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Abstract

This work presents an analysis of how Reinforcement Learning (RL) policies diverge during
training, aiming to separate and investigate divergence arising from environmental random-
ness and from the policy’s initialization. We trained 300 policies using Proximal Policy
Optimization (PPO) across three contexts in the MinAtar testbed: (1) with fixed parame-
ter initialization, (2) with fixed sampled scenarios, and (3) with neither fixed. The resulting
policies were examined for performance, feature-attribution overlaps, action disaccord, and
overlaps in critical state estimates. The distributions of policies are similar across all training
contexts for all examinations, except that the overlap in feature attributions increases when
the initial parameters are fixed. These results show that, despite controlling for parameter
initialization and the scenarios drawn from the environment, the PPO policies diverge simi-
larly across training contexts. The results, therefore, suggest that PPO exhibits severe path
dependence: the unpredictability of the final policy is deeply ingrained in PPO’s stochastic
exploration-update loop. Furthermore, our investigation demonstrates that similarly trained
PPO policies exhibited substantial differences in how they solved the RL tasks.

1 Introduction

Sequential decision-making tasks, such as controlling a robot or a vehicle, involve one or more agents making a
series of choices over time, with each choice influencing the evolving situation. These tasks are often executed
in environments with vast operational spaces, requiring the agent to gather and process high-dimensional
sensory data, such as images, and to plan across long horizons. Reinforcement Learning (RL) (Sutton &
Barto, 2015; Morales, 2020) algorithms only need a reward signal to learn from experience, both how to
process inputs and how to act, and have demonstrated high performance in games (Silver et al., 2016; Young
& Tian, 2019), control tasks (Todorov et al., 2012), and industrial applications (Ramos & Busboom, 2025;
Panzer & Bender, 2022).

Despite these successes, RL training remains inherently unstable. These algorithms must balance feature
learning, environmental exploration, and exploitation of gathered experience, with complex interdependencies
that render them highly path-dependent; similar optimization runs may converge to distinct optima. Conse-
quently, they exhibit high sensitivity to hyperparameters (Henderson et al., 2018) and random seeds (Bjorck
et al., 2021; Jang et al., 2022; 2025), meaning that marginal modifications in the implementation may pro-
duce major and erratic differences in the final policy. Such unpredictability creates a significant consistency
gap (Islam et al., 2017; Agarwal et al., 2021; Henderson et al., 2018), undermining practitioner trust (Chan
et al., 2019) and challenging the scientific validity of reported benchmarks.

Several works have proposed evaluation strategies (Agarwal et al., 2021; Henderson et al., 2018; Chan et al.,
2019) to narrow this consistency gap, with Chan et al. (2019) highlighting that evaluation should also account
for the risk of a failed training run, i.e., a training run in which the agent fails to learn early and never recovers.
Furthermore, Engstrom et al. (2020) argued that many of the performance gains attributed to primary
algorithmic innovations, such as the Proximal Policy Optimization (PPO) objective function (Schulman
et al., 2017), could be a consequence of secondary ‘code-level’ optimizations, such as annealing the learning
rate. Others have proposed methods to reduce the performance variability of RL, such as entropy-aware
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model initialization (Jang et al., 2022) to facilitate initial exploration and normalizing penultimate-layer
features (Bjorck et al., 2021) to mitigate a vanishing-gradient problem arising from information loss of
the state in the feature representation. Similarly, Moalla et al. (2024) examine the degradation of learning
outcomes from new experiences in PPO agents as the training process advances, termed capacity loss, identify
a similar vanishing-gradient problem as the cause, and thus propose regularization of the penultimate-layer
feature representations as a remedy. Recently, Jang et al. (2025) conducted an empirical study of PPO
agents, investigating the hypothesis that divergent exploration among individual agents during training is a
key contributor to the performance variability. Their analysis suggests that in environments where individual
agents diverged more in their exploration, they would indeed vary more in their performance.

In this work, we aim to contribute to understanding how RL policies diverge across training runs. To this
end, we conduct a controlled empirical experiment in which we fix part of the randomness in the training
algorithm to investigate how this affects the distribution of trained policies. Specifically, to investigate how
much the randomness in scenario sampling from the environment shapes policies during training, we fix the
network model’s initial weights; we refer to this training context as environmental divergence. Vice versa, to
isolate variation in final policies arising from varying the initial weights of the network models, we fix the
seeding of the random number generator in the environment, such that it samples the same initial states
and is seeded similarly in the concurrent transitions across all policies trained in this context (i.e., all non-
agent entities have fixed trajectories), but the individual policies are free to diverge based on their action
choices, and refer to this context as algorithmic divergence. In the third training context, we fix neither, as
a baseline. See Figure 1 for a high-level illustration of these training contexts. We train 300 PPO policies
in each training context for each environment in the MinAtar testbed (Young & Tian, 2019), enabling a
comparison of the final policy distributions across varying levels of environmental complexity and difficulty.
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Figure 1: A high-level visualization of the three training contexts, where the colors on the miniature neural
networks represent the values of the initial parameter values, and each rectangle’s gold shade color represents
a different scenario, or level, sampled from the environment for training. In the first training context, we seek
to isolate policy variation arising from environmental sampling randomness by training the same network
with the same initial weights on different sets of scenarios sampled from the environment. In the second,
we seek to isolate the divergence in resulting policies solely due to randomness in parameter initialization
by training with varying parameter initializations on the same set of environment scenarios. In the third
training context, as a baseline, we vary both.
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Whereas previous work emphasizes failed training runs, our analysis focuses on mapping the divergence be-
tween similarly trained policies, i.e., on how they differ. In addition to investigating performance variation
across the three training contexts, we examine policies along four axes. First, we investigate the comple-
mentarity of policy sets by evaluating a majority-vote ensemble of these sets. From Wood et al. (2023),
we know that ensemble improvement is related to prediction diversity, i.e., disagreement on the prediction
values among the individuals of the ensemble. However, because multiple valid RL solutions may exist,
the lack of a common ground truth can complicate ensemble improvement; therefore, we refer to this as
an investigation of complementarity rather than prediction diversity. Second, to examine variation in how
policies interpret the state when choosing actions, we present the alignment of policies of their most salient
features in the observation. Third, as a proxy for investigations into strategic diversity, we present disaccord
in action choices within the policy sets. Finally, to investigate how the policies align in their assessments
of state criticality, i.e., the degree to which choosing the appropriate action in a given state is crucial, we
present the distributions of intersections among the most important states within the policy sets.

Our empirical analysis indicates that the three training contexts yield similar performance distributions,
similar diversity in action choices, and similar overlap distributions for the states they identify as important
to the episodes’ success. We also found that the policies aligned substantially more in their feature attri-
butions when the initial policy parameters were fixed compared to the other two training contexts. This
reveals a decoupling between state representation and strategic execution: even when weight initialization
biases agents to interpret the environment similarly, their operational strategies diverge as severely as in
fully uncontrolled baselines. We demonstrate that fixing these initial conditions of the PPO algorithm is
insufficient to constrain policy behavior, as the highly sensitive feedback loop between stochastic exploration
and policy updates drives the solutions toward a multiplicity of distinct yet viable strategic optima. Our
findings underscore the critical need for large-scale evaluation protocols to assess the reproducibility of DRL.

2 Background

The Reinforcement Learning Problem: RL problems are modeled as Markov Decision Processes
(MDPs) Sutton & Barto (2015), with defined state and action spaces (denoted S, and A, respectively),
where the transition to a new state is determined solely by the choice of action and the previous state,
through a (possibly stochastic) transition function, T : S × A → S, and each transition is coupled with a
reward signal, R : S × A × S → R. The goal is to learn, through trial and error, a policy, π : S → A, that
maximizes the expected cumulative rewards. In Deep Reinforcement Learning, the policy is derived from a
model that can learn functions over a high-dimensional input space, such as a neural network.

Ensemble Methods: In the supervised learning regime, Wood et al. (2023) developed the bias-variance-
diversity tradeoff for a wide range of loss functions. They formulate ensemble learning as a trade-off among
the average individual biases, the average individual variances, and the disagreement among individual pre-
dictions within the ensemble, which they call diversity. Specifically, ensemble diversity reduces the expected
risk beyond that of the individual models’ average risk. However, the additional strategic diversity among
viable RL solutions further complicates the theory behind ensemble improvement in the RL paradigm, as
there may be no common ground truth. A common hypothesis for the success of ensembling in RL is that
policies fail in different states (Wiering & Van Hasselt, 2008), and thus, when combined, the majority vote
ensemble typically masks individual faults.

Critical States: The notion of a critical state is defined as a state where the choice of action is crucial
to the episode’s success (Huang et al., 2018; Amir & Amir, 2018; Spielberg & Azaria, 2019). Because
policies must be reliable in critical states, they are of high interest to developers and researchers. However,
identifying critical states in complex sequential decision-making tasks is not straightforward, and we often use
the policy’s state importance measure to guide our search. For PPO policies, we link the state importance
measure to the uncertainty of the action distribution at a state, as in Huang et al. (2018), using policy
confidence as a proxy for deemed state importance. The uncertainty of the policy can be quantified as the
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entropy of the action distribution as

H[π(·|s)] = −
∑
a∈A

π(a|s) ln π(a|s),

where π(·|s) is the action distribution of the policy π at state s. The state’s importance increases as the
entropy of the action distribution decreases; we use this measure to rank states by criticality based on the
policy’s perception.

3 Study Design

Our study is designed to investigate the role of stochastic sources in the divergence of trained policies across
multiple aspects: the performance of individual policies, the performance of ensemble policies of the policy
sets, the policy sets’ state interpretations, the policy sets’ disaccord in action choices, and the policy sets’
agreement in state criticality.

We study the divergence of policies in three training setups (see Figure 1): one in which the policy parameter
initialization is fixed, one in which the scenarios sampled from the environment are fixed, and one in which
both the parameter initialization and the scenarios are randomly sampled. In the first case, we aim to
isolate the algorithmic divergence, defined as the divergence arising from random parameter initialization.
The second training setup, in which the scenarios are fixed, aims to isolate environmental divergence, the
divergence in trained policies arising from the randomness of scenario sampling. Finally, in the third setup, to
have a baseline divergence to compare against, and indeed referred to as the baseline, we perform standard
training where both parameter initialization and the randomness in sampling from the environment are
varied. We repeated all experiments three times with different random seeds to mitigate artifacts arising
from any single seed.

Examining the variation in performance: Performance variation is typically highlighted when inves-
tigating the instability of RL schemes. Therefore, we investigate performance variability across training
contexts. To this end, we evaluate all policies and report the distributions of mean accumulated rewards
over 1024 episodes. Furthermore, to investigate how complementary the trained policies are across the three
training setups, we ensemble 20 best-performing policies from each setup and evaluate the majority-vote
ensemble policy. By complementary, we mean diversity in predictions in the sense used in Wood et al.
(2023) for supervised learning, but it also encompasses all possible sources of improvement in sequential
decision-making tasks, such as reducing the probability that the majority makes the same mistake in the
same time step.

Investigating the policies’ state interpretations: The Rashomon effect in Explainable Machine Learn-
ing (Müller et al., 2023) demonstrates that, even with the same training data, multiple high-performing
solutions can emerge, possibly driven by the model’s considerable freedom in its latent representations.
Therefore, to study divergence in interpretations of the state in RL, we investigate how policies interpret
states. Specifically, we use the 20 high-performing policies in each training context as a policy set. For
each policy set, we extract the top five salient features from the same 2,500,000 states found by executing
the majority-vote ensemble of the baseline sets (B), using normal backpropagation on the summed action
distributions across all policies in the set. Although the state observations have a relatively large num-
ber of possible features (the smallest are 10 × 10 × 4 = 400 in Asterix and Breakout, while the largest is
10 × 10 × 10 = 1000 in Seaquest), each state observation channel is a binary grid with typically only a
few features active, effectively giving a smaller number of features to find salient. The divergence in state
interpretations is then measured by pairwise overlap in the five most salient features across the policy sets.

Inspecting disaccord in action choices: Strategic solution diversity, referring to the diversity of policies’
action choices, whether valid or invalid, is a known feature of trained RL policies (Chapter 3.8 in Sutton
& Barto (2015)), and its degree depends on the environment’s constraints on policies. To examine how
stochastic sources affect variation in strategic diversity across solutions, we assess how often the policy
sets disagree in their action choices. Specifically, we compute the fraction of individual policies’ deviations
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in action choice relative to the majority-vote ensemble policy of the policy set, averaged over the same
2,500,000 states across all training contexts. Furthermore, to investigate divergence in solution strategies
in critical states, we extract the 250,000 most important states, as judged by the action confidence of the
highest-performing policy, and examine action deviance within each policy set on this subset.

Studying the divergence in state criticality estimation: One aspect of planning capabilities in
sequential decision-making problems is understanding when an action choice is critical to the episode’s
success and acting accordingly. Therefore, the final experiments aim to measure the divergence in how the
policies estimate the importance of choosing the correct action. We extract from each policy set the subset
of the 25,000 most important states, as determined by each policy’s action confidence. Action confidence is a
proxy for criticality estimation because a highly confident policy indicates that its estimates of the episode’s
remaining steps’ success depend heavily on the action choice (Huang et al., 2018). To measure divergence
in criticality estimates across the policy set, we compute pairwise intersections between the top 1% most
important states for each policy and present the distributions across the policy sets.

4 Experimental Setup

4.1 Policy Training

We train three sets of 100 policies for 200 million environment steps (for each training context and each envi-
ronment), sharing the same actor-critic architecture, and using a modified implementation of a PPO training
scheme1 in the Pgx version (Koyamada et al., 2023) of the MinAtar testbed (Young & Tian, 2019). The
modifications to the script are twofold: first, the addition of a Proximal Feature Optimization (PFO) (Moalla
et al., 2024) term to the loss to regularize changes in feature representations of the state, and, second, to allow
for the different training contexts, we needed to adjust the seeding strategy for the environment step and
reset functions. Adding the PFO term to the loss yielded substantial improvements in policy performance,
and therefore, we include it to analyze the divergence of the best set of policies.

The three sets of policies differ solely in how the randomness of the training schemes is fixed. The first context,
henceforth referred to as the baseline (B), varies both algorithmic randomness (parameter initialization)
and environmental randomness (initial-state sampling and transitional randomness) during policy training.
In the second context, we isolate the impact of random parameter initialization by fixing the scenarios
drawn from the environment and varying the parameter initialization. We refer to the second context
as algorithmic divergence (AD). The final training context, referred to as environmental divergence (ED),
isolates environmental randomness by training on the same initial policy parameters across varied scenario
samples from the environment.

4.2 The MinAtar Testbed

The MinAtar testbed (Young & Tian, 2019) is a compact version of five Atari games: Asterix, Breakout,
Freeway, Seaquest, and Space Invaders. In Asterix, the goal is to collect gold while dodging enemies. In
Breakout, the agent’s goal is to remove the wall of bricks by deflecting the ball with a paddle. The goal in
Freeway is to cross the road as many times as possible within a time limit while dodging cars. In Seaquest,
the agent controls a submarine that must rescue divers to replenish its oxygen levels while dodging fish and
enemy submarines. In Space Invaders, the agent controls a spaceship under attack by aliens, aiming to shoot
down the aliens before they board. We choose the MinAtar testbed because the tasks are varied and the
environments vary in complexity: Freeway and Breakout have simpler action spaces, whereas Asterix, Space
Invaders, and Seaquest increase in difficulty and complexity, with Seaquest having the largest state-action
space. For more information about the environments, see the MinAtar documentation (Young & Tian, 2019).

1The PPO implementation is similar to one inhttps://github.com/sotetsuk/pgx/blob/
87278d2d6e677fd87248c457207b59cfa42e578d/examples/minatar-ppo/train.py, with an added PFO term in the loss
and minor modifications to the random seeding.
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Figure 2: Distributions of average accumulated rewards of the 300 trained policies, for each training context
in all environments.

4.3 Technical Setup

The policy training was performed on an NVIDIA DGX-2 with a Tesla V100-SXM3-32GB GPU, while the
analyses were conducted on a laptop with an AMD Ryzen 9 7940HS and an NVIDIA GeForce RTX 4070
Laptop GPU, using Python version 3.13.5. To enable experiments at a much larger scale, the experiments
were conducted on highly parallelizable versions of the MinAtar testbed (Koyamada et al., 2023) using the
JAX framework (Bradbury et al., 2018). Exact implementations of the experiments are available in the
supplementary material.

5 Divergence of Trained Policies

This section presents the results of analyses of policy divergence across the three training contexts in the
MinAtar environments. First, we present the divergence in policy performance across all 300 trained policies
(Section 5.1). Second, two sets of 20 high-performing policies are extracted from each training context,
ensuring that the policies within each context are similarly strong (Section 5.2). To investigate the comple-
mentarity of these sets, we execute majority-vote ensemble models for each set and compare their performance
against the highest-performing policy in that set. Third, the divergence of feature attributions across sets
is presented and analyzed (Section 5.3), followed by an investigation of divergence in solution strategies
within ensembles (Section 5.4). Finally, we examine how the sets’ policies align in their assessments of state
criticalities (Section 5.5). We also provide the results of statistical tests comparing all relevant distributions
in the appendix (Appendix A).

5.1 Variation in Individual Performances

The distributions of the performances of all the trained 300 policies from the three training contexts are
shown in Figure 2. Statistical tests for comparisons between distributions are presented in the appendix,
in Table 1. The policies are distributed similarly in terms of mean accumulated rewards across the three
training contexts in all environments, with only minor differences in performance distributions; significant
(but minor) differences are observed only between the AD training context and the other two in Seaquest
and Space Invaders, and between the ED contexts and the other two in Asterix. This indicates that fixing
one source of randomness does not substantially change the distributions of the final policies’ performances.
Consequently, none of the sources of stochasticity seems to contribute more than the other to the final
variation of policy performances.
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Figure 3: Relative performance increase measured through average accumulated rewards over 1024 episodes
over the best policy in the ensemble, with the error bars representing 95% confidence intervals of the standard
error of the mean.

5.2 Ensemble Performances

We selected the three sets (obtained by repeating the experiment three times) of 20 highest-performing
policies from each training context. The majority-vote ensemble policies of the sets were evaluated over 1024
episodes.

The increases in the average accumulated rewards of all the ensembles relative to their best individual
policies are shown in Figure 3. We observe substantial increases in accumulated rewards for the Asterix
(≈ 120%, 117%, 118%), and Space Invaders (≈ 145%, 143%, 140%) environments for the majority-vote en-
sembles (B, AD, and ED ensembles, respectively). In Seaquest, the performance increases are smaller
(≈ 102%, 101%, 103%), whereas in Freeway, the performance is comparable to that of the best individual
policies. In Freeway, the simplest environment of the testbed, individual policy performance approaches
near-optimal for the task, which explains the lack of substantial improvement (a consistent but slight im-
provement of ≈ 100, 5% across all training contexts) in ensemble performance. However, the majority-vote
ensemble policies perform worse than individual policies in Breakout (77%, 58%, 85%). In the environments
where the ensemble policies outperformed the individuals, we observe that ensemble models from the policy
sets trained with varying environment seeding and policy initialization (B) outperform or match the relative
performance of ensemble models from the policy sets trained in contexts in which one of these was fixed.

The drop in ensemble performance on Breakout shows that naive majority-vote ensembling can degrade
performance. The degrading performance in Breakout is attributable to strategic divergence combined with
highly unforgiving environmental dynamics; a single error can often directly lead to termination.

5.3 Alignment in Feature Attributions

To investigate the diversity of state interpretations within the policy sets, we extracted the top five features
from the saliencies of the summed action distributions across the individual policies for all 2,500,000 sampled
environment states. Statistical tests for comparing distributions are reported in the Appendix, Table 2.

The distributions of average intersections between the policies’ top five feature attribution scores over all
the states are shown in Figure 4. We observe in Asterix, Breakout, Seaquest, and Space Invaders that sets
trained with varying environment seeds and fixed initial model weights (the ED training context) exhibit
statistically significantly higher alignment in their top five features, with a non-negligible effect size. In
Freeway, the alignment is similar across the training contexts. Across all environments except Freeway,
the distributions of feature attributions for policy predictions differ significantly for policies trained with
different parameter initializations (B and AD), but the effect size is substantially smaller. We also observe
that the overlap is generally quite low across the board (≈ 35%, 20%, 40%, 20%, 30%, in Asterix, Breakout,
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Figure 4: Distributions of average pairwise intersections of the top five features in the ensembles of policies.

Freeway, Seaquest, and Space Invaders, respectively), showing that the policies highlight different features
in the saliency maps.

The greater alignment in feature attributions across ED policies suggests that random parameter initializa-
tion leads to greater misalignment than varying the sampled scenarios. Thus, the results suggest that the
algorithmic divergence has a greater impact on the level of misalignment in feature attributions observed in
similarly trained high-performing policies, although they also indicate large divergence in feature attributions
across all training contexts.

5.4 Disaccord in Action Choice

To investigate the diversity of solution strategies within the policy sets, we measure disagreement in action
choices among the policies’ individual action choices across the 2,500,000 sampled environment states. Specif-
ically, we compute the fraction of deviance in action choices between individual policies and the majority-vote
ensemble policy across all states and the most critical states. In states deemed critical, the choice of action
is considered highly important to the episode’s success, making disagreement over actions in such states
particularly revealing of differing interpretations of the environment between the policies. Again, we report
statistical tests comparing distributions in the Appendix, Tables 3 and 4.

We show the distributions of the fraction of action deviance from the majority-vote ensemble over all states
in the top row of Figure 5. The bottom row shows the action deviance for the subset of the 10% most
critical states, as judged by the strongest policy in the set. We observe similar levels of disagreement within
the three policy sets over all 2,500,000 states (≈ 21%, 27%, 5%, 23%, 22% for Asterix, Breakout, Freeway,
Seaquest, and Space Invaders, respectively). For the subset of the 250,000 most critical states, we observe
less disagreement in action choice (averages are ≈ 2%, 8%, 0.1%, 12%, 5% for Asterix, Breakout, Freeway,
Sequest, and Space Invaders, respectively). Across training contexts, we observe similar distributions in
Asterix, Freeway, Seaquest, and Space Invaders, with only marginal differences between the policy sets. In
Breakout, we observe a minor increase in the action disagreement between ED policies compared to the other
two training contexts.

The similarities in action disagreements across all policy sets indicate that neither the initial agent nor the
specific realizations of the environment are the causes of the observed diversity in policy solutions. Thus, the
interaction between the agent and the environment during training must be highly sensitive to the state of the
learning system, both the current network weights and the order and content of environment states exposed
to it, thereby yielding diverse experiences and learning outcomes. Also, the degrees of action disaccord
within the sets demonstrate the existence and prevalence of distinct, high-performing solution strategies in
the environments.

8



Under review as submission to TMLR

B AD ED
0.0%

6.4%

12.8%

19.2%

25.6%

fra
ct

io
n 

of
 a

ct
io

n 
de

vi
an

ce
 (i

n 
al

l s
ta

te
s)

Asterix

B AD ED
0.0%

10.1%

20.2%

30.3%

40.5%

Breakout

B AD ED
0.0%

1.7%

3.4%

5.0%

6.7%

Freeway

B AD ED
0.0%

6.6%

13.1%

19.7%

26.2%

Seaquest

B AD ED
0.0%

6.1%

12.1%

18.2%

24.2%

Space Invaders

B AD ED
training context

0.0%

2.9%

5.8%

8.7%

11.6%

fra
ct

io
n 

of
 a

ct
io

n 
de

vi
an

ce
 (i

n 
m

os
t c

rit
ica

l s
ta

te
s)

B AD ED
training context

0.0%

7.7%

15.4%

23.1%

30.8%

B AD ED
training context

0.0%

0.1%

0.3%

0.4%

0.6%

B AD ED
training context

0.0%

2.7%

5.3%

8.0%

10.6%

B AD ED
training context

0.0%

3.1%

6.1%

9.2%

12.2%

Figure 5: Fractions of action deviance from the majority vote ensemble policy of each policy in the set for
all 2,500,000 states in the trajectory (top row), and the 250,000 most important states as deemed by the
highest-performing policy in the set (bottom row).

5.5 Alignment in State Criticality

The criticality of a state is the degree to which the choice of action in that state is critical to the success of the
episode. One measure of the state’s criticality is the policy’s confidence in the chosen action, quantified by the
entropy of its action distribution. To measure how the ensembles align in their assessments of state criticality,
we extract the 1% most critical states for each policy in each ensemble and calculate the intersection of these
sets for each pair of policies. As before, we report the results of our statistical significance tests in the
Appendix, Table 5.

The distributions of pairwise intersections in the top 1% most critical states (2,500 states) between the
policies of each policy set, for all the environments, are shown in Figure 6. Note that the ED policies exhibit
marginally higher alignment in the most critical states across most environments; only in Seaquest do the AD
policies align more. While our statistical analyses indicate that these are statistically distinct (Appendix,
Table 5), the pairwise overlaps remain highly similar in overall magnitude across all training contexts.

Although we observe a consistent but minor increase in alignment for the ED policies, the results suggest that
the three contexts converge to the same overlap distributions for state-criticality estimates. Again, as with
performance distributions and action agreement, we observe that the three contexts are similarly aligned
in their state-criticality estimates, further suggesting that neither the initial agent nor the environment
realizations affects the distributional outcome of policies, but rather shows that the dominant source of
divergence in state estimations lies within the agent-environment interaction.

6 Discussion

On the performances of the ensembles: We found that the majority-vote ensembles of the policy sets
improved performance compared to the best individual policy in Asterix, Seaquest, and Space Invaders,
whereas ensembling in Breakout degraded performance. Although there were minor performance differences
across training contexts, they were inconsistent and small. In Breakout, we hypothesize that the performance
degradation is linked to high disagreement in action choice in high-importance states (Figure 5, second row).
Because Breakout requires highly precise action sequences to avoid immediate failure, a simple majority
vote among strategically divergent policies dilutes the precise execution strategy of individual policies. We
observe even higher action disaccord among the Seaquest policies, which can be attributed to its larger
action space and the availability of multiple viable strategies. Unlike in Breakout, where a single suboptimal
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Figure 6: Distributions of pairwise intersections of the 1% highest importance states as deemed by each
policy in the ensembles.

action is often fatal, in Seaquest, the agents can often recover from errors, making strategic divergence less
detrimental to overall performance. This highlights a limitation to naive ensembling in RL; when there is
high strategic divergence, ensembling can be actively detrimental.

On the alignment in feature attributions: The set of policies derived from the ED training context
consistently had a larger alignment in their feature attributions compared to the other training contexts. In
contrast, the alignments were similar between policy sets derived from the AD and B regimes (see Figure 4).
We interpret these results as evidence that the parameter initialization is a stronger determinant of the final
feature representation than the sampled scenarios, possibly suggesting that the initial parameterization may
render some potentially useful features inaccessible. However, given the low dimensionality of the MinAtar
observation space (a binary C × 10 × 10 where C ≤ 10), an alternative hypothesis is that the ED policies are
biased by identical initialization toward memorizing exact spatial coordinates (pixels) rather than extracting
generalized features. Thus, weight initialization may not only restrict the accessible features but also actively
anchor spatial representations in low-dimensional settings.

On disagreement in action choice within policy sets: The distributions of action deviance within
the sets are similar across training contexts (see Figure 5), both on the full set of 2,500,000 states and in
the 10% most important states. As expected, we observe less action deviance in the 10% most important
states than in the full set of states across all environments, showing that the policies converge on the same
actions when stakes are higher. Despite greater alignment in feature attributions, we observe that high
action disaccord persists in the ED context. This suggests a decoupling between state representation and
strategic execution: although the algorithmic initialization biases the agents toward using more of the same
features, their operational strategies still diverge to the same extent as in other training contexts due to
compounding intra-training stochasticity (e.g., action sampling and mini-batch selection). Overall, these
results demonstrate that fixing initialization and environment sampling is insufficient to constrain policy
behavior, highlighting that the PPO algorithm steers policies toward a multiplicity of distinct, yet viable,
strategic optima.

On the divergence of state criticality assessments: The distributions of overlaps in the 1% most
important states (Figure 6) show only marginal differences between training contexts. This indicates that
controlling for the initial untrained agent or for environmental sampling fails to unify the way policies evaluate
risk and state importance. Even when policies share identical initial weights or train on identical environment
realizations, their assessments of state criticality diverge to the same extent as those of fully uncontrolled
baselines. This reinforces the conclusion that the state importance measure is highly subjective, heavily
dependent on the specifics of the stochastically driven training trajectory. Furthermore, this subjectivity
is linked to the observed disaccord in the action distributions; as agents develop divergent operational
strategies, their underlying value estimates and perceptions of criticality will also diverge. Ultimately, this
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highlights that such path dependence is not merely an artifact of a specific random seed but rather an inherent
characteristic arising from the highly sensitive, recursive feedback loop between stochastic exploration and
policy updates in the PPO algorithmic framework.

On limitations and future work: The complexity of online RL training algorithms introduces potential
concerns about the validity and generalizability of the results.

First, to mitigate potential artifacts arising from the specific seed used for the environment and for param-
eter initialization in the AD and ED contexts, respectively, we trained three sets of 100 policies in each
training context. Second, our experiments were conducted on the MinAtar testbed, and our results may
not generalize to other environments, especially environments with continuous state and/or action spaces.
However, the environments of the MinAtar testbed provide RL tasks of varying complexity and difficulty and
are highly parallelizable, making them suitable for studies such as this. Third, we chose to limit ourselves
to PPO policies, one to reduce computational effort (we trained and evaluated 4,500 policies in total in this
project) and two to limit the number of experimental variables. Adding more Deep RL approaches, such
as DQN (Mnih et al., 2015) or SAC (Haarnoja et al., 2018), would provide a broader context for inter-
preting the result and could be explored in future work. Fourth, for this work, we examine a single policy
architecture across all training contexts and environments. Because the algorithmic divergence depends on
the policy architecture’s functional space, the analysis results will vary with the chosen architecture. We
chose a well-performing policy architecture that is consistent across all environments to enable comparisons
of results between environments. Furthermore, we suggest that investigations into architectural dependence
on divergence of solutions are more practically conducted in the context of supervised learning. Finally,
extracting and examining policies across multiple stages of the training process to analyze the evolution of
policy sets is an interesting avenue for future work.

7 Related Work

Our work is related to three active research areas. The Rashomon effect of supervised learning (SL) (Breiman,
2001) demonstrates the multiplicity of machine learning (ML) models for identical learning problems. Be-
cause ML models are also used in Deep RL, the Rashomon effect in SL provides a strong foundation for
extending this work to Deep RL. Furthermore, the analysis of policy divergence draws on concepts from
XRL, such as critical states (Spielberg & Azaria, 2019), and is intended to contribute to the body of knowl-
edge. Finally, research on the instability of RL training algorithms is closely related to our work. However,
the field is more focused on failed training trials and reproducibility, whereas we investigate the divergence
of trained policies.

7.1 The Rashomon Effect

The notion that statistical learners can extract high-performing, varied interpretations from the same data
was coined the Rashomon effect by Breiman (2001). Müller et al. (2023) investigate the Rashomon effect in
the context of explainable machine learning; specifically, they provide empirical evidence for the divergence
of models on fixed datasets, and thus provide evidence of the lack of transfer value of explanations between
models. Laberge et al. (2023) identify essential features based on consensus within the Rashomon set.

Our work is adjacent to investigations of the Rashomon effect in supervised learning and its impact on
explainable ML, because the multiplicity of high-performing models is inherited in the XRL context. Because
of the additional temporal dimension in sequential decision-making tasks, the policies’ freedom to learn
different solution strategies and to estimate state and action values may amplify their impact in the RL
context relative to the SL context.

7.2 XRL/Critical States & State Importance

A critical state is one in which the choice of action strongly affects the episode’s success (Spielberg & Azaria,
2019), one in which the policy must behave reliably. Because sequential decision-making tasks are often
complex and require extensive planning to understand the long-term consequences of decisions, identifying
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critical states is not always straightforward. Still, for developers and researchers seeking to validate or un-
derstand policy behavior, these states constitute a fundamental form of task awareness. Therefore, methods
for identifying these states are pivotal to XRL (Gross & Spieker, 2025).

RL policies are fundamentally derived from estimates of the value of actions and states. This intrinsic value
estimation allows the extraction of the policies’ estimate of the state’s criticality. The state importance
measures exactly that, and is often derived from the spread of the value of different actions from the same
state. For example, in Amir & Amir (2018), the state importance is defined as the span between the
maximum action-value and minimum action-value in a particular state. However, under PPO policies, the
action-value function is less accessible, so we follow Huang et al. (2018) and instead use the entropy of
the action distributions. Both works aim to establish trust and explain policy behavior by focusing on the
policies’ assessments of state criticality.

7.3 Instability of Training Schemes in Reinforcement Learning

The instability of training schemes in RL is a well-known problem in reproducible RL research and a source of
trust issues for practitioners (Clary et al., 2019; Chan et al., 2019). In Henderson et al. (2018), they provide
empirical evidence of a reproducibility issue, investigate statistical measures to provide a more reliable
assessment of procedures, and, most relevant to our work, show considerable variability in performance due
to the inherent stochasticity of training schemes. Building on this work, Lynnerup et al. (2020) present a
practical assessment of the reproducibility and replicability of RL on a continuous control task. Also, there
are works on why training algorithms sometimes fail to learn a good policy. Moalla et al. (2024) investigate
why PPO policies suffer from capacity loss, a weakened ability to learn from new data, in long training
runs. Their analysis suggests that a rank collapse in learned state representations hinders continual learning
because the forward pass loses information from the observations. They propose a method that employs
a trust region in the latent feature space to mitigate loss of learning capacity. Closely related is Bjorck et
al.’s work (Bjorck et al., 2021), which shows that normalizing feature representations reduces the frequency
of failed training runs, i.e., training runs in which the policies fail to learn a reasonably well-performing
policy. Perhaps most closely related to our work is (Jang et al., 2025), which investigates the performance
variability of PPO agents under the hypothesis that it is caused by diverging experience and reports a
correlation between diverging experience and performance variability.

Similarly, our work aims to provide further insight into RL policy training by investigating how sources of
stochasticity affect the policies’ performance variability. Furthermore, it shifts the investigation to how these
sources affect the divergence in how the policies interpret and plan in their environments.

8 Conclusions

In this work, we investigate the sources of policy divergence in RL policies by isolating the effects of envi-
ronmental scenario sampling and parameter initialization. By training and evaluating sets of PPO policies
across the MinAtar testbed, we demonstrated that controlling these initial conditions does not constrain the
divergence of final policies. Although fixing the initial weights led to more aligned policies in their feature
attributions, they still exhibited severe disagreement in their action choices and subjective assessments of
state criticality, suggesting a decoupling between state representation and strategic execution. Our results
indicate that the divergence among similarly trained PPO policies is not primarily driven by the initial
random seed or environmental configuration, but rather by the high sensitivity of the recursive feedback
loop between stochastic exploration and policy updates within the PPO algorithm. This inherent sensitiv-
ity of PPO steers policies toward a multiplicity of distinct yet viable strategic optima, many of which are
suboptimal. Such algorithmic unpredictability challenges the community’s reliance on individual executions
for benchmarking algorithmic innovations, highlighting the importance of large-scale evaluation protocols.

In conclusion, our investigation shows that a single PPO implementation yields a vast landscape of possible
policies.
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A Appendix

The appendix reports statistical tests for pairwise comparisons between the distributions shown in Section 5.

A.1 Tests of Significance of Results

In this section, we present statistical significance tests for pairwise comparisons of results across each training
setup. We perform a Mann-Whitney U test to assess whether the underlying populations are stochastically
equal, and report Cliff’s delta to quantify the extent of overlap between the distributions.

First, we present the results of our statistical analysis of pairwise performance comparisons between training
setups in Table 1, which correspond to the results shown in Figure 2.

Second, Table 2 presents the statistical analysis of the pairwise comparisons between the training setups,
based on the distributions of average pairwise intersections of the top five features for all possible pairings
of two policies within the policy sets visualized in Figure 6.

Third, the statistical tests on the results from the top and bottom rows of Figure 5 are tabulated in Table 3
and Table 4, respectively. They are tabulating the statistical tests between the training setups’ distributions
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Table 1: Statistical tests on the pairwise comparisons between the performances of each training setup’s 300
policies. Distributions of performances are shown in Figure 2.

Environment Comparison Test Statistic p-value Significant Cliff’s δ

Asterix
B vs ED Mann-Whitney U 50412.00 0.011 Yes 0.120 (negligible)
B vs AD Mann-Whitney U 42116.00 0.174 No -0.064 (negligible)
ED vs AD Mann-Whitney U 36924.00 < 0.001 Yes -0.179 (small)

Breakout
B vs ED Mann-Whitney U 43940.00 0.826 No -0.010 (negligible)
B vs AD Mann-Whitney U 41944.00 0.302 No -0.049 (negligible)
ED vs AD Mann-Whitney U 42175.00 0.433 No -0.037 (negligible)

Freeway
B vs ED Mann-Whitney U 46290.50 0.543 No 0.029 (negligible)
B vs AD Mann-Whitney U 47247.00 0.290 No 0.050 (negligible)
ED vs AD Mann-Whitney U 46139.00 0.592 No 0.025 (negligible)

Seaquest
B vs ED Mann-Whitney U 48110.00 0.078 No 0.084 (negligible)
B vs AD Mann-Whitney U 46322.00 0.002 Yes 0.147 (small)
ED vs AD Mann-Whitney U 43343.00 0.130 No 0.073 (negligible)

Space Invaders
B vs ED Mann-Whitney U 45051.00 0.868 No 0.008 (negligible)
B vs AD Mann-Whitney U 35811.00 < 0.001 Yes -0.196 (small)
ED vs AD Mann-Whitney U 36069.00 < 0.001 Yes -0.190 (small)

Table 2: Statistical tests on the comparisons between the distributions of pairwise overlaps in the top five
features for all pairings within the policy sets from the different training setups.

Environment Comparison Test Statistic p-value Significant Cliff’s δ

Asterix
B vs ED Mann-Whitney U 8205308.00 < 0.001 Yes -0.495 (large)
B vs AD Mann-Whitney U 14942202.00 < 0.001 Yes -0.080 (negligible)
ED vs AD Mann-Whitney U 23299234.00 < 0.001 Yes 0.434 (medium)

Breakout
B vs ED Mann-Whitney U 6654506.00 < 0.001 Yes -0.590 (large)
B vs AD Mann-Whitney U 15703996.00 0.002 Yes -0.033 (negligible)
ED vs AD Mann-Whitney U 25802462.00 < 0.001 Yes 0.588 (large)

Freeway
B vs ED Mann-Whitney U 15447628.00 < 0.001 Yes -0.049 (negligible)
B vs AD Mann-Whitney U 17416246.00 < 0.001 Yes 0.072 (negligible)
ED vs AD Mann-Whitney U 18494222.00 < 0.001 Yes 0.138 (negligible)

Seaquest
B vs ED Mann-Whitney U 9632262.00 < 0.001 Yes -0.407 (medium)
B vs AD Mann-Whitney U 13714682.00 < 0.001 Yes -0.156 (small)
ED vs AD Mann-Whitney U 21178022.00 < 0.001 Yes 0.304 (small)

Space Invaders
B vs ED Mann-Whitney U 3464106.00 < 0.001 Yes -0.787 (large)
B vs AD Mann-Whitney U 15475754.00 < 0.001 Yes -0.047 (negligible)
ED vs AD Mann-Whitney U 28538574.00 < 0.001 Yes 0.757 (large)
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of the fraction of states that each policy in the set of policies deviated from the majority-vote ensemble policy
across all states (Table 3) and in the subset of the 250,000 states deemed of highest importance (Table 4).

Table 3: Statistical tests on the comparisons between action-deviance distributions for all states.

Environment Comparison Test Statistic p-value Significant Cliff’s δ

Asterix
B vs ED (All states) Mann-Whitney U 206284.00 < 0.001 Yes 0.146 (negligible)
B vs AD (All states) Mann-Whitney U 207345.50 < 0.001 Yes 0.152 (small)
ED vs AD (All states) Mann-Whitney U 180315.50 0.958 No 0.002 (negligible)

Breakout
B vs ED (All states) Mann-Whitney U 216192.00 < 0.001 Yes 0.201 (small)
B vs AD (All states) Mann-Whitney U 184802.50 0.424 No 0.027 (negligible)
ED vs AD (All states) Mann-Whitney U 152546.50 < 0.001 Yes -0.153 (small)

Freeway
B vs ED (All states) Mann-Whitney U 203528.50 < 0.001 Yes 0.131 (negligible)
B vs AD (All states) Mann-Whitney U 172525.50 0.213 No -0.042 (negligible)
ED vs AD (All states) Mann-Whitney U 150953.50 < 0.001 Yes -0.161 (small)

Seaquest
B vs ED (All states) Mann-Whitney U 212969.00 < 0.001 Yes 0.183 (small)
B vs AD (All states) Mann-Whitney U 217762.50 < 0.001 Yes 0.210 (small)
ED vs AD (All states) Mann-Whitney U 186441.50 0.283 No 0.036 (negligible)

Space Invaders
B vs ED (All states) Mann-Whitney U 205142.00 < 0.001 Yes 0.140 (negligible)
B vs AD (All states) Mann-Whitney U 178416.00 0.792 No -0.009 (negligible)
ED vs AD (All states) Mann-Whitney U 151525.00 < 0.001 Yes -0.158 (small)

Table 4: Statistical tests on the comparisons between action-deviance distributions for the 10% most impor-
tant states.

Environment Comparison Test Statistic p-value Significant Cliff’s δ

Asterix
B vs ED (Most critical states) Mann-Whitney U 165522.00 0.003 Yes -0.080 (negligible)
B vs AD (Most critical states) Mann-Whitney U 137873.50 < 0.001 Yes -0.234 (small)
ED vs AD (Most critical states) Mann-Whitney U 149374.00 < 0.001 Yes -0.170 (small)

Breakout
B vs ED (Most critical states) Mann-Whitney U 120946.00 < 0.001 Yes -0.328 (small)
B vs AD (Most critical states) Mann-Whitney U 146938.00 < 0.001 Yes -0.184 (small)
ED vs AD (Most critical states) Mann-Whitney U 207105.00 < 0.001 Yes 0.151 (small)

Freeway
B vs ED (Most critical states) Mann-Whitney U 213280.00 < 0.001 Yes 0.185 (small)
B vs AD (Most critical states) Mann-Whitney U 202555.50 < 0.001 Yes 0.125 (negligible)
ED vs AD (Most critical states) Mann-Whitney U 168815.00 0.002 Yes -0.062 (negligible)

Seaquest
B vs ED (Most critical states) Mann-Whitney U 176992.00 0.614 No -0.017 (negligible)
B vs AD (Most critical states) Mann-Whitney U 165599.50 0.016 Yes -0.080 (negligible)
ED vs AD (Most critical states) Mann-Whitney U 168904.00 0.060 No -0.062 (negligible)

Space Invaders
B vs ED (Most critical states) Mann-Whitney U 191609.00 0.053 No 0.064 (negligible)
B vs AD (Most critical states) Mann-Whitney U 163930.00 0.007 Yes -0.089 (negligible)
ED vs AD (Most critical states) Mann-Whitney U 149028.00 < 0.001 Yes -0.172 (small)

Finally, in Table 5, we have tabulated the statistical tests on the comparisons between the training setups’
ensembles distributions of pairwise overlaps in the 1% most critical states as deemed by each policy in the
sets, corresponding to the results from Figure 6.

A.2 Implementation of Training Scheme

The implementation of the PPO learning algorithm is in the supplementary material. In this section, we
provide the hyperparameters used across environments and training contexts in Table 6. To ensure clear
communication, we first remind ourselves of the training objective function to maximize.

Let πθ be the policy, Vθ the value function, and ϕθ be the penultimate actor features. The rollout data uses
the parameters at the collection time, θold, and they are stored as log πθold(at|st), Vθold(st), ϕθold(st). The
estimate for the temporal difference is given as

δt = rt + γVθold(st+1)(1 − 1done,t) − Vθold(st),

which leads to the Generalized Advantage Estimate (GAE) being

Ât = δt + γλ(1 − 1done)Ât+1,
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Table 5: Statistical tests on the comparisons between the distributions of pairwise overlaps in the top 1%
important states for all pairings within the policy sets from the different training setups.

Environment Comparison Test Statistic p-value Significant Cliff’s δ

Asterix
B vs ED Mann-Whitney U 14544820.00 < 0.001 Yes -0.105 (negligible)
B vs AD Mann-Whitney U 14763944.00 < 0.001 Yes -0.091 (negligible)
ED vs AD Mann-Whitney U 16394242.00 0.396 No 0.009 (negligible)

Breakout
B vs ED Mann-Whitney U 14101946.00 < 0.001 Yes -0.132 (negligible)
B vs AD Mann-Whitney U 15499766.00 < 0.001 Yes -0.046 (negligible)
ED vs AD Mann-Whitney U 17622154.00 < 0.001 Yes 0.085 (negligible)

Freeway
B vs ED Mann-Whitney U 14846336.00 < 0.001 Yes -0.086 (negligible)
B vs AD Mann-Whitney U 17113434.00 < 0.001 Yes 0.053 (negligible)
ED vs AD Mann-Whitney U 18578926.00 < 0.001 Yes 0.144 (negligible)

Seaquest
B vs ED Mann-Whitney U 15140018.00 < 0.001 Yes -0.068 (negligible)
B vs AD Mann-Whitney U 15400380.00 < 0.001 Yes -0.052 (negligible)
ED vs AD Mann-Whitney U 16524686.00 0.111 No 0.017 (negligible)

Space Invaders
B vs ED Mann-Whitney U 11464778.00 < 0.001 Yes -0.294 (small)
B vs AD Mann-Whitney U 16487422.00 0.168 No 0.015 (negligible)
ED vs AD Mann-Whitney U 21284010.00 < 0.001 Yes 0.310 (small)

which are normalized as

Ãt =
Ât − Ê

[
Ât

]
√

V ar(Ât) + 10−8
.

Value targets are calculated as
R̂t = Ât + Vθold(st),

and the importance ratio is
rt(θ) = exp(log πθ(at|st) − log πθold(at|st)).

The first component of the loss, the clipped actor loss (with the clipping parameter ϵ), is

LCLIP(θ) = −Êt

[
min(rt(θ)Ãt, clip(rt(θ), 1 − ϵ, 1 + ϵ)Ãt

]
.

The second component, the clipped value loss, which shares the clipping parameter ϵ, makes use of clipped
value estimates given as

V clip
θ (st) = Vθold(st) + clip(Vθ(st) − Vθold(st), −ϵ, ϵ),

and the clipped value loss can then be written as

LV(θ) = 1
2 Ê

[
max((Vθ(st) − R̂t)2, (V clip

θ (st) − R̂t)2)
]
.

Furthermore, the third component of the loss is the action entropy term, given as

H(θ) = Êt[H(πθ(·|st)]. (1)

The last term, the proximal feature optimization term, is given as

LPFO(θ) = Êt

[
∥ϕθ(st) − ϕθold(st)∥2

2

]
,

where ∥a∥2
2 denotes the sum of squares of the components of the vector a. Finally, the complete optimization

objective function becomes

L(θ) = LCLIP(θ) + cVLV(θ) + cEH(θ) + cPFOLPFO(θ). (2)

In Table 6, we list all hyperparameters used in our implementation.
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Table 6: Hyperparameters of our PPO implementation.

Hyperparameter Role Value

Transitions Number of total training transitions 200,000,000†

Batch size Batch size of experiences 4096
Steps Number of transitions per environment in the data collection 128
Epochs Number of epochs passing through collected data 3
Parallel environments Number of environments in parallel during data collection 4096
Learning rate Adam learning rate 3 · 10−4

β1 Adam first moment factor 0.9
β2 Adam second moment factor 0.999
ϵAdam Constant added to the denominator of Adam update rule 10−8

Max grad norm Maximum norm of gradient 0.5
cV Value loss coefficient 0.5
cE Entropy coefficient 0.01
cPFO PFO coefficient 1.0
λ GAE λ 0.95
ϵ Clipping parameter 0.2

†In Space Invaders, we set the number of total transitions to 50,000,000, because of exceeding evaluation times.
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