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Abstract
Experience replay (ER) has been widely used to improve
the sample efficiency of deep Reinforcement Learning (RL)
agents. In this paper, we investigate its effectiveness in non-
stationary domains under the online RL setting, where an
agent must balance exploration and exploitation and per-
form updates on every timestep where reward maximization
is measured over the a lifelong learning process. We com-
pare several variants of ER with an online agent using the
same function approximation and found that existing ER
algorithms on top of an ANN-based learner struggle in sim-
ple non-stationary domains. We show that a recency-biased
correction in minibatch sampling could greatly mitigate the
negative impact from non-stationary data in ER.

Keywords: reinforcement learning, experience replay, non-
uniform sampling, distribution shift, non-stationary markov
decision process

1 INTRODUCTION
Reinforcement Learning (RL) applications in real life such as
robotics, traffic control, and autonomous driving frequently
encounter non-stationary sensory data. Non-stationary do-
mains arise often in practice because we typically assume
the agent has fewer parameters than the number of states,
and thus an agent cannot perfectly represent the underlying
MDP, requiring that the agent must generalize and balance
how accurate its estimates are across states. As a result, the
world may appear non-stationary to the agent [1].

Experience replay (ER) is becoming widely adopted in
deep RL systems [2]. Sampling real transitions from an ex-
perience replay avoids model errors that could potentially
bias agent updates. In the meantime, an agent also needs to
be robust to changes that are not captured by the agent’s
state representation. Directly applying an optimized policy
learned from offline data could very likely lead to failure
eventually. Therefore, online learning is important for an
agent to adapt to non-stationarity due to a changing environ-
ment, rewards, and policies that can result in a faulty model.
Pure online learning does not take full advantage of past
experiences [3] especially when the underlying process is
generated from a highly temporally dependent distribution,
like most settings in RL. Thus, learning from experience

replay is crucial in creating sample efficient RL agents in
generalized environments [4].

Even though ER helps break the correlation in time series
data and makes the learning process more sample efficient
[5], it does not necessarily hold true when the underlying
Markovian process is non-stationary, since an experience
replay would allow the problematic non-stationary data to
affect the learning process much longer through being re-
peatedly sampled from the buffer. Mitigating the interference
caused by non-stationary data becomes a bigger problem in
replay memories. This work attempts to answer the follow-
ing questions. Are there situations where uniform sampled
ER underperforms conventional online learning in a non-
stationary setting? How can we improve an RL agent using
experience replay to better adapt to non-stationary data? To
address these questions,

• We provide an example of the detrimental effect a
large experience replay buffer could have on an agent’s
learning process in a non-stationary Blocking Maze
environment, compared to an online SARSA agent
baseline, in adapting to environmental changes.
• We propose a simple and effective recency-biased cor-
rection scheme that improves the performance and
robustness in learning from non-stationary data while
using experience replay.
• We show empirically that applying this correction
to the state-of-the-art non-uniform sampling method
can significantly improve performance against non-
stationarities caused by the environment and bad ex-
ploration.
• We provide insights in understanding replay capacity
and reduce the need for its careful tuning in practice.

Non-uniform sampling has been studied in supervised and
active learning settings [6]. It is proposed to actively sam-
ple based on the uncertainty of data in [7–11]. Other works
suggest to sample based on factors such as informativeness
and diversity [12, 13]. In addition, Zhao et al. (2015) stud-
ied stochastic optimization with importance sampling and
has shown that a sampling distribution proportional to the
gradient norm could reduce the variance and improve the
convergence rate under suitable conditions [14]. Katharopou-
los et al. (2018) proved that the gradient norm of parameters
in a DNN is found to be upper bounded by the gradient norm
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with respect to the pre-activation output of the last layer,
and can be approximated using the online loss [15].

2 PROBLEM SETTING
We consider the online control problem under a batch re-
inforcement learning setting in a non-stationary Markov
decision process (MDP). In this setting, an RL agent interacts
with a non-stationary MDP while maintaining an experience
replay bufferH that contains a sliding window of state ac-
tion transition tuples 𝑂 B (𝑆,𝐴, 𝑅, 𝑆 ′, 𝐴′). The behavior of
the agent is determined by its policy 𝜋 : 𝑆 → 𝐴. The value
function 𝑄𝜋 is used to evaluate the goodness of a policy,
which is defined as the expected discounted return starting
in 𝑠 and following 𝜋 thereafter. The value function is learned
incrementally through semi-gradient TD learning updates
[16]. The goal of the agent is to maximize the cumulative re-
ward during its lifetime, measured by discounted return. 𝑄𝜋

is approximated using a neural network 𝑄\ parameterized
by \ , similar to the DQN[17]. State observations 𝑠 ∈ 𝑆 ⊂ R𝑑
are used as input of the value function network.

Two key design decisions when working with an ER buffer
include which experience to add to the memory, and which
are sampled at each iteration. This work only considers the
latter and assumes the lifecycle of an experience follows the
first in first out (FIFO) principle in the replay memory. Note
that experience replay does not constitute a complete RL
algorithm without combining with a learning agent. In our
work, we use the combination of an experience replay and
a Sarsa base agent to focus on a simple online TD control
setting with neural network as function approximation [16].

3 PRIORITISED REPLAY
The idea of prioritizing experiences in RL using sample
gradients was originally proposed in prioritized sweeping
[18]. It was later adopted and extended in model-based plan-
ning and the Dyna architecture [16, 19, 20]. In addition, TD-
errors have also been used to drive exploration [21]. The
current state-of-the-art Prioritized Experience Replay algo-
rithm (PER) uses an experience’s TD error to approximate
an agent’s surprise and reweigh experiences for sampling
[2]. This design is shown to contribute to the most improve-
ment in Rainbow DQN [22]. The intuition is that learning
from transitions with value estimates most different from
the current belief will lead to the most performance gain.
The sampling probability of an experience 𝑖 is

𝑃 (𝑖) = 𝛿 (𝑖)𝛼∑
𝑘 𝛿 (𝑘)𝛼

(1)

for some 𝛼 > 0. When 𝛼 is 0, it is equivalent to uniform
sampling. Previous works suggest that both surprise and
on-policyness play an important factor in developing a sam-
ple efficient replay strategy. Combined Experience Replay
(CER) was proposed to mitigate the performance degrada-
tion from having a large replay buffer and help the learning

process to stay close to being on-policy, by appending the
online example to each sampled batch [23]. Fedus et al. (2020)
showed from experiments that increasing replay size and
reducing the oldest policy improved agent performance [24].
However, it comes at the cost of a more restricted training
regime. When a larger replay is used, it is required to train
less frequently in proportion to maintain the "freshness" of
data in the buffer, in order to be close to learning on-policy.
This in effect reduces policy changes and diversity of stored
data, which slows down the learning process and prevents
the agent from taking full advantage of a larger buffer in
complex and high-dimensional environments where large
replays are required. Though it was effective in stationary
settings such as the Atari Arcade learning Environment [25],
it might hurt the learning and adaptability of an agent in
non-stationary domains.

In principle, we would like the sampling distribution over
replay to match the expected future state occupancy of the
agent. But in reality, making a direct prediction is compu-
tationally expensive and sometimes intractable. The idea
of CER stands because the future state occupancy can be
roughly approximated by the most recent trajectories in
expectation.

However, CER has some limitations. First, its effect on the
gradient deteriorates as the batch size increases, and thus
is not scalable with compute. Second, it does not explicitly
consider non-stationarity in the data and thereby it’s not
practical in many real-world scenarios. Our recency-biased
sampling strategy can be broadly viewed as an extension to
CER. Similarly, we also study the large replay capacity issues
in this work, but under a non-stationary setting.

To solve the aforementioned problems, we inject a recency
bias into sampling weights as demonstrated in Figure 1. Our
method extends the idea behind CER and discounts the prior-
ities of state transition tuples based on their recency adjusted
by how frequent they are added to the replay buffer. First,
prioritizing more recent experiences in training helps the
agent to learn from on-policy data. Second, adapting the pri-
orities of experiences based on their underlying states rather
than individual transition tuples helps maintain a good sam-
ple coverage over the underlying state space. In comparison,
uniform sampling naturally favors transitions that are more
abundant in the buffer. We define 𝑁 (𝑠,𝑎) to be the number of
times an agent state (𝑠, 𝑎) has been sampled and a scaling
factor 𝜏 . Then, the sampling probability of a state-action pair
is given by:

𝑃 (𝑠, 𝑎) ∝ 𝑒𝑥𝑝 (−𝜏 · 𝑁 (𝑠, 𝑎)) (2)

As we can see in Equation 2, this approach unifies and
generalizes uniform sampling and online methods. When
𝜏 = 0, our approach samples uniformly; and when 𝜏 →∞ it
effectively trains the agent with online data only. This allows
our agent to take the best of both worlds and be able to adapt
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to non-stationary data in the buffer in a principled way. In
addition, our recency-biased sampling strategy decouples
the inherent timescales of the underlying data generating
process from an agent’s learning process by building the
bias towards less frequently sampled agent states rather
than temporally more recent transitions naively. This helps
to ensure enough diversity in sampled batches and enables
stable and efficient learning.
Ideally, we would like to discount sampling weights of a

state instead of an individual experience, especially when
one is very common. Only discounting weights of sampled
transitions stored in a buffer doesn’t account for the fre-
quency of experience tuples generated by the same states.
However, it is difficult to accurately represent this probabil-
ity distribution in practice, since experiences stored in the
replay are not ordered by their underlying states and neither
are the states directly accessible except in a tabular setting.
Therefore, we approximate through memoizing a cosine sim-
ilarity matrix among all experiences in the buffer. Upon a
sampled batch, we perform the following steps: 1) calculate
and update the similarity scores among states in the batch;
2) update 𝑁 by adding the sum of similarities per experience
as a result of the current batch. In essence, we discount the
sampling weights of experience tuples in the buffer based on
how similar they are to the sampled transitions to approx-
imate a sampling distribution biased towards more recent
experiences with consideration of their rareness.

Transitions a b a c a d

Sampling 
Count

3 2 2 1 0 0

Uniform Sampling

Recency-biased Sampling

C
or

re
ct

io
n

Figure 1. Recency-biased Sampling

As far as we are aware, our work is the first to advocate
prioritizing over state-action pairs than individual transi-
tions when sampling from an ER. But it comes at the cost
of down-weighing the samples based on their similarities to

the state transitions in the sampled batch of an update, and
memoizing a similarity matrix among state representations
across the replay. This costs us an additional memory of
𝑂 ( |H |2). We also make the assumption that state represen-
tations change slowly during the lifetime of an agent [26],
and only updating the similarities among sampled data in
an ad-hoc fashion is sufficient.
Memoization is used to make the computation iterative

and cheap, O(𝑛2𝑑2) for a batch of size 𝑛, while approximating
the ground truth similarities among states as accurately as
possible. In practice, memoization and incremental batch up-
dates gives our approach a nice synergywhen combinedwith
other non-uniform sampling such as PER, since the similari-
ties among more frequently sampled transitions, which are
usually more important ones to learn from, are quickly prop-
agated whenever a new sample is added. This in turn helps us
to approximate the desired state distribution more accurately
when sampling for the next batch. Moreover, since PER could
only update priorities for the sampled batch, our method
also downweighs similar state transitions in the buffer, it
serves as a partial remedy to reduce wasteful sampling as a
result of out-of-date priorities in PER.

Additionally, unlike CER, the effectiveness of our method
does not degrade as the batch size grows with more com-
putation. In fact, our method merely tries to approximate
the on-policy distribution using experiences sampled from a
replay buffer with enough diversity and support. Therefore,
it can be used to correct any off-policy sampling strategies,
such as PER. In the experiment section, we will compare
a PER variant with recency-biased sampling against other
popular ER strategies.

4 EXPERIMENTS
We use experiments in two simulation domains to demon-
strate the pitfall of Experience Replay methods and the im-
provement from applying a recency-biased adjustment to the
sampling probabilities. In the first experiment, we showcase
that an online Sarsa agent using function approximation is
able to achieve more cumulative rewards in a non-stationary
environment than state-of-the-art experience replay meth-
ods given a large replay capacity. We then go on to show
that recency-biased correction can help mitigate the nega-
tive impact of non-stationarity in the experience replay and
adapt more successfully to a sudden change in the environ-
ment — a common scenario in real-world problems. In the
second experiment, we show that non-stationarity could still
be introduced into the buffer even if the environment is fully
deterministic and rewards are stationary. Policy changes can

1There are two ways to derive the TD-error in this step, using 𝐴𝑡 directly
from the sampled transition tuple v.s. evaluating 𝐴𝑡 ∼ 𝜋\ at the training
step. We chose the first approach for stability and to most clearly highlight
the impact of non-stationary data.
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Algorithm 1 Sarsa-NN with recency-adjusted PER
1: Input:minibatch 𝑘 , step-size [, replay period K and size

N, exponents 𝛼 and 𝛽 , scaling factor 𝜏 , budget 𝑇 .
2: Initialize replay memoryH = ∅, Δ = 0, 𝑝1 = 1
3: Observe 𝑆0 and choose 𝐴0 ∼ 𝜋\ (𝑆0)
4: for 𝑡 = 1 to 𝑇 do
5: Observe 𝑆𝑡 , 𝑅𝑡 , 𝛾𝑡
6: Choose action 𝐴𝑡 ∼ 𝜋\ (𝑆𝑡 )
7: Store experience (𝑆𝑡−1, 𝐴𝑡−1, 𝑅𝑡 , 𝛾𝑡 , 𝑆𝑡 , 𝐴𝑡 ) inH with

maximal priority 𝑝𝑡 = maxi<t𝑝𝑖 , and recency-biased
weight 𝑔𝑡 = 0

8: for 𝑗 = 1 𝑡𝑜 𝑘 do
9: Sample an experience,

𝑗 ∼ 𝑝 ( 𝑗) = 𝑒−𝜏 ·𝑔𝑗 · 𝑝𝛼
𝑗
/∑𝑖 𝑒

−𝜏 ·𝑔𝑗 · 𝑝𝛼
𝑖

10: Compute importance-sampling weight,
𝑤 𝑗 = (𝑁 · 𝑃 ( 𝑗))−𝛽 )/maxi𝑤𝑖

11: Compute Sarsa TD-error1,
𝛿 𝑗 = 𝑅 𝑗 +𝛾 𝑗𝑄𝑡𝑎𝑟𝑔𝑒𝑡 (𝑆 𝑗 , 𝑄 (𝑠 𝑗 , 𝑎 𝑗 ))−𝑄 (𝑆 𝑗−1, 𝐴 𝑗−1)

12: Update transition priority 𝑝 𝑗 ← |𝛿 𝑗 |
13: for transition𝑚 ∈ (𝑆 𝑗 , 𝐴 𝑗 ) do
14: Update recency-biased weights 𝑔𝑚 ← 𝑔𝑚 + 1
15: end for
16: Accumulate weight change,

Δ← Δ +𝑤 𝑗 · 𝛿 𝑗 · Δ\𝑄 (𝑆 𝑗−1, 𝐴 𝑗−1)
17: end for
18: Update weights \ ← \ + [ · Δ, reset Δ = 0
19: end for

also negatively impact the stationarity of the data and se-
verely hurt the performance of all ER-based methods, and
recency-biased sampling can be used to improve the perfor-
mance significantly.
In both experiments, we compare an online Sarsa agent

with function approximation against four agents using expe-
rience replay with different sampling strategies. The value
functions of all five agents are parameterized using the same
neural network architecture (2-layer FCN with ReLU acti-
vations). It is trained by minimizing the 𝐿2 norm of the TD
error 𝛿 (𝑜) using the Adam optimizer [27] and a constant
step size, where 𝑜 ∈ 𝑂 is sampled from the buffer. Target
network is removed to reduce confounding factors and for
simplicity. It is noted in our early exploratory study that
using a target network doesn’t improve the performance
of the agents, possibly due to little interference effect is in-
volved as the representation is one-hot and environments
are deterministic.

Blocking Maze. The first environment is a variant of the
Blocking Maze [16], which is a 6×9 gridworld with obstacles
in Figure 2. The starting state is [0,4] and the goal state is
[5,4], which are separated by a wall in the 3rd row. The non-
stationarity is introduced by an environment change during
the middle of a run. Initially, the right path to the goal is
open. Once the agent is able to achieve a stable policy, at the

G

S

(a) Episode 1~150

G

S

(b) Episode 151~300

Figure 2. Blocking Maze

end of the 150th episode, the obstacles are shifted to the right
to block the right path and leave a left path open instead.
The agent needs to adapt to this change in the environment
and learn to reach the same goal through a new path. The
discount rate of the environment 𝛾 is 0.9. The agent is able
to move one step towards any one of the 4 directions per
time step and receives a reward of 1 at the goal state and 0
everywhere else. An episodewould be terminated if the agent
hasn’t reached the goal in 1000 time steps. For exploration,
the agents use an epsilon-greedy policy. To improve online
behavior and reduce variance across different runs, we apply
simulated annealing to 𝜖 . At the start of a run, we set the 𝜖 to
1 and is geometrically reduced by a factor of 0.99 after each
episode. We averaged the steps taken to reach the goal over
an agent’s lifetime. The experiment contains 50 independent
runs of 300 episodes for each agent.
Results indicate that recency-biased PER can be just as

competitive as an online agent in adapting to non-stationary
environments such as the Blocking Maze and is more robust
to larger replays and distributional shifts in the data, com-
pared to other ER methods in Figure 3. Figure 4 contains
step size sensitivity plots of agents under different replay
capacities. The performance of state-of-the-art experience
replay methods including Uniform, CER, and PER degrades
as replay capacity increases. The online agent doesn’t suffer
from this problem but its sample efficiency can be improved
in a non-stationary problem. In comparison, by applying
the recency-biased correction to a PER agent, we are able
to mitigate the curse of replay capacity significantly while
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(c) Online v.s. PER w/ recency bias

Figure 3. Comparison of learning curves under tiny,
medium, and large buffer sizes (50, 10k, 50k) in Blocking
Maze. Each curve corresponds to the number of steps it
takes for an agent to reach the goal at each episode. A time-
out termination of 1000 steps is in effect. When the original
path is blocked after the 150th episode, it takes online Sarsa
much less time to adapt to the new path, compared to all
ER-based agents, except for the recency-biased PER variant.
Among experience replay methods, both Uniform and PER
suffer from significant performance degradation when re-
play capacity increases. In contrast, the recency-biased PER
agent is impacted minimally.

retaining the most sample efficiency we could enjoy from
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(b) Medium buffer
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(c) Large buffer

Figure 4. Learning rate sensitivity plots under the tiny buffer
(a), medium buffer (b), and large buffer (c) setting. The step
sizes on the x-axis are ordered in {0.000078125, 0.00015625,
0.0003125, 0.000625, 0.00125, 0.0025, 0.005, 0.01}. The y-axis
displays the average steps per episode in log scale and stan-
dard errors estimated from 50 independent runs.

using an experience replay. In particular, the Recency-biased
PER outperforms other ER-based methods and is generally
more robust to changes in step size under all 3 scenarios. It
also achieves better sample efficiency in Figure 4a and 4b
and stays competitive in 4c against the online baseline.

RandomWalk. Our second experiment is conducted in
a 100-state Random Walk environment shown in Figure 5.
An agent starts in the 50st state and its goal is the 100th
state. The agent is given the option to move left or right
at each time step. The environment is deterministic and if
an agent chooses to step left at the leftmost state, it will
remain in the same state. Similar to our first experiment, we
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use a sparse rewards setting, and the agent is only given
a reward of 1 once it reaches the goal state. The difficulty
of the environment is the classic exploration-exploitation
trade-off. The agent needs to learn the optimal policy that
always moves right; but in order to do that, it needs to first
fully explore the environment under a predefined exploration
policy, where each state further away from the starting point
is exponentially harder to reach, and at the same time avoid
getting trapped in the left half of the state space where no
reward will be given. The non-stationarity in this experiment
is induced by policy changes. We compare the agents under
two epsilon-greedy policies, a constant one, versus one using
simulated annealing. The discount rate 𝛾 is 0.99. A timeout
termination of 1000 steps is also applied. The experiment
consists of 25 runs. Each run uses a different random seed and
contains 300 episodes. The agents’ performance is compared
using the time steps taken to reach the goal averaged across
episodes.

0 1 2 S G3...48 50...98

Figure 5. 100-State Random Walk

In the first experiment shown in Figure 6a and 7a, where
the agent starts out with an exploratory policy (𝜖 = 0) at the
beginning of a run and gradually decayed 𝜖 over time, we
expect its behavior policy to change slowly and the resulting
distribution shift among collected data in the buffer stays be-
nign. In this scenario, we observed that ER methods achieve
superior sample efficiency compared to the online agent just
as expected. Among different sampling strategies, PER and
its recency-biased variant have better performance in the
initial phase but all four ER methods are able to attain the
same convergence. in comparison, the second experiment
in Figure 6b and 7b tests the scenario where a constant 𝜖 is
used. The consequence is that an agent would under-explore
the environment and its learned policy would change in a
non-stationary fashion. As a result, the distribution of states
collected in the buffer would shift rather dramatically at
the beginning of the learning process, so that we can ob-
serve if recency-biased correction could help combat this
problem. The results suggest that the Recency-biased PER
agent is indeed able to mitigate the impact from such type of
non-stationarity since it outperforms both other ER-based
and online agents both in sample efficiency and convergent
performance by a large margin.

5 DISCUSSION
In this work, we aimed to demonstrate that increasing replay
capacity can be detrimental in the non-stationary setting.
In Figure 3, we’ve shown the comparisons of an online and
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Recency-biased PER

Uniform
CER

PER

Online

(b) 𝜖 = 0.1

Figure 6. Learning curves of agents under two exploration
settings in the 100-state Random Walk. Each curve corre-
sponds to the average number of steps for an agent to reach
the goal per episode. A time-out termination of 1000 steps is
in effect.

several replay-based Sarsa agents in a Blocking Maze exper-
iment. We observed that when the environment changes,
where the original path to the goal is closed and a new
one is revealed, conventional sampling strategies without a
recency-biased correction all suffer significantly from having
a large buffer and underperform an online agent with the
same model architecture. The highly non-stationary data
causes a larger distributional shift in the buffer, which would
make past experiences quickly becoming less relevant. How-
ever, a smaller ER buffer would also defeat its whole purpose,
which is to reuse as much past experience as we have for
better sample efficiency [3]. Furthermore, an ER buffer too
small could also potentially break the i.i.d assumption of the
training data and lose the convergence guarantee. In prac-
tice, when RL practitioners design an experience replay, the
common practice is to choose the appropriate replay size
based on memory constraints and their understanding of the
complexity of the problem being solved. The relationship
between replay size and the non-stationarity of the underly-
ing data generating process is often overlooked. Moreover,
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(b) 𝜖 = 0.1

Figure 7. Learning rate sensitivity plot for two exploration
settings of the 100-state random walk problem. The indexes
on the x-axis correspond to step sizes same as in Figure 3
and the replay capacity is 1000. The first plot compares the
agents’ performance under a nice exploration policy, which
gradually decays 𝜖 in order to keep smooth changes of policy
over time. In this case, both PER and its recency-biased vari-
ant are able to outperform other ER-based and online agents.
In the second plot, where a constant 𝜖 is applied, both CER
and Uniform agents are just doing as bad as the online Sarsa
agent. PER is doing considerably better, but nowhere near its
performance in the benign policy change setting. In contrast,
recency-biased adjustment, outperforming other methods
by a large margin and is overall more robust to different
learning rates, is able to achieve comparable performance to
the benign setting.

the degree of non-stationarity is a measure that’s hard to
quantify and estimate and often influenced by a combina-
tion of factors, including the environment, the choice of
function approximation, and the exploration-exploitation
tradeoff. Therefore, choosing the right replay capacity when
designing an RL agent with a neural network function ap-
proximation can become tricky, and luckily recency-biased
sampling helps alleviate this problem.

Recency-biased sampling could help experience replay
adapt to environmental and policy changes. In the exper-
iments, we have shown that adding a recency bias to the

sampling weights could notably improve the performance of
PER in non-stationary tasks. We have demonstrated its ef-
fectiveness in two small domains that simulate two different
sources of non-stationarity that could exist in an ER buffer.
In both BlockingMaze and the constant epsilon setting of the
Random Walk, PER suffers less from non-stationarity com-
pared to uniform sampling and CER. When combined with
the recency-biased correction PER is able to minimize the
degradation and stay the most competitive in all scenarios.

Using recency-biased correction provides more insights
into the effective horizon of the experience replay and hence
reduces the need for careful tuning of replay capacity. Zhang
& Sutton (2017) suggest that an agent’s learning process is
heavily influenced by the replay capacity [23]. Either too
small or too big could severely hurt its online performance.
As we have seen in the previous experiments, recency-biased
correction works well both in the small and large buffer set-
tings. More interestingly, the normalized 𝜏 value and min
weight parameters of the ER could help us understand if we
are using a buffer too small or too big for a task by giving us
an estimate of the expected sampling probabilities of transi-
tions in the buffer that decays over time. For example, in the
last RandomWalk experiment, the optimal 𝜏 value is 0.03125
and the corresponding min weight is 0. Since we sample once
per new online experience, and the recency-biased weights
follow an exponential distribution, we could derive that the
sampling probability relative to the most recent transition
would become smaller than 1% after the first 150 transitions.
In other words, the most recent 150 experiences take up
most of the probability mass of the sampling distribution
and are the most useful for the agent to achieve its best per-
formance in this task. This information can help us better
choose the appropriate replay capacity without sweeping
across a large range of values as sometimes it could be costly
or even impossible under a strict memory constraint.

In essence, ourmethod serves as a bridge between learning
from all past experiences available v.s. learning in a purely
online fashion. This strategy helps an agent adapt to various
degrees of non-stationarity by trading off sample efficiency.
On one hand, similar to the eligibility trace (ET) in spirit, it
weighs experiences with an exponential decay for the learn-
ing process and uses a temperature parameter to determine
an effective lookback horizon. On the other hand, the differ-
ences include, 1) ET considers returns from trajectories and
here we only consider individual transitions, 2) our method
extends over episodic boundaries to all experiences available
even for a distributed replay setting while ET cannot, and
more fundamentally, 3) ET directly builds the bias in aggre-
gating the returns and our method embeds the bias indirectly
through non-uniform sampling [28]. Nonetheless, they both
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serve the purpose of connecting two effective learning meth-
ods (e.g. TD(0) and Monte Carlo in ET) and take advantage
of the best of both worlds.

6 CONCLUSION
In this work, we’ve shown that conventional experience re-
play methods suffer from non-stationary data. This results
in slower convergence and higher variance compared to an
online Sarsa baseline. We demonstrated this problem in a
BlockingMaze experiment and proposed a recency-biased ap-
proach to re-weigh experiences in a replay buffer. It is shown
to significantly improve the performance of a popular ER
method, PER, against the detrimental effect of non-stationary
data introduced through environmental changes and bad ex-
ploration in two simulated environments, especially in a
large replay setting. The limitation of our method includes
the introduction of an additional hyperparameter, 𝜏 , which
is used to adapt to different degrees of non-stationarity. Also,
we resort to a state similarity matrix to prioritize experi-
ences based on their underlying states, the effectiveness of
which is limited by the goodness of this approximation. This
suggests a number of exciting extensions for future work.
First, it would be very beneficial to further investigate chal-
lenges that arise from non-stationary data in larger domains
since non-stationarity is present in many applications in the
real world. Second, the online adaptation of 𝜏 could lead
to a more efficient and robust ER sampling algorithm with
recency bias. Third, our experiments hint at the benefit of
rethinking experience replay in terms of designing a mem-
ory, versus simply a sliding window of recent experience. To
this end, better state aggregation, abstraction, and inference
techniques are highly desirable so that we could better store,
sample, and amortize experiences based on their underlying
states, which is similar to how human brains process, learn
and forget in changing environments [29, 30].
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Appendices
A Parameter Settings
Environment. Both the Blocking Maze and the Random
Walk are discrete environments that produce one-hot en-
coding state vectors as observations together with a sparse
reward signal and a termination flag at the goal state. The
blocking maze environment is a 6 × 9 girworld with obsta-
cles as shown in Figure 2. The random walk environment
consists of 100 states as in Figure 5, each connecting to its
left and right neighbouring states, with the exception of the
leftmost state. The start state is the 50th state and the goal
state is the 100th state. Its starting state is [0,4] and the goal
state is [5,4]. The discount rate of both environments 𝛾 is
0.9.
Experiment. We performed 50 independent runs of exper-
iments in the blocking maze environment and 25 runs in
the random walk environment for each agent. Each run con-
sists of 300 episodes and each episode is subject to a timeout
termination of 1000 time steps.
Agent. The action value function network of the agents is a
simple 2-layer fully-connected feedforward neural network
(FFNN) architecture across the board. The forward pass of the
network takes an input of dimension 𝑑 and passes through
a linear transformation followed by a ReLU activation [31].
The same continues into the second layer with an activation
size of 1

2𝑑 followed by the output layer with size equals to
the number of available actions. We applied the same Sarsa
base agent in both experiments and the learning algorithms
only differ in the way they acquire training data. In particu-
lar, the Online agent only uses the current observation and
immediate reward to perform the one-step semi-gradient TD
update, and Uniform, CER, PER, and Recency-biased PER
agents in comparison sample a mini-batch of size 10 from an
experience replay buffer. In the blocking maze experiment,
we examined 3 replay capacity settings, 50, 10k, and 50k. In
the random walk experiment, the replay capacity is fixed at
1000. The agents use an 𝜖-greedy exploration policy with an
episodic exponential decay of 0.99 except for the constant 𝜖
experiment where it was fixed at 0.1. The step size for the
value function network is swept over {0.01, 0.005, 0.0025,
0.00125, 0.000625, 0.0003125, 0.00015625, 0.000078125}. For
PER, 𝛼 and 𝛽 are searched within the range of {1.0, 0.5, 0.25,
0.125} and its minimum weight is swept over {0.1, 0.05, 0.025,
0.0125, 0.00625, 0}. In addition, the temperature parameter 𝜏

in Recency-biased PER is searched under the range of {1.0,
0.5, 0.25, 0.125, 0.0625, 0.03125, 0.015625, 0.0078125, 0}.

B Results
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Table 1. Average steps per episode in Blocking Maze

Blocking Maze Before environment change After environment change

Replay Capacity 50 10k 50k 50 10k 50k 50 10k 50k

Online 81.12 ± 2.84 83.61 ± 10.1 74.59 ± 2.51 102.33 ± 2.41 89.22 ± 2.04 87.48 ± 2.03 59.9 ± 5.32 78.0 ± 19.73 61.7 ± 4.87
Uniform 66.04 ± 1.56 101.58 ± 3.14 347.85 ± 4.95 73.2 ± 1.18 65.52 ± 1.23 53.65 ± 1.76 58.88 ± 3.01 137.65 ± 6.37 642.05 ± 9.95
CER 66.59 ± 1.7 99.89 ± 5.16 331.46 ± 5.74 74.08 ± 1.19 64.19 ± 1.11 53.41 ± 3.47 59.09 ± 3.3 135.58 ± 10.0 609.52 ± 13.2
PER 62.15 ± 1.42 87.69 ± 3.22 248.43 ± 1.56 68.9 ± 1.23 54.83 ± 1.04 49.29 ± 1.58 55.4 ± 3.09 120.56 ± 6.36 447.56 ± 3.38

Recency-biased PER 57.71 ± 1.51 66.24 ± 2.44 78.29 ± 4.5 58.95 ± 1.11 59.79 ± 1.02 65.16 ± 1.43 56.46 ± 3.05 72.68 ±4.79 91.42 ± 8.55

Table 2. Average steps per episode in Random Walk

Exponentially decayed 𝜖 Constant 𝜖

Online 605.74 ± 39.51 564.21 ± 48.32
Uniform 151.67 ± 4.11 561.97 ± 54.73
CER 154.02 ± 3.97 601.51 ± 70.46
PER 132.31 ± 1.30 395.64 ± 40.38

Recency-biased PER 133.31 ± 1.33 194.93 ± 30.19
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