the pendulum swing-up task.
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Conclusion

In this paper, a specific manner in which deep actor-critic learning can break down was discussed.
We hypothesized that, especially for problems that are characterized by both large momentum and
small experience replay databases, the critic might unlearn the dependency of the state-action value
function on the action input when the amount of exploration is reduced. To address this issue, we
proposed to overwrite the experience database in such a way as to explicitly keep experiences with
off-policy actions in memory. When compared to naively overwriting the experience database in a
First In First Out (FIFO) manner, we showed that our method indeed yields significant improvements.
On both of the benchmarks used, the maximum performance of our method, which kept at most one
tenth of the total number of experiences in memory, even exceeded that of retaining all experiences.
We also compared our method to using the temporal difference error as a guide for which experiences
to retain in memory. In theory, using the temporal difference error for this purpose is problematic, as a
temporarily low error in a part of the state-action space could lead to losing all samples in this region.
Once the value approximation for this region becomes worse due to the lack of training data, there is
no way to reclaim the lost experiences. In practice we found that using the temporal difference error
worked at least as well as our method, although a more thorough comparison is still to be made.
Given these results, a more optimal strategy for small databases might be to retain experiences
based on some stable criterion such as diversity in the (state)-action space, while replaying the
experiences based on their temporal difference error. This way, the stability improvements of diversity
based methods can be combined with the overall learning performance improvements of prioritized
experience replay.
Next steps are investigating the effects of several different experience retention strategies, and their
interplay with experience sampling strategies. We will attempt to link their applicability to the
presence of noise, the momentum of the environment and the required precision of the controller.
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