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Prioritized Experience Replay (PER) samples transitions in proportion to their
Temporal Difference (TD) error, which improves the sample efficiency of Deep Q-Networks
(DQN). Conventional PER, however, keeps the prioritization strength a fixed for the entire
training run. This paper proposes a TD-error adaptive PER strategy: after each optimization
step, a is reset from the standard deviation of the batch's TD errors and bounded within [0.2,
0.8], so that how strongly the buffer is prioritized changes with what the network is
currently learning. The method is evaluated in CartPole-v1 against Uniform DQN and fixed-
o PER with several a values. Across five seeds, the adaptive strategy showed the smallest
cross-seed variance in training performance (26.92) and the highest mean reward under
greedy evaluation (239.10), even though its final training score of 115.97 stayed below the
best-tuned fixed-a setting. Adaptive prioritization therefore looks promising, but it has not
yet beaten a carefully chosen fixed-a in a consistent way.

Deep reinforcement learning, prioritized experience replay, deep Q-network, TD-
error

Reinforcement learning (RL) describes the setting in which an agent improves a policy by acting in
an environment and pursuing maximized cumulative rewards. Unlike supervised learning, which
requires labeled examples, RL advances only through trial and error, guided by reward signals alone
[1]. Through this process, an agent can pick up sophisticated decision policies with no explicit
supervision. The approach has performed remarkably well in a range of domains, including game
playing [2], continuous control [3], and autonomous driving [4], which highlights its importance in
real-world sequential decision-making.

Value-based approaches make up a widely used branch of deep RL. For observations of high
dimensionality, Mnih et al. put forward Deep Q-Networks (DQN), where a deep neural network
approximates the action-value function [5]. Since then, DQN has grown into one of the most
representative value-based methods in deep RL. Experience replay was proposed to counter the
instability from temporally correlated samples: past transitions are kept in a buffer and later reused,
lowering the correlation between successive updates [6]. Uniform sampling, by contrast, treats every
stored transition equally, even though some carry far more useful learning signal than others. To
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overcome this drawback, Schaul et al. introduced prioritized experience replay (PER), which draws
transitions with a probability tied to the size of their Temporal Difference (TD) error, so that high-
error samples are revisited more frequently [7]. A TD error captures the mismatch between the
agent's current value estimate and its TD target. Larger TD errors signal bigger gaps between
estimated and target values, so those transitions are likely to be more informative for training [7]. In
PER, how strongly sampling is prioritized is set by the strength a. A larger a places more weight on
high-priority experiences, whereas a smaller a brings the sampling distribution closer to uniform
sampling. Mathematically, the sampling probability is proportional to the priority raised to the
power of a. Conventional PER keeps a fixed over the whole training run instead of treating it as
something that can vary. Whether one fixed-a can stay optimal across different stages of training,
however, is still unclear.

Driven by this question, this paper proposes a TD-error adaptive PER strategy for DQN and tests
it on CartPole-v1. The core idea rests on a simple observation: how informative TD errors are can
shift over the course of training. At first, unstable value estimates make priorities noisy; later on, TD
errors are more likely to point to truly underlearned transitions. The strategy therefore adjusts a
dynamically according to the current TD-error distribution rather than fixing it in advance.
Specifically, this paper compares Uniform DQN, fixed-a PER settings with different o values, and
the proposed adaptive strategy, looking at how each one affects training performance, variability,
and the quality of the final policy. The goal of this study is to provide empirical evidence on whether
adaptive prioritization can outperform conventional fixed-a PER during training.

The experiments used CartPole-vl shown in Figure 1, a benchmark control task from the
Gymnasium library [8]. Here the agent must keep a pole upright on a cart that can move along a
horizontal track. Each step supplies four continuous observations, namely cart position, cart velocity,
pole angle, and pole angular velocity, and the agent selects one of two discrete actions. Every step
yields +1. An episode terminates once the pole leans more than 12°, the cart strays past £2.4, or 500
steps elapse [8]. Since this study relies on a simulation rather than a collected dataset, the training
experiences are generated directly through the agent's interaction with the environment and its
underlying transition dynamics.

Figure 1. The CartPole-v1 environment (picture credit: original)
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2.2. Models

This study implemented and compared three value-based methods: Uniform DQN, fixed-a PER,
and the proposed TD-error Adaptive PER.

2.2.1. Deep Q-network

Deep Q-networks (DQN) pair Q-learning with a deep neural network that estimates action values,
and the framework has since been extended in multiple directions [5, 9, 10]. As in Mnih et al. [5], a
deep network approximated the action-value function Q(s,a), which estimates the expected return of
taking action a in state s. The policy network had a 4-128-128-2 structure: four inputs, two hidden
layers of 128 ReLU units each, and two outputs, with a second, identical network acting as the
target, refreshed from the policy network every 10 episodes. Each experience was represented as
(s,a,r,s’,d), corresponding to the state, action, reward, next state, and termination flag, and was
stored in a replay buffer of capacity 10,000. Mini-batches of 64 samples were drawn from this buffer
for training, which reduces temporal correlations and improves sample efficiency [6].

2.2.2. Prioritized experience replay

PER samples transitions in proportion to their priority rather than uniformly [7]. In fixed-a PER, the
sampling priority of each transition is determined by its TD error. For transition i, the TD error is
defined as Equation (1):

d; =7+ '7(1 - di)nfﬁ’XQtarget(s % CI,’) - Q(Si7 ai) (1)

where r; denotes the reward, v is the discount factor, d; is the termination indicator, s’; is the
next state, Qiarger denotes the action value estimated by the target network, and @) represents the

action value estimated by the online network. The priority for transition 7 is then defined as Equation

2):
pi = |0i| +¢€ (2)

where € = 10~ prevents the priority from becoming zero, ensuring that every transition keeps a
non-zero chance of being sampled [7]. The sampling probability for transition i is proportional to its
priority raised to the power of «, defined as Equation (3):

P(i) = 3)

where the prioritization strength o controls how strongly high-priority transitions are favored,
and when a = 0, sampling falls back to uniform sampling [7]. To correct the bias brought in by non-
uniform sampling, importance sampling weights, Equation (4):
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w; = (N - P(i))” (4)

were employed, where IV denotes the total number of transitions stored in the replay buffer, and £
increases linearly from 0.4 to 1.0 over the course of training [7].

2.2.3. TD-error adaptive PER

Unlike conventional PER, which keeps a fixed, the proposed method allows a to change during
training, guided by the spread of the TD errors. This approach is conceptually related to prior work
on adaptive experience prioritization [11]. After each optimization step, the standard deviation o4 of
the batch's TD errors was computed, and o was set to

O = Omin + (amax — Omin )(1 - e—ka(;) (5)

with amin = 0.2, amax = 0.8, and k = 1.0. At the very beginning, before reliable statistics

existed, a was initialized to 0.4. Equation (5) works as follows. When the batch's TD errors are
spread apart, o is large and o rises toward o,y , SO sampling favors high-priority transitions more

strongly. When the errors are close together, o5 is small and « falls toward amin, so sampling

becomes closer to uniform. In this way, the strength of prioritization follows what the network is
actually learning, instead of a schedule decided in advance.

2.3. Hyperparameter configuration and evaluation

For a fair comparison, the three methods shared the same architecture, optimizer, and training
budget, so performance gaps trace back only to the sampling strategy. The Adam optimizer [12] ran
with a learning rate of 1 x 1072, and the objective was Huber loss (Smooth L1 loss), with gradients
clipped to a maximum norm of 10. The discount factor v was 0.99. Exploration used an e-greedy
policy, where € started at 1.0, decayed by a factor of 0.995 after every episode, and stopped at a floor
of 0.01. For fixed-a PER, four « values were tested, {0.2,0.4,0.6,0.8}; for the adaptive method, «
stayed within [0.2, 0.8] and changed with the TD-error dispersion. Every configuration was trained
for 500 episodes on five random seeds, {1,7,42,123,2024}. The training results were summarized
by three metrics: Final-100 Mean (the average reward over the last 100 episodes), Training Mean
(the average over all 500 episodes), and Mean Maximum Reward (the largest reward in each run,
averaged across seeds). The standard deviation of Final-100 Mean across seeds was also reported to
show cross-seed variability. After training, exploration was switched off, and each model was
evaluated for 20 greedy episodes with a fixed evaluation seed, so that the score reflected the learned
policy rather than any leftover exploration.
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3. Results and discussion
3.1. Fixed-o PER comparison

The four fixed-a PER configurations were evaluated first to establish a baseline. Table 1 lists the
training performance of every configuration across the five seeds. Among them, o = 0.4 posted the
highest Final-100 Mean (175.85) and therefore served as the fixed-a baseline. Performance did not
rise steadily with a: o = 0.8 had the highest Training Mean (99.23), yet its final score did not follow
suit. A stronger prioritization, in other words, was no guarantee of a better late-stage policy.

Table 1. Training performance across five random seeds

Method Final-100 Mean Cross-seed SD Training Mean Mean Max Reward
PER 0=0.4 175.85 76.01 86.35 411.00
PER 0=0.2 156.29 55.92 84.87 434.20
PER 0=0.8 140.61 81.81 99.23 454.20
Uniform DQN 139.93 33.88 74.22 413.80
PER 0=0.6 120.35 44.92 81.76 446.40
TD-error Adaptive PER 115.97 26.92 89.96 489.40

3.2. Training performance comparison

Learning Performance Comparison Across Five Seeds
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Figure 2. Learning performance comparison across five seeds (picture credit: original)

Uniform DQN ended with a Final-100 Mean of 139.93 and a cross-seed standard deviation of
33.88, so its final performance was reasonably steady across seeds. That score, however, still fell
short of the best fixed-a setting. The proposed TD-error Adaptive PER reached a Final-100 Mean of
115.97, below the best fixed-a PER, but its cross-seed standard deviation was only 26.92, which
points to an even steadier final performance. Its Training Mean came to 89.96, close to the 86.35 of
the best fixed-a PER and above the 74.22 of Uniform DQN. It also posted the highest Mean
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Maximum Reward (489.40) of all the configurations, meaning it occasionally reached very high
reward levels. Figure 2 compares the learning curves of the three primary methods across the five
seeds.

3.3. Adaptive o dynamics

Figure 3 shows how the adaptive a evolved, averaged across the five seeds. Starting at 0.4, the mean
rose through training and then stayed near the 0.8 ceiling for most of the run. This saturation means
the adaptive method behaved much like a high-a fixed PER in the later stages, leaving it little room
to keep adjusting a.
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Figure 3. Adaptive a dynamics across five seeds (picture credit: original)
3.4. Greedy policy evaluation

The TD-error Adaptive PER produced the highest mean greedy reward, 239.10 against 132.75 for
the best fixed-a PER and 114.30 for Uniform DQN (Table 2). Two of its five models even reached
the maximum reward of 500. In some runs, then, the adaptive method was capable of a much
stronger learned policy. Its cross-seed standard deviation, however, was the highest of the three at
163.29, so policy quality swung widely from one seed to the next. The high average was therefore
pulled up by a few very strong runs rather than earned consistently, and the final policy remained
highly sensitive to the random seed. Stepping back, no single replay strategy won on every metric.
Adapting the prioritization strength from TD-error dispersion is clearly a workable idea, and it can
produce stronger policies in some runs, but against a well-tuned fixed-a PER these gains did not
show up consistently across seeds.

Table 2. Greedy policy evaluation across five seeds

Method Evaluation Mean Cross-seed SD Mean Eval Max
TD-error Adaptive PER 239.10 163.29 358.60
Best Fixed-a PER (0=0.4) 132.75 37.70 175.20
Uniform DQN 114.30 49.89 151.40
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4. Conclusion

This paper studied whether the prioritization strength of PER should stay fixed or change during
training in DQN. A TD-error adaptive strategy was proposed, which recomputes a after every
optimization step from the standard deviation of the batch's TD errors, rather than holding «
constant. The method was trained in the CartPole-v1 environment and compared with Uniform DQN
and four fixed-a PER configurations across five random seeds. The adaptive strategy delivered the
lowest cross-seed variance in training performance and the highest mean reward under greedy
evaluation, which means its prioritization really does follow the learning and can occasionally reach
a much stronger policy. At the same time, o tended to saturate near its upper bound in the later
stages, leaving little room for further adjustment, and the improvement over the best-tuned fixed «
did not appear consistently across seeds. Future work could explore smoother adaptation schedules
and ways to keep a from saturating, and test the approach on environments harder than CartPole.
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