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Abstract

There is a wide availability of Reinforcement Learning baseline frameworks, all of
which are motivated by specific design choices. They contain easy-to-use state-of-the-art
implementations of Reinforcement Learning algorithms. They serve as a consistent and
reliable base for algorithm use and development. It is expected that the results produced
by these implementations across different baseline frameworks remain consistent under
the same setting.

However, due to the rapid development of these algorithms and baseline frameworks,
combined with the emphasis on the reproducibility crisis in Reinforcement Learning, we
question the consistency of the performance of these implementations across different
baseline frameworks.

We will be comparing three common algorithms among three baseline frameworks to
see whether the results remain consistent in similar settings. In this work, we thoroughly
analyze these implementations on the code level and expose their differences. Further-
more, we address whether implementations are able to match the results of the original
algorithms. Additionally, we investigate the consistency of the results obtained from im-
plementations across different baseline frameworks. Lastly, we will compare the relative
ranking of implementations and evaluate their preservation across baseline frameworks.

Our results show that the implementations of algorithms by baseline frameworks can
match the performance of the original algorithms. However, code-level details among
implementations may lead to significantly different performance under the same hy-
perparameter configuration. The relative ranking of implementations remains mostly
preserved across baseline frameworks. This does not hold when comparing implementa-
tions using the default hyperparameters provided by that framework.

This work sheds light on a relatively new problem in the topic of RL reproducibility,
showing how code-level details may cause two algorithm implementations to signifi-
cantly differ from one another. We suggest reporting all hyperparameters, implemen-
tation details, and the source of the implementation to ensure reliable and consistent
reproduction.
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1 Introduction

Setting Deep Reinforcement Learning (DRL) focuses on Reinforcement Learning using neu-
ral networks. Since the rise of DRL, there have been numerous algorithms (Mnih et al., 2013;
Lillicrap et al., 2015; Fujimoto et al., 2018; Haarnoja et al., 2018, 2019; Schulman et al.,
2015a, 2017) designed and published. These publications often show how their newly designed
algorithm performs differently from other algorithms. Researchers have published repositories
(Raffin et al., 2021; Bou et al., 2023; Huang et al., 2022b; Weng et al., 2022a; Hoffman et al.,
2020; Castro et al., 2018) with a collection of these DRL algorithms as a way to establish
accurate and consistent baselines. Furthermore, they provide a way for consistent reproduction
and easy application of state-of-the-art algorithms.

As of today, there exist dozens of baseline frameworks (Raffin et al., 2021; Bou et al., 2023;
Huang et al., 2022b; Weng et al., 2022a; Hoffman et al., 2020; Castro et al., 2018; Guadar-
rama et al., 2018; Fujita et al., 2021a; Liang et al., 2018; Plappert, 2016) with a subset of
replicated DRL algorithms. The reason for this large collection of baseline frameworks stems
from their motivation: from focusing on a specific subset of DRL algorithms, to specific envi-
ronment support, research-friendly usability, educationally written implementations, accessible
prototyping of new algorithms, support of a specific machine learning backend, or large-scale
deployment. The wide availability of baseline frameworks ensures there is one that matches
each individual’s requirements.

Of course, the expectation is that all algorithms, regardless of the origin of the baseline frame-
work, perform similarly in the same environment using the same hyperparameter configuration.
This is important since it establishes a universal ground truth defined by the algorithm, hyper-
parameters, and environment. The choice of a baseline framework is based solely on its design
principles rather than its performance.

Problem However, with the many baseline frameworks published recently, we question the
consistency of the performance of algorithm implementations across different baseline frame-
works. A comparison of a novel algorithm to algorithm implementations that differ in per-
formance across one another produces only relative results. This makes it challenging for
researchers to find out whether an improvement found in a novel algorithm is legitimate.
Without a common ground truth, every comparison between algorithms is relative. This can
become a major problem, since many papers that introduce novel algorithms (Schulman et al.,
2017; Haarnoja et al., 2018, 2019; Fujimoto et al., 2018) typically rely on, re-implement, or
fine-tune algorithm implementations from the baseline repositories as a way to compare the
difference in performance.

The reproducibility of the published results has become increasingly difficult in the RL research
community (Henderson et al., 2018; Baker, 2016). Earlier research emphasized the importance
of reporting all implementation details, hyperparameters, and statistics used within works
(Henderson et al., 2018; Islam et al., 2017). While some baseline frameworks are specifically
praised for their complete documentation (Raffin et al., 2021; Bou et al., 2023), they do not
adapt this. Given the different motivations behind these baseline frameworks, and the lack of
documentation of implementation details that may critically affect the performance, we ques-
tion the performance consistency of the algorithms implemented across baseline frameworks.
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Figure 1: All variable dimensions that can be explored in this work that confirm con-
sistency across frameworks. Each implementation should match the published algorithm
results. Furthermore, implementations of the same algorithm under the same hyperparam-
eter configuration should perform consistently. The relative ranking of algorithms across
frameworks should similarly be consistent.

Earlier work by Hundal et al. (2025) has addressed the interchangeability of PPO implemen-
tations by different baseline frameworks. They applied PPO with the original hyperparameter
configuration on 56 environments and found varying ratios of superhuman performance across
implementations. They claim that code-level differences are responsible for inconsistencies in
performance, but lack depth in their analysis. Our work covers three algorithms across three
baseline frameworks using multiple hyperparameter configurations and a limited set of envi-
ronments. This also allows us to expose the impact of the relative ranking of implementations’
performances. Furthermore, we thoroughly analyze implementations and expose code-level
differences.

Contribution In this work, we will address the comparability of implementations across
multiple baseline frameworks. Figure 1 conceptually summarizes our work. We will look at code-
level differences between implementations and how they may cause performance differences.
Furthermore, we will be answering three research questions.

RQ1: Are implementations of algorithms in baseline repositories able to match the results
published by original papers?
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Research question RQ1 focuses on the reproducibility of the original results of the implemen-
tations. This soundness check ensures that the implementations are replicas of the original
algorithms. We will apply the hyperparameter configuration provided by the original paper
to the implementations as closely as possible. We do not expect any significant differences
between the results reported in the original algorithm paper and those of the implementations.

RQ2: How consistent are the results obtained from implementations of algorithms across
baseline repositories?

Research question RQ2 focuses on the comparability of implementations across different base-
line frameworks. This reveals whether implementation details may lead to significantly different
results. We will evaluate each algorithm implementation across the default hyperparameter
configuration given by each baseline framework. By not focusing on a single hyperparameter
configuration, we avoid the risk of using an implementation-specific, biased hyperparameter
configuration. We expect that the implementation details of algorithms could result in distinctly
different results.

RQ3: How is the relative ranking of algorithms by a single baseline framework preserved
against other baseline frameworks?

Research question RQ3 focuses on the preservation of the ranking of algorithm results across
different baseline frameworks. Although individual algorithms might show divergent results
compared to each other, it could still mean that the relative ranking of algorithms across
baseline frameworks is preserved. If this is not the case, the impact of implementation details
is so severe that different algorithms outperform each other. This may create a bias towards
using a specific algorithm of a baseline framework in experimentation. We follow a similar
methodology as RQ2, but instead compare the results of all implementations under the same
default hyperparameter configurations for each algorithm. We expect that such high-level
inconsistencies will not appear.

Results Our results highlight some of the code-level inconsistencies found among PPO
(Schulman et al., 2017), TD3 (Fujimoto et al., 2018), and SAC (Haarnoja et al., 2018)
implementations. These differences are often intended to stabilize training. Some of these
differences reflect incorrect methodology or adaptations of the formulas introduced by the
original papers. We can state that the implementations largely match the results published
by the original papers. However, we observed inconsistent results across implementations.
Implementation details and the way we aligned hyperparameters may help clarify some of
these differences. This can result in bias and an inconsistent ground truth for the performance
of an implementation under a specific hyperparameter configuration. Additionally, we saw that
the relative ranking of the algorithms is mostly preserved. There are several experiments in
which the magnitude of the differences varies, making some algorithms perform similarly in one
experiment and differently in others. This does not apply to ’out-of-the-box’ experimentation,
where vastly different results emerge between framework-specific implementations of the same
algorithms.

Structure This work is structured as follows. First, we review the related work in Section
2, discussing the reproducibility crisis and differential testing. Next, we describe the notation,
engineering tricks, baseline frameworks, algorithms, and environments in Section 3. We then
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describe our experiments in Section 4. We show a thorough code-level analysis in 5 and our
results in Section 6. We conclude this work with a discussion in Section 7, where we highlight
limitations, possible future extensions, and draw conclusions to this work.

2 Related Work

This work addresses the consistency among baseline frameworks. To get an overview of the
current situation, we will discuss the reproducibility challenge in DRL. Furthermore, we will
address works related to differential testing in DRL.

Reproducibility Reproducibility in Machine Learning is the property of being able to get
similar results as presented in the research through a similar methodology. However, repro-
ducibility has become a problem for both other researchers and the original authors (Baker,
2016; Henderson et al., 2018). Especially in Reinforcement Learning, issues such as non-
determinism contribute to the difficulty of reproducibility (Nagarajan et al., 2019; Semmelrock
et al., 2023). Additionally, due to work-in-progress code bases or to maintain a competitive
advantage, code is not always published. This creates challenges for reproduction, as papers of-
ten use concise pseudocode and omit algorithmic details (Hutson, 2018). Furthermore, Pineau
et al. (2021a) and Pineau et al. (2021b) categorize three problems that arise when addressing
reproducibility: insufficient hyperparameter exploration, lack of documentation (code, data,
methodology) for the published results (Gundersen and Kjensmo, 2018), and omission of, bi-
ased, or selective statistical analysis (Forde and Paganini, 2019; Henderson et al., 2018).

Regarding hyperparameter exploration, Melis et al. (2017) denotes that since the widespread
use of neural networks, the deviations in the performance of old algorithms compared to
new algorithms are getting smaller. Their work shows that well-established algorithms show
performance comparable to more recent algorithms when hyperparameter optimization is ap-
plied. They want to emphasize that the methodology of newer algorithms must be explained
thoroughly. Earlier work has shown that replication may yield diverse results due to omitted
implementation details Tucker et al. (2018).

Similarly, Henderson et al. (2018) argues that the hyperparameter configuration used within
the new implementation should match the configuration of the original performance. They
emphasize that the results of the implementation should match the original algorithm. Islam
et al. (2017) sees varying performance when altering key hyperparameters. They observe that
baseline comparisons are highly dependent on the chosen hyperparameter configuration. They
advise sticking with a well-working or close-to-optimal set of hyperparameters.We stick to the
hyperparameters provided by the baseline framework implementations, under the assumption
that they generally perform well across tasks.

It is important to sufficiently repeat experiments to draw conclusions on differences in per-
formance between two algorithms, since experiments may exhibit high variance. For example,
Colas et al. (2018) states that a minimum of 20 repetitions is needed, along with a tight statis-
tical significance level, to achieve a rational false-positive rate when using the bootstrap test.
Furthermore, both Henderson et al. (2018) and Islam et al. (2017) denote how two subsets of
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results from the same experiment produce very different performance distributions. In addition
to indicating the average return and standard deviation of all experiments, they also highlight
the importance of reporting the number of repetitions. We make use of 5 repetitions, which
is considered low, but sufficient to summarize performance. This is due to computational con-
straints. Furthermore, we report both the evaluation averages and 95% confidence intervals at
the end of training and during training in the form of learning curves, which indicate stability,
in line with the key observations in Machado et al. (2018).

Lastly, in line with the work of Melis et al. (2017), Henderson et al. (2018), and Islam et al.
(2017), it is important not only to report all hyperparameters used but also all implementation
details and experimental setup, together with the evaluation method used. The latter is of
importance, as more researchers only publish the top-N repetitions, such as Wu et al. (2017).
Additionally, Khetarpal et al. (2018) illustrates how an evaluation pipeline might look for a
fair and consistent evaluation through shared metrics. We apply a greedy evaluation on a fixed
number of episodes and report the average return, 95% confidence interval, and the number
of repetitions when reporting these metrics.

Even the selection of environments used to evaluate the algorithms may include bias. Henderson
et al. (2018) argues that stability and desired behavior are factors that could lead to favorable
results. Similarly, Islam et al. (2017) highlights the performance sensitivity of algorithms with
optimized hyperparameters when comparing HalfCheetah-v1 and Hopper-v1 environments.
Some environments are generally easier and therefore yield good performance across many
hyperparameter configurations. Other environments are notoriously more difficult, requiring
an algorithm with optimized hyperparameters to yield good performance. In this work, we
consider multiple environments to overcome this bias.

Differential testing Differential testing is a method originally used to detect potential
bugs in software. It is a method of testing two or more implementations of the same function
or algorithm against the same input. This can expose deviations in output, which can reveal
if a bug or a different methodology is involved.

The work of Dai et al. (2022) performed a form of differential testing between the machine
learning backends TensorFlow and PyTorch with respect to GPU computation time and per-
formance. They note that the performance of similar implementations using TensorFlow or
PyTorch is relatively similar. In contrast, the work of Novac et al. (2022) notes how differ-
ences between TensorFlow and PyTorch may occur, but they highlight that the study is limited
in scope. A similar study was conducted when PyTorch was utilized in Stable Baselines 3, in
contrast to TensorFlow in Stable Baselines 2. #48 shows that the performance of A2C (Mnih
et al., 2016) differs between implementations by Stable Baselines 2 and Stable Baselines 3
across some environments.

Similar to this work, the work of Nouwou Mindom et al. (2023) compares baseline frameworks
in the context of software engineering and applications. They show that implementations
across baseline frameworks may already differ in performance. They argue that this is due to
hyperparameter availability: the more hyperparameters a baseline framework algorithm offers,
the more options for optimization can be utilized. In line with this, the work of Andrychowicz
et al. (2021) shows how impactful implementation and hyperparameter-value differences are.
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There are not many studies that compare baseline frameworks. The work of Hundal et al.
(2025) is most related to this work. They observe that researchers often assume that differ-
ences in results are negligible and, as a result, assume that implementations of algorithms
are interchangeable. However, as shown by Engstrom et al. (2019), small differences in the
implementation of an algorithm can produce different results. Therefore, Hundal et al. (2025)
questioned the interchangeability of PPO implementations by applying the original hyperpa-
rameter configuration to PPO implementations by five baseline frameworks. They used 56
environments of the ALE (Bellemare et al., 2013) suite. They found that there is a sig-
nificant difference in the ratio of environments where superhuman performance is achieved.
Specifically, SB3 (Raffin et al., 2021), CleanRL (Huang et al., 2022b), and OpenAI Baselines
(Dhariwal et al., 2017) showed superhuman performance in 50% of the experiments, while
RLLib (Liang et al., 2018) and Tianshou (Weng et al., 2022a) showed superhuman perfor-
mance in less than 15% of the experiments. Furthermore, they highlight that the difference
in the three well-performing implementations derives from implementation details. From their
observations, they conclude that implementations across different baseline frameworks are not
interchangeable. Although similar, our work extends upon Hundal et al. (2025) by experiment-
ing with multiple algorithms (on a smaller selection of baseline frameworks) and multiple sets
of hyperparameters, the use of a widely used environment suite, a more in-depth analysis of
code-level differences, and an overview of how these inconsistencies may affect the relative
performance of algorithms.

3 Preliminaries

In this section, we will first go over the notation used within this work, including engineering
tricks applied in algorithm implementations. Furthermore, we will then address baseline frame-
works, and highlight which frameworks we will use within this work. Additionally, we describe
the algorithms used within this work. Finally, we will cover details of the environment suite
used within this work.

3.1 Notation

Reinforcement Learning (RL) is a part of Machine Learning (ML) that deals with sequential
decision-making tasks in the form of a Markov Decision Process (MDP) (Puterman, 1994).
We denote an MDP as a 6-tuple {S,A, P, r, p0, γ}, denoting the state space s ∈ S, action
space a ∈ A, transition function P : S × A → p(S), reward function r : S × A × S → R,
initial state distribution p0 : S → R, and discount factor γ ∈ (0, 1). We define a trace as
τ := {s0, a0, r0, s1, a1, r1, s2, . . . , sT}, where T is the final timestep of the trace, satisfying a
terminal or truncation condition. The cumulative discounted reward from timestep t is defined
as Gt(τ) :=

∑T
i=t γ

i−tri. We denote the return as Rt := G0.

Reinforcement learning aims to maximize the objective J(θ) = Eτ∼pπθ (τ)
[R(τ)], where pπθ

(τ) =

p0(s0)
∏T−1

t=0 πθ(at|st)P (st+1|st, at) is the distribution of traces under policy πθ. A parameter-
ized policy πθ : S → A yields a conditional distribution over A, which is categorical for
discrete A and a Gaussian distribution N with mean µθ(s) and standard deviation σ2

θ(s) for
continuous A. Additionally, we denote the parameterized expected state-value function as
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V ϕ(s) := Eτt∼p(τt)[
∑T

i=0 γ
irt+i|st = s], the parameterized expected state-action value func-

tion (the Q-function) as Qϕ(s, a) := Eτt∼p(τt)[
∑T

i=0 γ
irt+i|st = s, at = a], the advantage

function as Aϕ
t (s

,
tat) = Qϕ(st, at)−V ϕ(st), and the entropy regularization (Mnih et al., 2016;

Shannon, 1948) definition as H(πθ(·|s)) := Ea∼πθ(a|s)[− log πθ(a|s)].

We are working with multiple algorithms and multiple hyperparameter configurations. To
denote that we use, for instance, PPO from a specific framework, we use PPOFW , where
FW denotes the framework. Similarly, to denote a hyperparameter configuration from a spe-
cific framework, we use HFW . As an example, we denote SB3’s PPO implementation using
CleanRL’s default hyperparameter configuration as PPOSB3(HCleanRL), implicitly denoting that
HCleanRL refers to the PPO hyperparameters of said algorithm.

All notation used in this work can be found in Appendix A.

3.2 Engineering tricks

We will introduce some engineering tricks used within algorithm implementations beyond the
pseudocode provided by the original papers.

Orthogonal initialization Orthogonal initialization initializes the weights of a neural
network as orthogonal vectors. A scale factor adjusts the magnitude of the weights. A bias
vector may be included to avoid dead neurons. Orthogonal initialization can be used to give
the model a biased, positively influenced head-start on learning. Engstrom et al. (2019) has
shown that orthogonal initialization has beneficial effects for training over other initialization
methods.

Actionspace enforcement To ensure ai ∈ Ai, i ∈ {0, 1, . . . , dimA− 1}, we define sev-
eral functions for this purpose. Suppose actionspace bounds [Ai,low,Ai,high] for each dimension
i of A. There are two approaches to enforce ai ∈ [Ai,low,Ai,high] for all dimensions i of A. The
first method is hard clipping via clip(ai,Ai,low,Ai,high) = min(max(ai,Ai,low),Ai,high).
The second method is applying the hyperbolic tangent function tanh to enforce
ai ∈ [−1, 1], and then proportionally unscale to meet the actionspace boundaries via

unscale(ai) = Ai,low + 1
2
(ai + 1)(Ai,high −Ai,low). Scaling via scale(ai) = 2

ai−Ai,low

Ai,high−Ai,low
− 1 or

unscaling are auxiliary functions that do not directly enforce action space boundaries. Both
methods can work with an asymmetric A. See Appendix C.3 for an experiment illustrating
how these two methods may produce differences throughout training.

Minibatches Minibatches are a way to split the training data of a large batch into smaller
batches. Off-policy methods use a replay buffer containing past experiences. When updating,
uniform sampling is done over the replay buffer to make sure the batch is decorrelated. On-
policy methods directly use gathered experiences. They sample replacement to create smaller
minibatches. All samples of a batch are used by an on-policy method.

Generalized Advantage Estimation The bias-variance trade-off refers to how returns
are estimated. REINFORCE (Williams, 1992) uses a full Monte Carlo rollout, which produces
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low bias but high variance. Temporal Difference learning, such as TD(1), reduces variance by
utilizing a value function, at the cost of introducing bias. To balance this trade-off, Schulman
et al. (2015b) proposed Generalized Advantage Estimation (GAE).

Suppose performance measure Ψt = Ât(st, at) = Q(st, at)− V (st). Schulman et al. (2015b)
proposes an estimation for Qπ(s, a) to use variable-horizon exponentially-weighted Temporal

Difference (TD) estimations. Advantage estimation for TD(1) is calculated as Â
(1)
t := δt =

rt + γV ϕ(st+1) − V (st). This can be generalized for a TD(n) horizon: Â
(n)
t = δt + γδt+1 +

γ2δt+2+· · ·+γn−1δt+n−1 =
∑n−1

i=0 γiδt+i. GAE is the weighted summation of these advantages,
formulated as

ÂGAE
t := (1− λ)(Â

(1)
t + λÂ

(2)
t + λ2Â

(3)
t + . . . ) =

∞∑
l=0

(γλ)lδt+l (1)

It introduces a new hyperparameter λ ∈ (0, 1], which controls the bias-variance trade-off.
The closer to 0, the higher the variance. Andrychowicz et al. (2021) saw improvement of
performance using GAE over n-step returns.

To make sure that advantages are calculated sequentially but not across episodes, an identity
condition is added, such that the definition of δt becomes

δt =

{
rt + γ · V ϕ(st+1)− V ϕ(st) if st+1 ̸= sT

rt − V ϕ(st) otherwise
(2)

The correct calculation of δt should ensure that st = ST is only true for terminal sT , such that
proper bootstrapping is still done for states where a truncation condition is satisfied.

Truncation handling Truncation is a condition that ends an episode via non-terminal
conditions, such as time limits or constraints. The last observed state s′ is not terminal, and
thus its state-value must be properly estimated.
The difference between bootstrapping and not bootstrapping yield δt = rt + γV ϕ(sT+1) −
V ϕ(sT ) and δ′t = rt − V ϕ(sT ), respectively. The non-stationarity of the expected state-value
function will produce a bimodal action distribution. This results in sub-optimal policies, because
the mean of a bimodal action distribution lies between two disjoint regions. It is said not to
affect training much (Huang et al., 2022b). This is because the effects of improper bootstrap-
ping often only occur when the agent is well-performing and fulfills a time-limit truncation
condition. However, Pardo et al. (2017) illustrates how this leads to unstable learning and
suboptimal policies.

Hyperparameter annealing Hyperparameter annealing is often done to stabilize train-
ing. Linear annealing is done by multiplying the initial hyperparameter value by the 1 − t

T
,

the proportion of timesteps remaining given total training timesteps T . This is often applied
to impactful hyperparameters, such as the learning rate. This may yield positive results (En-
gstrom et al., 2019), although the benefits are empirically shown to be small (Andrychowicz
et al., 2021).
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Advantage normalization Advantage normalization refers to rescaling the advantages
for a batch of experiences such that they have a mean of 0 and unit variance. This stabilizes
training and may improve learning speed. Given advantage estimates in a batch B as {Â}Â∈B,
normalization is done via

Â′ ←
Â− µ({Â}Â∈B)

σ({Â}Â∈B) + 10−8
(3)

Network update ratios The network update ratio is the ratio of environment interactions
to the number of gradient steps that follow. A gradient step may use a batch of samples per
update. A ratio of 1:1 refers to one environment interaction to one gradient step. This causes
stable learning at the cost of learning speed. A ratio of 1000:1000 is more data-efficient and
faster, but may destabilize training. Skewed ratios (e.g., 2:1) delay network updates while
performing fewer gradient steps overall.

Polyak averaging Polyak averaging (Polyak, 1964) is used to incorporate slow updates
of the target networks. Polyak averaging is performed via θ′ ← τpθ + (1 − τp)θ

′, for network
parameters θ, target network parameters θ′. A hyperparameter τp ∈ [0, 1], whose value is
typically very small, controls the weight of the averaging between the two network parameters.

Standard deviation control To ensure stability and exploration, the value log σ2
θ(s)

retrieved from a policy network may be bounded to a domain [log σ2
θ,min, log σ2

θ,max]. Preventing
log σ2

θ(s) from becoming too small maintains exploration, while preventing it from becoming
too large ensures stability.

3.3 Baseline Frameworks

A baseline framework is a collection of RL algorithm implementations, specifically designed
for easy use, and often labeled reliable, well-documented, and consistent. Algorithms in this
set can be utilized as baselines, allowing for easy reproduction, and providing a way to design
new algorithms. It is thus important that the baseline used in these scenarios is clear and that
any changes in expected behavior are properly traced back.

There are many (Hoffman et al., 2020; Kolesnikov, 2018; Huang et al., 2022b; Caspi et al.,
2017; Niu et al., 2021; Fujita et al., 2021a; Dhariwal et al., 2017; D’Eramo et al., 2021;
Plappert, 2016; Zheqing Zhu, 2023; Hill et al., 2018; Bou et al., 2023; Raffin et al., 2021;
Weng et al., 2022a) baseline frameworks, all with their own motivation for development.
Some baseline frameworks aim to educate the user through simplified and well-documented
code bases (Huang et al., 2022b; Achiam, 2018). Other baseline frameworks aim for ease
of use and adaptable algorithms via a wide variety of modular building blocks (Dhariwal
et al., 2017; Hill et al., 2018; Raffin et al., 2021; Kuhnle et al., 2017; Zheqing Zhu, 2023;
Liu et al., 2021a; Hoffman et al., 2020; Niu et al., 2021; garage contributors, 2019; Stooke
and Abbeel, 2019; Guadarrama et al., 2018; Fujita et al., 2021b; D’Eramo et al., 2021; Bou
et al., 2023; Weng et al., 2022a). Baseline frameworks may arise on the basis of offering
large-scale experimentation via distribution methods (Liang et al., 2018; Zhi et al., 2020;
Fan et al., 2018; Hoffman et al., 2020; Kolesnikov, 2018; Küttler et al., 2019; Nota, 2020),
and some baseline frameworks support a wide variety of algorithms and/or environments
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Figure 2: A Venn diagram showing the different machine learning backends used in a set
of baseline frameworks. Some frameworks are built around a specific machine learning
backend.

(Ring, 2018; Lanctot et al., 2020; Zheng et al., 2017; Niu et al., 2021). There are large
differences in the support for machine learning backends in frameworks, as seen in Figure
2. Older frameworks used TensorFlow (TF) (Abadi et al., 2016) as a deep learning back-
end, but this has gradually shifted to PyTorch (Paszke et al., 2019). Currently, integration
with the backend JAX (Bradbury et al., 2018) is gaining popularity due to its fast computation.

Educational implementations focus on readable codebases and often contain single-file
standalone implementations. They are generally well-documented, and their main purpose is
to expose the core mechanism of the algorithms to the user. This is done by highlighting what
is necessary and omitting optimization or engineering tricks. Furthermore, these frameworks
serve to extend existing algorithms, either by improving them or developing novel algorithms.
This is easily accomplished because of their exposed, easily understandable, non-modular
design. Examples of such baseline frameworks are SpinningUp (Achiam, 2018) and CleanRL
(Huang et al., 2022b). Another benefit of compact implementations is comprehensibility. It
allows for quick usage and enables rapid prototyping, as seen in Dopamine (Castro et al.,
2018), or it may contribute to research-friendly building blocks, as seen in MushroomRL
(D’Eramo et al., 2021).

Some baseline frameworks focus on the accessibility of adjustments that can be made to the al-
gorithm. The architecture of such baseline frameworks often holds a modular design. Each part
of the algorithm — the agent and the experimental loop — may be pre-built or constructed
by the user via flexible class objects. Due to this flexibility, these baseline frameworks are
often optimized and provide access to commonly used engineering tricks. Baseline frameworks
such as OpenAI Baselines (Dhariwal et al., 2017), Stable Baselines (Hill et al., 2018), Stable
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Baselines 3 (Raffin et al., 2021), TensorForce (Kuhnle et al., 2017), PEARL (Zheqing Zhu,
2023), ElegantRL (Liu et al., 2021a), and acme (Hoffman et al., 2020) have predefined agents
and include an experimentation loop in the form of a complete class. Using these algorithms
requires only a few lines of code. Their modular design makes it easy to read and adjust.
Therefore, using an algorithm as a baseline does not require expert knowledge. Frameworks
such as DI-engine (Niu et al., 2021), (garage contributors, 2019), rlpyt (Stooke and Abbeel,
2019), TF-Agents (Guadarrama et al., 2018), PFRL (Fujita et al., 2021b), MushroomRL
(D’Eramo et al., 2021), and TorchRL (Bou et al., 2023) use a more modular approach,
offering pre-made building blocks to design the agent and/or algorithm. Tianshou (Weng
et al., 2022a) offers high- and low-level implementations of state-of-the-art baseline algorithms.

For large-scale experimentation and production-level workloads, several frameworks are aimed
at supporting distributed RL. The frameworks’ focus often relies on optimization of code
and throughput via distribution methods, including multi-CPU, GPU, or support for multiple
nodes. The use of these frameworks is often simple and accessible to the user via high-level
abstractions. The user is discouraged from diving into the code base due to its complexity.
Examples of these frameworks are RLLib (Liang et al., 2018), Fiber (Zhi et al., 2020),
SURREAL (Fan et al., 2018), acme (Hoffman et al., 2020), Catalyst (Kolesnikov, 2018), and
TorchBeast (Küttler et al., 2019). The term ’large-scale’ can also apply to SLURM jobs, such
supported by autonomous-learning-library (Nota, 2020).

Some frameworks were designed around specific niches. SLMLab (Keng and Graesser,
2017), as one of the first DRL baseline frameworks, focused on full accessibility, including
parallelization and hyperparameter optimization. Furthermore, Arena (Wang et al., 2019)
and MAgent (Zheng et al., 2017) are platforms that enable multi-agent RL algorithms.
Additionally, the support for a smaller, more complex set of environments is provided in
frameworks such as reaver (Ring, 2018), OpenSpiel (Lanctot et al., 2020), and ELF (Tian
et al., 2017). Lastly, some frameworks are motivated by their support for a specific machine
learning backend, such as coach (Caspi et al., 2017), ChainerRL (Fujita et al., 2021a), Stable
Baselines JAX (Raffin et al., 2021), and KerasRL (Plappert, 2016).

Many frameworks are no longer supported. Furthermore, new baseline frameworks have been
developed on top of older frameworks, which makes the predecessor irrelevant. Figure 3 shows
the timeline of when these baselines were released until they were last updated. In this work,
we will focus on three baseline frameworks. They are chosen based on their impact on the
literature, as can be seen in Table 1. The frameworks are maintained and differ from each
other in terms of motivation and design. Furthermore, each of the frameworks should support
an overlapping set of algorithms, for which a subselection can be seen in Table 2. Based on
these specifications and the frameworks’ design structures, our experiments focused on Stable
Baselines 3, CleanRL, and TorchRL.

3.3.1 Stable Baselines 3

Stable Baselines 3 (SB3) (Raffin et al., 2021) is a baseline framework that focuses on
accessibility and reliability by finding a balance between modularity and educability. The
predecessor of SB3 is Stable Baselines 2 (Hill et al., 2018), with the main difference being
the complete rewrite to use PyTorch as opposed to TensorFlow, to improve understandability.
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Figure 3: A timeline of baseline frameworks in terms of first release and last update.
Shaded areas up to now are frameworks that are still regarded as maintained.

Framework Citations Stars Contributors Issues PR Forks
Stable Baselines 3 2884 10100 167 55/1461 18/544 1800
CleanRL 340 6500 47 52/141 25/279 719
TorchRL 42 2600 166 174/498 88/2056 347
RLLib 1150
Tianshou 253 8300 86 145/614 5/447 1100
acme 275 3600 66 63/205 12/43 455
OpenSpiel 305 4400 182 22/548 14/709 970
DI-Engine 3300 53 6/210 13/589 395
PEARL 6 2800 17 13/48 0/48 179

Table 1: Impact of baseline frameworks. Citations refer to the citations of the paper pub-
lished along with the framework. Stars, contributors, issues (open/closed), Pull requests
(PRs) (open/closed), and forks refer to the GitHub of this framework. RLLib is part of
the Ray repository, making GitHub statistics disproportionate. DI-Engine has no paper
revolving around the framework specifically.

A comparative study is performed to see whether SB3 and SB2 match performance, in which
they conclude that they are relatively equal. Additionally, there exists a proof-of-concept
version of Stable Baselines 3 in JAX.

The library is high-level and concise, and only considers algorithms that are easy to use and
maintain. This results in a small collection of state-of-the-art single-agent and model-free
algorithms. However, acknowledging that this collection is compact, Stable Baselines 3
Contrib allows externally implemented algorithms that fall out of the design principles of
Stable Baselines 3. The code base is fully documented and type-hinted, as the authors
aim for readability and modifiability. Furthermore, it has a simple-to-use API that provides
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Algorithm SB3 CleanRL TorchRL Tianshou acme DI-engine PEARL

DDPG ! ! ! ! # ! !

DQN ! ! ! ! ! ! !

PPO ! ! ! ! ! ! !

SAC ! ! ! ! ! ! !

A2C ! # ! ! # ! #

TD3 ! ! ! ! ! ! !

Table 2: State-of-the-art algorithms implemented by maintained impactful frameworks.

complete agents, along with network initialization (with options for feature extraction) and
an experimentation loop. Plug-and-play usage is supported for all environments implemented
in the Gymnasium environment framework. Additionally, Raffin (2020) provides pretrained
agents trained in PyBullet environments, along with training, evaluation, hyperparameter
tuning, and visualization options.

The algorithms provided by Stable Baselines 3 are often utilized within studies where the
task is aligns with the structure of the Gymnasium framework, such as the works of Schäfer
et al. (2024); Liu et al. (2021b); Lu (2023); Zhang et al. (2021). Other works have focused on
comparing algorithms of Stable Baselines 3 on a single task, such as the works of De La Fuente
and Guerra (2024); Silvestri et al. (2023); Babic (2024). The work of Wolk et al. (2022)
focuses on a single task, but uses PPO methodologies from both SB3 and RLLib (Liang
et al., 2018) interchangeably. Furthermore, the work of Benad et al. (2025) shows comparable
performance between CleanRL and SB3 algorithms. Lastly, the paper by Young and Pugeault
(2024) explores improving robustness by using SB3 methods. Overall, the fact that SB3 can
be quickly deployed for experimentation makes it an appealing baseline framework to use.

3.3.2 CleanRL

Like SpinningUp (Achiam, 2018), CleanRL (Huang et al., 2022b) is designed to provide
educational value. Instead of focusing on modular building blocks or single-class agents, it
focuses on single-file implementations. Files are isolated for different algorithms, machine
learning backends, action spaces, and environment suites. Overall, this helps the user
understand the implementation at the cost of code duplication and maintenance. However,
this design allows for quick debugging when designing novel algorithms. The educational
value, along with easy access to algorithm development, is the core motivation of CleanRL.

Along with a wide variety of algorithm implementations, Huang et al. (2022b) also allows
for extensive logging and visualizations by Weights and Biases (Biewald, 2020), and offers
advanced modules for task-general hyperparameter optimization capabilities. Furthermore, it
supports cloud integration via Amazon Web Services (AWS) for large-scale experimentation.

The motivation for the usage of CleanRL varies; it is driven by their high throughput, acces-
sibility, and readability (Wan et al., 2023), integration with the Atari Learning Environment
suite (ALE) (Bellemare et al., 2013), and the ability to easily adapt neural networks (Schiller,
2023). Furthermore, Suarez et al. (2023) shows that CleanRL has proven itself to be useful
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in complex multi-agent environment settings by the overarching framework PufferLib (Suarez,
2024). Lastly, in the work by Huang et al. (2023), CleanRL is effective as the foundation of a
framework that allows distributed methods. Although these works show high diversity in the
use of CleanRL, its general use case is to be the foundation for new methodologies.

3.3.3 TorchRL

TorchRL (Bou et al., 2023) is a highly modular baseline framework, built on the motivation
of full incorporation of the PyTorch machine learning framework and minimal other depen-
dencies. It has been observed that there is a trade-off between offering functionality and
complying with their restrictions. This ultimately affects the reusability of code. The idea
that modular components can be reused, without too many usage restrictions, both enhances
user experience and allows for easy experimentation. Through their concurrently introduced
TensorDict data structure, they enable a new form of communication between components.

TorchRL offers a wide selection of modular components, such as network initialization, action
selection, actors, critics, entropy regularization, loss functions, data collectors, environment
setups, and replay buffers. The experimentation loop is not included within this modularity
and must be defined externally. Although state-of-the-art example algorithms are provided,
designing new algorithms or setting up experimentation would require expert knowledge
in both RL and the PyTorch framework. Bou et al. (2023) recognizes Tianshou (Weng
et al., 2022a) as a similar library, although they have different motivations: TorchRL is
focused on algorithm development and stimulates users to explore this modularity within their
experimentation, while Tianshou focuses on simplification of problem-solving.

TorchRL has been utilized in several research studies, such as generative chemical design
(Bou et al.), a proposal on spacecraft navigation (Getzandanner and Martin, 2025), human-AI
interaction (Zhang et al., 2024), a multi-agent autonomous vehicle framework (Akman et al.,
2025), and LEGO robot training (Dittert et al., 2024). Reasons to use TorchRL often originate
from its tight integration in the PyTorch framework and ease of use. Furthermore, (Tiapkin
et al., 2024) motivates TorchRL’s usage due to its high modularity. Lastly, the use of the
TensorDict data structure is also cited as a motivation for the use of TorchRL (Berto et al.,
2023; Flowers and Dey, 2024).

3.4 Algorithms

The algorithms we chose in this work are based on popularity and implementation availability.
This selection includes PPO (Schulman et al., 2017), TD3 (Fujimoto et al., 2018), and SAC
(Haarnoja et al., 2018).

3.4.1 PPO

Policy gradient methods are a class of methods that focus on optimizing a parameterized
and differentiable stochastic policy πθ directly through an objective J(θ), so that the policy

parameters θ are updated proportionally to the gradient, i.e. ∇θ ≈ απ
δJ(θ)
δθ

(Sutton et al.,
1999), where απ is the policy learning rate. Objective J(θ) is a measure of the performance of
the agent, and as such, the objective is to maximize the expected return J(θ) = Eτ∼pπθ

[R(τ)].
From the Policy Gradient Theorem, it follows that the gradient of J(θ) yields ∇θJ(θ) =
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Eτ∼pπθ

[∑T
t=0∇θ log πθ(at|st) ·Gt

]
1, which is the basis of REINFORCE (Williams, 1992). By

generalizing ∇θJ(θ) to include a performance measure Ψt, we obtain

∇θJ(θ) = Eτ∼pπθ

[
T∑
t=0

∇θ log πθ(at|st) ·Ψt

]
(4)

This versatile formulation allows for stability improvements through, among others,
bootstrapped n-step target (Ψt :=

∑n−1
i=t γiri + γnV ϕ(sn)) or baseline subtraction

(Ψt :=
∑T

i=t γ
iri − V ϕ(st)).

Trust-Region Policy Optimization (TRPO) (Schulman et al., 2015a) is considered as the pre-
decessor of PPO (Schulman et al., 2017). As the name suggests, TRPO uses trust regions in
order to reduce the variance in policy methods. Trust regions contain policy updates to ensure
stability. In the case of TRPO, this idea is adopted such that it tries to improve the policy
as much as possible, while the difference between the old and new policy does not exceed a
certain threshold. Given probability ratio r(θ) = πθ(at|st)

πθold
(at|st) as the divergence between πθ and

πθold for some data, the objective of TRPO can be defined as

max
θ

J(θ) = Êt

[
r(θ) · Ât

]
s.t. Êt [KL [πθold(·|st), πθ(·|st)]] ≤ c (5)

where KL refers to the Kullback-Leibler Divergence (Kullback and Leibler, 1951) and c a
threshold. This can also be formulated as an unconstrained quadratic problem,

max
θ

J(θ) = Êt

[
r(θ) · Ât

]
− β · KL [πθold(·|st), πθ(·|st)] (6)

where β is a Lagrange multiplier that alternatively weights this approximated constraint.
Note that now, Ât is weighed and thus dependent on the probability ratio r(θ). Furthermore,
Schulman et al. (2015a) calculated a fixed optimal value for β.

Schulman et al. (2017) addresses the problems occurring in TRPO, namely the difficulty of
computing the constraint, and that a fixed β yields suboptimal behavior, even when tuned per
problem. The main contribution of this paper is Proximal Policy Optimization with clipping
(PPO-clip or PPO). Instead of using the KL divergence, PPO uses clipping on r(θ) such that
it remains within bounds [1− ϵ, 1+ ϵ], i.e. clip(rt(θ), 1− ϵ, 1+ ϵ), where ϵ is a hyperparameter
controlling the maximum step size. Along with a pessimistic lower bound, the PPO objective
combines the TRPO objective (without the constraint) with the surrogate clip objective to
yield

J(θ) = Êt

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

]
(7)

This objective is easier to calculate, has a less sensitive hyperparameter enforcing the update
size, and strictly clips diverging policies.

The pseudocode described in Schulman et al. (2017) is concise but conceptually similar to their
described formulation. Over time, improvements have been made in terms of ensuring stable
training and scheduled exploration. In section 5.1, we will discuss these engineering tricks. A
high-level pseudocode can be seen in Algorithm 1.

1We acknowledge that Sutton et al. (1999) uses R for every step t, but implies that later return
estimates are influenced by rewards obtained prior to timestep t. For this, Gt resolves this issue
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Algorithm 1 PPO (Schulman et al., 2017)

1: while total number of timesteps not exceeded do
2: Accumulate rollout of size nsteps

3: Compute advantage estimations Â1, . . . Ânsteps

4: Optimize surrogate formula 7 and update network parameters
5: end while

Loss calculation The PPO loss as introduced by Schulman et al. (2017) is cumulative,
consisting of a policy loss, a value loss, and an entropy regularization term. The average
probability ratio is calculated for a batch B of samples via

rB(θ) = |B|−1
∑

(s,a,log πθold
(a|s))∈B

exp(log πθ(a|s)− log πθold(a|s)) (8)

The policy loss Lπ is an average and is calculated according to the objective formula 7 via

Lπ = −min(rB(θ)Â, clip(rB(θ), 1− ϵ, 1 + ϵ)Â) (9)

The value loss LV is the Mean Squared Error (MSE) between {V ϕ(s)}s∈B and the {R}R∈B:

LV = (2|B|)−1
∑
R,s∈B

(R− V ϕ(s))2 (10)

Finally, the average entropy loss LH is calculated as

LH = |B|−1
∑
s,a∈B

−πθ(a|s) log πθ(a|s) (11)

This yields the cumulative loss L = −Lπ+c1L
V −c2L

H , where c1 and c2 are hyperparameters
controlling the weight of the value loss and entropy loss, respectively. Lastly, to prevent
gradients from exploding during training, the gradients are clipped (Černỳ, 2008; Pascanu
et al., 2013).

3.4.2 TD3

Another class of algorithms is the value-based methods. Instead of optimizing the policy di-
rectly, the policy is indirectly optimized through optimization of the value function. A funda-
mental algorithm within this class for DRL is the Deep Q-Network (DQN) algorithm (Mnih
et al., 2013). This algorithm, used for environments with a discrete action space, adopts the
fact that the optimal policy π∗(s) = argmaxa∈AQϕ∗(s, a) is a product of the optimal Q-value
function Qϕ∗(s, a). The loss to be minimized is

L(ϕ) = E(s,a,r,s′)∼D

[
r + γmax

a′
Qϕ′

(s′, a′)−Qϕ(s, a)
]

(12)

where D is a replay buffer filled with past experiences, Qϕ′
(s′, a′) a target Q-value network

parameterized via ϕ′ that is periodically updated, Qϕ(s, a) the Q-value network. The work of
Mnih et al. (2013) addresses improvements, including the replay buffer and target network.
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These address the issues of sample efficiency, correlation, and instability that arise from
learning on a moving target.

Within DQN, the policy is implicit. However, moving towards a continuous action space,
it is impossible to compute π(s) via argmaxa∈AQϕ(s, a), since there are infinitely many a
contained within A. The policy π(s) becomes part of the optimization process as a result.
Note that πθ(s) is still a deterministic policy. One fundamental formula is the Deterministic
Policy Gradient (DPG) (Silver et al., 2014). This formula aims to maximize the objective

J(θ) = Es∼D
[
Qϕ(s, πθ(s))

]
(13)

where D is a replay buffer filled with past experiences. Given the fact that both Qϕ and πθ

are functions, one can use the chain rule to find the gradient to be

∇θJ(θ) = ∇aQ
ϕ(s, a)|a=πθ(s) · ∇θπθ(s) (14)

Intuitively, ∇aQ
ϕ(s, a)|a=πθ(s) indicates how much the return changes with respect to the

action a, while ∇θπθ(s) indicates how much action a changes with respect to parameters θ. In
other words, the policy is improved by optimizing the value function (Moerland, 2021). This
formula is implemented within the Deep Deterministic Policy Gradient (DDPG) algorithm
(Lillicrap et al., 2015). Unlike DQN, which aims to fulfill the Bellman-Optimality equation,
DDPG minimizes the Bellman error under the deterministic policy’s Q-function.

DDPG is used as the foundation for the design of TD3 Fujimoto et al. (2018): Twin De-
layed Deep Deterministic Policy Gradient. This work addresses the flaw of the overestimation
bias that is present within Q-learning methods (Thrun and Schwartz, 2014; Sutton, 1988).
Furthermore, it recognizes that Double Q-learning (Hasselt, 2010), a method to address over-
estimation bias using a pair of independently trained state-value networks, may still lead to high
variance during training. Fujimoto et al. (2018) propose solutions for both of these problems.
First, to address overestimation bias, they introduce Clipped Double Q-learning, formulated
as

y = r + γ min
i=1,2

Qϕ′
i(s′, πθ(s

′)) (15)

The intuition behind this approach is to avoid Q-value overestimation by taking the minimum
Q-value estimation over two Q-value functions. More Q-value functions can be used, but a
minimum of two are required. In this work, we will stick to two Q-value functions. The Q-value
function Qϕ′

1
is optimized directly, yielding an objective function

J(θ) = Es∼D
[
Qϕ1(s, πθ(s))

]
(16)

with its gradient
∇θJ(θ) = ∇aQ

ϕ1(s, a)|a=πθ(s) · ∇θπθ(s) (17)

However, Q-function Qϕ1 may still be overestimating (i.e. when Qϕ′
1(s′, πθ(s

′)) >
Qϕ′

2(s′, πθ(s
′))). In that case, Qϕ′

2(s′, πθ(s
′)) is being used as underestimation does not

backpropagate unstable behavior. Similarly, when Qϕ′
2(s′, πθ(s

′)) > Qϕ′
1(s′, πθ(s

′)), the
update is no different from using a single Q-value function. Fujimoto et al. (2018) further
proposes three methods to reduce high variance. First, instead of training the Q-value function
on TD targets, future TD errors are subtracted from the value estimation. Second, similarly
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to Mnih et al. (2013), target networks are used along with delayed policy updates to maintain
stability. Third, the target policy πθ′ adds (clipped) Gaussian noise to ensure smoother value
estimations, thus ensuring robustness.

The pseudocode as described by Fujimoto et al. (2018) can be found in Algorithm 2. In section
5.2, we will discuss in more detail the low-level workings of this algorithm along with differences
in implementations by baseline frameworks.

Algorithm 2 TD3 (Fujimoto et al., 2018)

1: Initialize Q-value functions Qϕ1 , Qϕ2 , and actor πθ randomly.
2: Initialize target networks Qϕ′

1 , Qϕ′
2 , πθ′ with ϕ′

1 ← ϕ1, ϕ
′
2 ← ϕ2, and θ′ ← θ

3: Initialize replay buffer D
4: for t = 1 . . . T do
5: Select action, apply noise, and observe r, s′

6: Store transition (s, a, r, s′) in D
7: Sample minibatch of N transitions from D
8: Update all Q-value function parameters via the Mean Squared Error
9: if t mod policy delay then

10: Update the policy parameters via formula 16
11: Update the target networks via Polyak averaging
12: end if
13: end for

Action Selection Actions are selected through the deterministic policy πθ. Gaussian ex-
ploration noise ϵ ∼ N (0, σ2) is added to the actions to enhance exploration. To ensure the
actions are within [Alow,Ahigh], they are clipped. A 5-tuple (s, a, r, s′, d) is stored in D, where
d denotes a finished episode flag.

Update Q-value function To update the Q-value function, a minibatch M of samples
{(sk, ak, rk, s′k, dk)}(s,a,r,s′,d)∈M is used. Furthermore, the next action is sampled using a target
network with clipped Gaussian noise via

a′ ∼ clip(πθ′(s
′
k) + clip(ϵ′,−b, b),Alow,Ahigh), ϵ′ ∼ N (0, σ2′) (18)

where b defines the target noise boundaries, and σ2′ defines the target noise standard de-
viation. This ensures robustness during training. The cumulative Q-value loss is given by
LV =

∑
i N

−1
∑N

k=1(Q
ϕi(sk, ak)− y)2, where

y =

{
rk + γmini=1,2Q

ϕ′
i(s′k, a

′) if not dk

rk otherwise
(19)

Update the policy and target networks The policy parameters and the target net-
works are periodically updated. The policy parameters θ are updated according to equation
16, using the policy loss formula

Lπ = −N−1

N∑
k=1

Qϕ1(sk, πθ(sk))
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The target networks are updated via Polyak averaging between the target network parameters
and the updated network parameters.

3.4.3 SAC

Soft Actor-Critic (SAC) (Haarnoja et al., 2018) utilizes entropy as a way to design an off-policy
algorithm that is efficient and stable. Entropy is the measure of the diversity of the action
distribution, given by H(πθ(·|s)) = Ea∼πθ(a|s)[− log πθ(a|s)]. Entropy is utilized through an
additional term to the objective function, such as

J(θ) = Eτ∼pπθ

[
R(τ) + α

T∑
t=0

H(πθ(·|st))

]
(20)

The temperature α > 0 is a hyperparameter that weighs the stochasticity of the action
distribution of the optimal policy. This ensures robustness by improving coverage of the state
space through enhanced exploration (Haarnoja et al., 2018; Ziebart, 2010; Haarnoja et al.,
2017).

The paper Haarnoja et al. (2019) builds on the work of Haarnoja et al. (2018). They have
noticed that α used in Haarnoja et al. (2018) is nontrivial and is task-dependent. They
argue that the influence of entropy should depend on the rewards obtained, which may
differ between tasks and policy improvement. α should therefore scale with this uncertainty.
Haarnoja et al. (2019) addressed this problem by parameterizing α. This allows α to adjust
depending on the uncertainty of the policy for a given state s. This improved version of the
original SAC algorithm is also adopted in the SAC implementations of the baseline frameworks
discussed in this work.

In this newer version of SAC, the value function used in Haarnoja et al. (2018) is omitted.
The original SAC used two Q-functions, a value function, and a policy function. The value
function was used to approximate the soft value, defined by Eat∼πθ

[Qϕ(st, at)−α log πθ(at|st)].
This was found to be redundant (Haarnoja et al., 2019). The resulting objective of the policy
becomes

J(θ) = Es∼D
[
Ea∼πθ(·|s)

[
−Qϕ(s, a) + α log πθ(a|s)

]]
(21)

The pseudocode as described in Haarnoja et al. (2019) can be found in Algorithm 3. Section
5.3 will elaborate on the algorithmic details, covering both similarities and differences in the
implementations by baseline frameworks.

Action selection In contrast to TD3 (Fujimoto et al., 2018), the policy in SAC is stochas-
tic. Therefore, the reparameterization trick must be applied, since directly sampled Gaus-
sian noise is non-differentiable. An action can then be defined as a deterministic function
a := fθ(ϵ, s) = µθ(s) + σ2

θ(s) · ϵ, where noise ϵ is drawn from a Gaussian distribution
ϵ ∼ N (0, 1). This way, the objective becomes

J(θ) = Es∈D,ϵ∼N (0,1)

[
−Qϕ(s, fθ(ϵ, s)) + α log πθ(fθ(ϵ, s)|s)

]
(22)
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Algorithm 3 SAC with automated temperature parameter (Haarnoja et al., 2018)

1: Initialize Q-value functions Qϕ1 , Qϕ2 , and actor πθ randomly.
2: Initialize target networks Qϕ′

1 , Qϕ′
2 , πθ′ with ϕ′

1 ← ϕ1, ϕ
′
2 ← ϕ2, and θ′ ← θ

3: Initialize replay buffer D
4: while total number of timesteps not exceeded do
5: for each environment step do
6: Sample action and observe r, s′

7: Store transition (s, a, r, s′) in D
8: end for
9: for each gradient step do

10: Update the Q-value functions
11: Update the policy parameters via objective function formula 21
12: Update the temperature
13: Update the target networks via Polyak averaging
14: end for
15: end while

Q-value loss As mentioned, the value function in Haarnoja et al. (2018) gets replaced by
a Q-value function in Haarnoja et al. (2019). The Q-value is calculated similarly, and together
with this calculation, an entropy loss is applied

LV := |B|−1

|B|∑
i=1

(
1

2

(
Qϕ(si, ai)− (ri + γQϕ′

(s′i, a
′)− α log πθ(a

′|s′i))
)2
)

To address overestimation, multiple (target) Q-value networks are utilized and a pessimistic
minimum is used, as in Fujimoto et al. (2018), following similar reasoning as Hasselt (2010).
The target Q-value, i.e. the expected cumulative reward, can be defined as

y =

{
rk + γmini=1,2Q

ϕ′
i(s′k, a

′)− α log a′ if not dk

rk otherwise
(23)

The loss can then be computed as the MSE between the Q-values of (st, at) and the target y.

LV := (2|B|)−1
∑
i=1,2

|B|∑
j=1

(
Qϕi(sj, aj)− y

)2
(24)

Both summation followed by backpropagation and individual Q-loss backpropagation are sim-
ilar, as ∀i, ϕi are disjoint.

Policy loss calculation The policy is computed according to the objective function as
given in equation 21. This can be formulated as

Lπ := |B|−1

|B|∑
i=1

(
α log a− min

j=1,2
Qϕj(si, a)

)
, a ∼ πθ(a|si) (25)
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Figure 4: All MuJoCo environments considered in this work. From left to right,
top to bottom: Ant-v4, HalfCheetah-v4, Hopper-v4, InvertedDoublePendulum-v4,
InvertedPendulum-v4, Reacher-v4, Swimmer-v4, and Walker2d-v4.

Entropy loss calculation The entropy loss is given by

Lα = |B|−1
∑
s∈B

(
−α log πθ(a|s)− αH̃(s)

)
(26)

where H̃(s) is the target entropy. In many cases, this is dimA.

Target Q-network update As in TD3, the target Q-networks are updated using a soft
Polyak update.

3.5 Environments

In this work, we will focus on a fixed set of environments. All environments in this work have
a continuous multidimensional state space and a continuous action space.

We will use the Farama Gymnasium library (Towers et al., 2024), a widely supported suite
among popular frameworks (Raffin et al., 2021; Bou et al., 2023; Huang et al., 2022b; Weng
et al., 2022a; Zheqing Zhu, 2023), as the interface of our environments. We use Multi-Joint dy-
namics with Contact (MuJoCo) environments (Todorov et al., 2012) to evaluate all algorithm
implementations. By avoiding a mismatch of environment backends, we can factor out that
the environment framework is the probable cause of any inconsistencies found. Furthermore,
this environment suite is often used as a benchmarking suite (Schulman et al., 2017; Haarnoja
et al., 2018; Fujimoto et al., 2018; Todorov et al., 2012; Schulman et al., 2015a; Haarnoja
et al., 2019). Therefore, the results obtained using this suite are relevant to a larger community.

There are multiple versions of MuJoCo environments. Versions ≤ 1 are not supported by
Gymnasium, and are left in Gym. Binary files have also changed when DeepMind acquired
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MuJoCo, making the use of older versions more difficult. Furthermore, versions 2/3 and
version 4 may differ slightly in performance, due to physics optimizations and emulator
acceleration features (#2595). For consistency, all experiments are conducted using MuJoCo
version 4. We are aware that reproducing results with a more recent MuJoCo version may differ.

The environments can be subdivided into several types of tasks: CartPole-like tasks (Inverted-
Pendulum, InvertedDoublePendulum), coordination of a robotic arm (Reacher), 2D locomotive
control (HalfCheetah, Hopper, Walker2D), and 3D locomotive control (Swimmer, Ant, Hu-
manoid), most of which can be observed in Figure 4. The properties of the environments
used in this work are summarized in Table 3. Not all environments have a termination con-
dition. The environments that do have a termination condition calculate the ’healthiness’ of
the agent in the environment. Furthermore, all MuJoCo environments have symmetrical action
space bounds, i.e. ∀i ∈ [dimA],Ai,low +Ai,high = 0.

Environment Termination Truncation dimS dimA
HalfCheetah-v4 # T = 1000 17 6

Hopper-v4 ! T = 1000 11 3

InvertedDoublePendulum-v4 ! T = 1000 9 1

InvertedPendulum-v4 ! T = 1000 4 1

Reacher-v4 # T = 50 10 2

Swimmer-v4 # T = 1000 8 2

Walker2d-v4 ! T = 1000 17 6

Ant-v4 ! T = 1000 105 8

Humanoid-v4 ! T = 1000 348 17

Table 3: Properties of MuJoCo environments. When a termination condition is present,
it is denoted with a !. All environments have a truncation condition.

4 Experiments

In this section, we will go over the considerations when experimenting, the experimental design,
and the experimental details.

4.1 Considerations

Each implementation of an algorithm may vary in the number of available hyperparameters and
the available options for those hyperparameters. We define the set of experimental hyperparam-
eters as those available in all implementations. A complete overview of these hyperparameters,
along with their variable names and default values used, can be found in Appendix D. The
rule of thumb to determine which hyperparameters we experiment with is:

If the hyperparameter in at least one baseline framework is not externally adapt-
able, it is considered a constant among all baseline frameworks.

With this, we avoid changing core implementation details integrated in each implementation,
and only alter what is available. For example, the modular component offered by SB3 for
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learning rate annealing is considered a valid hyperparameter, as it can be supplied to the
algorithm without changing any core implementation details. We take into account that
frameworks may have different objectives when replicating algorithms, such as providing
’state-of-the-art’, ’matching the original paper’, or ’task-independent, well-performing’ imple-
mentations. Furthermore, we assume that the hyperparameters considered most important
within an algorithm are available, whilst more complex or hyperparameters considered less
influential by the framework authors are omitted.

Furthermore, to limit the inconsistencies to the algorithm implementations, we use similar
environment setups. As a rule of thumb, we use

Environment feedback-altering wrappers are used in either no baseline framework
or all baseline frameworks.

Environment wrappers that are feedback-altering are wrappers responsible for mapping the
output of an environment. Examples of such wrappers are observation and reward normal-
ization and/or transformation wrappers. Wrappers used for action space enforcement and
logging statistics, however, do not alter feedback. An additional analysis of feedback-altering
wrapped environments, along with an experiment performed in three environments, can be
observed within Appendix C.1. There, we show how these wrappers can affect algorithmic
performance.

4.2 Experimental design

To answer our research questions, we have to perform the following experiments. First
of all, to answer whether the results produced by the implementations match the results
reported in the original papers, we run the implementations with the original hyperparameter
configuration on (a subset of) environments. We expect the implementations to match the
performance of the original algorithm when using the same hyperparameters as in the original
publication.

The second experiment compares the implementations under the same set of hyperparam-
eters, including the original ones. We will be using the default hyperparameters given by
each of the frameworks and applying them to all implementations of SB3, CleanRL, and
TorchRL. Following the preliminaries, we evaluate the consistency in performance between
different implementations via the use of a wide selection of MuJoCo environments. Ideally, all
implementations perform similarly under the same hyperparameter configuration, regardless
of the baseline framework.

Lastly, we will be comparing the relative performance ranking of all implementations from all
baseline frameworks. We apply the default hyperparameter configurations provided by each
baseline framework to all implementations. We then compare the relative performance ranking
across different baseline frameworks, and observe to what extent this ranking is preserved.

We will trace back the found inconsistencies in the hyperparameter and code-level differences.
Although we did a shallow analysis of the effects of some identified differences, it could be
extended in further research. This also illustrates how these differences may affect training
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and the resulting policies. This strengthens earlier work on the importance of reporting
implementation details.

4.3 Experimental details

The implementations of each algorithm are listed in Table 4. We used a subset of the
MuJoCo environments: Ant-v4, HalfCheetah-v4, Hopper-v4, InvertedDoublePendulum-v4,
InvertedPendulum-v4, Reacher-v4, Swimmer-v4, and Walker2d-v4. The code can be found in
this GitHub repository. A complete guide on how to use this code can be found in Appendix B.

Each experiment’s mean and standard deviation are based on 5 random seeds, run for 3 million
timesteps. Each point in the curve represents the average cumulative reward obtained using
a deterministic (greedy) policy over 30 complete episodes. An evaluation interval of 10000
timesteps was used. Subsampling is applied to improve the readability of the results. This
work was performed using the compute resources from the Academic Leiden Interdisciplinary
Cluster Environment (ALICE) provided by Leiden University (ALICE - SHARK HPC team,
2025). Each experiment was run on a single node, using one core of an Intel Xeon Gold 6126
12-Core Processor.

ALG / FW Stable Baselines 3 CleanRL TorchRL
PPO PPO ppo continuous action.py ppo mujoco.py

TD3 TD3 td3 continuous action.py td3.py

SAC SAC sac continuous action.py sac.py

Table 4: The references to the implementations of the different algorithms and respective
baseline frameworks used in this work.

5 Analysis

In this analysis, we expose code-level inconsistencies between the implementations of PPO,
TD3, and SAC. For clarity, we denote inconsistencies among implementations via the use of
colors: Stable Baselines 3, CleanRL, and TorchRL. Furthermore, we refer to the line(s) of code
(L) where the differences in these implementations originate by square [] brackets.

5.1 PPO analysis

Most engineering tricks used in PPO originate from Huang et al. (2022a)’s blog.

Model definition All PPO implementations use orthogonal initialization. However, as Box
1 displays, different scales are used when setting the weights of the policy and state-value
networks in different implementations.

27

https://github.com/Lexpj/MSc
https://stable-baselines3.readthedocs.io/en/master/modules/ppo.html#example
https://github.com/vwxyzjn/cleanrl/blob/004f8a086a892a2a180f4dd332b90d83a968aa7a/cleanrl/ppo_continuous_action.py
https://github.com/pytorch/rl/blob/163e23f9c930b58990287206958e2e036af5b902/sota-implementations/ppo/ppo_mujoco.py
https://stable-baselines3.readthedocs.io/en/master/modules/td3.html#example
https://github.com/vwxyzjn/cleanrl/blob/004f8a086a892a2a180f4dd332b90d83a968aa7a/cleanrl/td3_continuous_action.py
https://github.com/pytorch/rl/blob/163e23f9c930b58990287206958e2e036af5b902/sota-implementations/td3/td3.py
https://stable-baselines3.readthedocs.io/en/master/modules/sac.html#example
https://github.com/vwxyzjn/cleanrl/blob/004f8a086a892a2a180f4dd332b90d83a968aa7a/cleanrl/sac_continuous_action.py
https://github.com/pytorch/rl/blob/163e23f9c930b58990287206958e2e036af5b902/sota-implementations/sac/sac.py


Box 1: PPO Orthogonal intialization

Stable Baselines 3 [L612-L631] and CleanRL [L106-L129]

• πθ(a|s) last layer scaled by 1

• V ϕ(s) last layer scaled by 0.01.

• Other layers in both πθ(a|s) and V ϕ(s) are scaled by
√
2 and bias 0.0.

TorchRL [L69-L73,L108-L111]

• All layers in both πθ(a|s) and V ϕ(s) are scaled by 1 and 0.01 respectively.

Hyperparameter annealing Two hyperparameters are annealed in different implementa-
tions. Learning rate annealing is used by default in PPOCleanRL and PPOTorchRL. PPOSB3 offers
an additional learning rate schedule, but is not included by default. Similarly, clip range an-
nealing is supported by PPOSB3 and PPOTorchRL, but not by PPOCleanRL. Clip range annealing
is not used by default in any implementation.

Action selection There are two different methods used to enforce the action space bounds,
as observed in Box 2. PPOSB3 and PPOCleanRL use hard clipping; however PPOCleanRL requires
an environment wrapper to handle this, to enforce this. PPOTorchRL uses scaling to the range
[-1,1] via a tanh function, and then applies a proportional unscaling to ensure a ∈ A.

Box 2: PPO Action selection during rollout

Stable Baselines 3 [L213-L216] and CleanRL [L96][L106-L129]

a ∼ N (µθ(s), σ
2
θ(s))

a← clip(a,Alow,Ahigh)

TorchRL [L401-L416]
a ∼ N (µθ(s), σ

2
θ(s))

a← unscale(tanh(a))

Advantage estimation All PPO implementations make use of GAE to calculate advan-
tage estimations. Furthermore, all PPO implementations apply advantage normalization by
default. In PPOTorchRL, this is a constant.

PPOSB3 makes properly distinguish truncation and termination scenarioes. An additional boot-
strapped expected cumulative discounted reward term γV ϕ(sT+1)) is added when a truncation
condition is met2. PPOCleanRL does not properly distinguish termination and truncation scenar-
ios, performing no bootstrapping either case [L221]. This open GitHub issue states this ”does
not seem to result in significant performance differences” (Huang et al., 2022b). PPOTorchRL

2Denote that handling of truncation states is done via the reward adaptation, and not by masking
truncation states and treating them differently [L236-L245].
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makes a proper distinction between truncation and termination scenarios. By proper masking,
they add an additional γV ϕ(sT+1)) term as the remaining expected cumulative discounted
reward [L1502-L1503].

Minibatch selection All PPO implementations make use of minibatching to update
the agent. However, the hyperparameter responsible differs in function. PPOSB3 and
PPOTorchRL use batch size, which determines the size of the minibatch. PPOCleanRL uses
num minibatches, which determines the number of minibatches. All implementations use
advantage estimates at the batch level and the probability ratios at the minibatch level.

Value loss clipping Value clipping, similar to how the policy loss is clipped, uses clipping
such that updates of V ϕ(s) remain stable. This is done by replacing the returns with state-
values using the old state-value parameters ϕold, i.e.

V
(ϕ,ϕold)
clipped (s) := V ϕold(s) + clip(V ϕ(s)− V ϕold(s),−ϵV , ϵV ) (27)

where ϵV is the value clipping epsilon hyperparameter. Box 3 shows how the PPO implementa-
tions differ when using value clipping. By default, PPOSB3 and PPOTorchRL do not make use of
value clipping. Though when applied, an independent variable ϵV can be set. PPOCleanRL uses
value clipping by default, and ϵV = ϵ.. Furthermore, when using value clipping, PPOSB3 forcibly
uses these clipped values in the value loss calculation, whilst PPOCleanRL and PPOTorchRL use a
pessimistic lower bound by taking the maximum over the clipped and unclipped state-values.

Box 3: PPO Clipped state-value loss formula

Stable Baselines 3: [L234-L244]

LV = (2|M |)−1
∑

R,s∈M

(
V

(ϕ,ϕold)
clipped − V ϕ(s)

)2

CleanRL [L286-L297] and TorchRL [L622-L648]

LV = (2|M |)−1max

 ∑
R,s∈M

(
V

(ϕ,ϕold)
clipped − V ϕ(s)

)2
,
∑

R,s∈M

(
R− V ϕ(s)

)2



Gradient clipping PPOTorchRL does not seem to use gradient clipping. However, the work
of Hundal et al. (2025) experimented with the use of gradient clipping and found no significant
difference in the use of gradient clipping.3

3During experimenting, Walker2d-v4 and Hopper-v4 using PPOTorchRL(HTorchRL) and
PPOTorchRL(HCleanRL), respectively, each failed 1/5 runs due to high/NaN actions returned. This
can only occur when observations are NaN to begin with, which can happen when gradients have
exploded. The absence of gradient clipping may contribute to this problem.
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Environment setup The implementation PPOCleanRL, specifically the one designed to
support continuous action spaces, uses feedback-altering wrappers. These include observation
normalization, observation transformation, reward normalization, and reward transformation
wrappers. Implementations PPOSB3 and PPOTorchRL do not share this same environment setup.
Appendix C.1 explains the definitions of these wrappers and shows an additional experiment
highlighting how it may affect training.

5.2 TD3 analysis

Model definition The default network hidden layer sizes and availability to adjust those
differ among TD3 implementations. TD3SB3 uses a hyperparameter controlling the hidden
layer sizes, which are by default [400,300]. TD3CleanRL has no option to externally adjust the
hidden layer sizes, and uses by default [256,256]. Similarly, TD3TorchRL uses a hyperparameter
to control the hidden layer sizes, and is by default [256,256].

Action selection The TD3 implementations slightly differ in enforcing the action space
and when exploration noise is applied, as is observed in Box 4. TD3CleanRL and TD3TorchRL use
tanh to enforce a ∈ [−1, 1], to then unscale this action to meet the action space boundaries
proportionally. After applying Gaussian noise, the action is again hard-clipped to enforce action
space boundaries. TD3SB3 uses clipping to enforce a ∈ [Alow,Ahigh]. It then scales the action
to a ∈ [−1, 1], adds Gaussian noise, and unscales the action back to a ∈ [Alow,Ahigh].
Furthermore, TD3SB3 saves the scaled action to the replay buffer and trains its networks
with these scaled actions [L407-L409]. This issue along with this guide mentions its positive
influence to normalize actions.

Box 4: TD3 Action selection during environment inference

Stable Baselines 3 [L400-L409]
a← πθ(s)

a← clip(a,Alow,Ahigh)

a← clip(scale(a) + ϵ,−1, 1)

a← unscale(a)

CleanRL [L130-L131,L209-L211] and TorchRL [L237-L247,L352-L366]

a← πθ(s)

a← tanh(a)

a← unscale(a)

a← clip(a+ ϵ,Alow,Ahigh)

Additionally, when retrieving next action a′ via the target networks, TD3SB3, by default, does
not apply action noise. However, it offers a range of modules, extending beyond Gaussian
noise, to sample noise. Equation 18 is adapted according to the normalized actions via

clip(πθ(s
′
k) + clip(ϵ′,−b, b),−1, 1)
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[L174-L176]. For TD3CleanRL, σ2′ within equation 18 is a hyperparameter, and is used by
default. TD3TorchRL has this Gaussian noise with σ2′ = 0.2 as constant processed within the
implementation.

Truncation TD3SB3 does not make a distinction between terminal flags and truncation
flags, meaning that truncated steps are not bootstrapped properly [L448-511]4. TD3CleanRL

[L230] and TD3TorchRL [L762-L770] make proper distinctions between termination and trunca-
tion, and thus perform proper bootstrapping when necessary.

Update delay TD3SB3 and TD3TorchRL allow for different ratios of environment inferences
to gradient steps performed by two hyperparameters. This enables ratios different from 1:1,
allowing more environment inferences per gradient step and vice versa. By default, TD3SB3

and TD3TorchRL use a ratio of 1:1 and 1000:1000, respectively. TD3CleanRL uses a single hyper-
parameter to affect both the policy- and target network parameter updates frequencies. Only
ratios where environment inferences equal gradient steps are allowed.
Furthermore, cold-start update delays differ in default values. TD3CleanRL and TD3TorchRL uses
a cold-start of 25000 environment inferences, whilst TD3SB3 uses 100 environment inferences.

Target network updating TorchRL, given aforementioned formulas for Polyak updating,
switched τp for 1−τp, meaning that the default hyperparameter TorchRL passes is large [L343].
This is taken into account when experimenting.

Vectorization Vectorization differs between TD3SB3 and TD3CleanRL. TD3SB3 use proper
accounting for vectorization. For nenvs, a total of T timesteps are performed. TD3CleanRL does
not take into account that more vectorized environments produce more samples per timestep.
For nenvs, a total of T ·nenvs timesteps are performed. An additional experiment exposing this
difference can be found in Appendix C.2.

5.3 SAC analysis

Learning rate hyperparameter There are three different networks that are being op-
timized in SAC: the policy network, Q-value networks, and the temperature network, all of
which use an Adam optimizer. However, the availability to set learning rates differs. We denote
the learning rates απ, αV , and αH respectively. SACSB3 uses hyperparameters απ = αV , with
a default value of 0.0003. αH is a linearly annealed hyperparameter with an initial value of
1.0. SACCleanRL uses two hyperparameters controlling απ and αV = αH , with default values
0.0003 and 0.001 respectively. SACTorchRL uses a single hyperparameter controlling απ = αV ,
with a default value of 0.0003. A constant value of 0.0003 is used as the value for αH .

4The environment used during rollouts is of class VecEnv, which returns dones a boolean denoting a
termination flag or truncation flag. Truncations can be filtered out through the use of provided infos, via
’TimeLimit.truncated’. The usage of this flag to filter truncations from terminations is not used within
the aforementioned code snippet. Only the correct next observation is saved to the buffer, but it does not
account for future rewards when truncated.
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Action selection In terms of action sampling from the network, there are slight stability
and normalization differences between SACSB3, SACCleanRL, and SACTorchRL. See Box 5
how action selection differs among SAC implementations. Similar to TD3SB3, SACSB3 uses
normalized actions when training the networks. The actions get unscaled to [Alow,Ahigh]
when inferring the environment.

All SAC implementations make sure the value σ2
θ(s) retrieved from the policy remains

within a range [log σ2
θ,min, log σ

2
θ,max]. SACSB3 does so by clip(σ2

θ(s), log σ
2
θ,min, log σ

2
θ,max), with

[log σ2
θ,min, log σ2

θ,max] = [-20, 2]. SACCleanRL uses the bounds [log σ2
θ,min, log σ

2
θ,max] = [-5,

2] instead. Furthermore, tanh and unscaling are applied to log σ2 to ensure to the bounds
[log σ2

θ,min, log σ
2
θ,max]. SACTorchRL only enforces log σ2

θ to be at least some minimum value.
All implementations discussed in this work apply tanh to enforce N (µθ, σ

2
θ) ∈ [−1, 1] before

unscaling to match the action space bounds. The log probability log a is corrected for the use
of tanh. In SACCleanRL and SACTorchRL, it has also been corrected for unscaling to match the
action bounds.

Q-value loss calculation Box 6 shows how SACSB3 applies a factor 1
2

to the Mean Squared
Error distance loss used, which is in line with Haarnoja et al. (2019). This is unrelated to the
number of Q-networks used. SACCleanRL and SACTorchRL omit this halving factor, diverting
from the original formula.

Updating delay Similar to the TD3 implementations, SACSB3 and SACTorchRL allow for
different ratios of environment inferences to gradient steps performed. By default, SACSB3

uses a ratio of 1:1, while SACTorchRL uses 1000:1000. SACCleanRL only allows for increasing the
number of environment inferences per gradient step, at the cost of fewer gradient steps per
total timesteps. By default, a ratio of 2:1 is used. This affects both the policy and temperature
networks.
Furthermore, the default cold-start update delays differs: SACSB3 uses 100, SACCleanRL uses
5000, and SACTorchRL uses 25000 environment inferences as a cold-start delay.

Entropy loss calculation There are numerous discussions (Ray #15625, Stable Baselines
#801, softlearning #37, Stable Baselines 3 #36, Tianshou #258) about the use of logα
instead of α during loss calculation. The benefit of using logα is numerical stability, due to its
positive nature. As shown in Box 7, SACSB3 and SACTorchRL use logα in its loss calculation,
in line with Haarnoja et al. (2019). SACCleanRL does not adopt this, and uses α instead.

Target network updating SACTorchRL, similarly to TD3TorchRL, switched τp to 1 − τp
[L343]. This is taken into account when experimenting.

Vectorization The process of handling vectorization differs between SACSB3 and
SACCleanRL in a similar way vectorization differs between TD3SB3 and TD3CleanRL: SACSB3

accounts each environment step as a timestep towards the total number of timesteps, whilst
SACCleanRL accounts for a single timestep to the collective number of environment steps. See
additional experiments in Appendix C.2.
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Box 5: SAC Action selection

Stable Baselines 3: [L147-L165,L227-L240,L76-L79]

µθ, log σ
2
θ ∼ πθ

log σ2 ← clip(σ2
t , log σ

2
θ,min − log σ2

θ,max)

x ∼ N (µθ, expσ
2)

a← tanh(x)

log a← logN (µθ, σ
2)−

∑
log(1− tanh(x)2) + 10−6

CleanRL [L128-L150,L76-L79]
µθ, log σ

2
θ ∼ πθ

σ2 ← log σ2
θ,min +

1

2
(log σ2

θ,max − log σ2
θ,min)(tanh(σ

2
θ) + 1)

x ∼ N (µθ, expσ
2)

a← tanh(x)
Ahigh −Alow

2
+
Ahigh +Alow

2

log a← logN (µθ, σ
2)−

∑
log

(
Ahigh −Alow

2
(1− tanh(x)2) + 10−6

)
TorchRL [L408-L417,L431-L453,L251-255,L83-L87,L76-L79]

µθ, σ
2
θ ∼ πθ

σ ← max(log(1 + expσ2
θ), σθ,min)

x ∼ N (µθ, expσ
2
θ)

a← tanh(x)
Ahigh −Alow

2
+
Ahigh +Alow

2

log a← logN (µθ, σ
2)−

∑
log

(
Ahigh −Alow

2
(1− tanh(x)2) + 10−6

)

Box 6: SAC Q-value loss formula

Stable Baselines 3: [L267]

LV := (2|B|)−1
∑
i=1,2

|B|∑
j=1

(
Qϕi(sj , aj)− y

)2

CleanRL [L273-L275] and TorchRL [L832-L836]

LV := |B|−1
∑
i=1,2

|B|∑
j=1

(
Qϕi(sj , aj)− y

)2
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Box 7: SAC Entropy loss formula

Stable Baselines 3: [L237] and TorchRL [L879]

Lα = |B|−1
∑
s∈B

(
− logα(log πθ(a|s) + H̃(s))

)
CleanRL [L299]

Lα = |B|−1
∑
s∈B

(
−α(log πθ(a|s) + H̃(s))

)

6 Results

In this section, we will discuss the results of the experiments as described in Section 4. We
will highlight a few results that stand out. All of the results can be found in Appendix E.

6.1 Reproduction

We have applied the original hyperparameters of each algorithm to each implementation of
Stable Baselines 3, CleanRL, and TorchRL. We have taken into account that some hyper-
parameters are unavailable in some implementations. Furthermore, the original results use a
variable number of timesteps. We will account for this difference accordingly.

Frequency of inconsistencies Most of the experiments are in line with the original re-
sults, although with high standard deviations. The standard deviations reported in the original
results were not taken into account. We use a 95% confidence interval to assess whether imple-
mentation results perform worse, similarly, or better. Across all implementations and baseline
frameworks, 38.9% of runs align, 31.5% show worse performance, and 29.6% show improved
performance over the reported results. It is expected to observe improved performance, as
implementations use engineering tricks to improve stability. Figure 5 summarizes our findings
across implementations and frameworks on multiple environments. SAC implementations often
perform worse than the original results. Furthermore, we observe a similar degree of variability
in the ability to reproduce the original results across frameworks.

Causalities First, we acknowledge that the difference in performance may originate from
the different MuJoCo environment versions (for PPO and TD3, v1; for SAC, v2). Different
MuJoCo versions may have altered reward functions, introduced additional loss penalties, or
caused numerical differences within the physics engine. Furthermore, we acknowledge that
the differences may originate from different Python versions and dependency versions.

Hyperparameter differences may result in different performance. For example, PPOTorchRL

does not use gradient clipping, while this was used in the original algorithm. Furthermore,
TD3TorchRL and SACTorchRL use delayed network updates via an alternative update-to-data
ratio: 1000:1000, in contrast to 1:1 in Fujimoto et al. (2018) and Haarnoja et al. (2019).
Additionally, TD3SB3 uses a hidden layer sizes of [400,300] as opposed to [256,256]. In
addition, unlike a fixed learning rate of 0.0003 across all networks in SAC (Haarnoja et al.,
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Figure 5: This figure shows whether the implementations statistically perform worse/sim-
ilar/better than the reported results of the original algorithm. In an ideal case, all imple-
mentations show no significant statistical difference. The frequency of statistical differ-
ences in each framework among all implementations is similar. Furthermore, we observe
more statistical differences for implementations of SAC.

2019), SACSB3 also uses a linearly decaying temperature learning rate with an initial value
of 1.0. SACCleanRL instead uses a Q-value learning rate and temperature learning rate of
0.001, with delayed policy updates. Lastly, in contrast to the original algorithm, all SAC
implementations do not make use of reward scaling.

We have not focused on the original algorithm at the code level. Therefore, we cannot con-
clude whether methodological differences occur between implementations and the algorithm.
However, between the provided pseudocode and the implementations, we can identify some
additional differences. For example, TD3SB3 and SACSB3 train the networks on scaled actions
(i.e. a ∈ [−1, 1]), to increase stability. Additionally, we identified some differences between
the original formulas and implementations, as observed in Boxes 6 and 7. Furthermore, some
methodology is incorrectly implemented, such as distinguished bootstrapping.

6.2 Direct comparability

In this section, we will compare the performance of algorithm implementations using different
baselines for each default hyperparameter configuration. Since we have not evaluated the
impact of individual code-level differences, we must assume that the observed differences
between implementations originate from a combination of these differences.

PPO All results involving the consistency of PPO implementations can be found in
Appendix E: Figures 15 and 18, and Table 9.

We see that PPOCleanRL stably outperforms PPOSB3 and PPOTorchRL in
InvertedDoublePendulum-v4 (see figure 6c). This environment has both termination
and truncation conditions. We therefore hypothesize that the performance gap stems from
the difference in truncation handling. Furthermore, we note that HCleanRL is the only
hyperparameter configuration that uses value loss clipping, and is therefore the only setting
where inconsistent performance between PPOSB3 and others may become apparent due to
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(a) HalfCheetah-v4
HCleanRL

(b) Hopper-v4
HCleanRL

(c) Inv.Doub.Pend.-v4
HTorchRL

(d) Swimmer-v4 HSB3 (e) Swimmer-v4 Hppo (f) Walker2d-v4 HSB3

Figure 6: A highlight of inconsistent behaviour in PPO implementations by Stable Base-
lines 3, CleanRL, and TorchRL, using a similar hyperparameter configuration. The top
plots show the mean and standard deviation return over 30 evaluation episodes. Bottom
plots show the 95% confidence interval over the last reported evaluation mean and stan-
dard deviation.

differences in the formulas for value loss clipping. However, Figures 6a and 6b do not reveal
performance differences due to this.

The impact of individual code-level differences is difficult to isolate. For example, PPOTorchRL

may differ in performance due to its different orthogonal weight initialization, or show less
stability due to the absence of gradient clipping. Similarly, exploration differences that may
occur due to differences in action selection methodologies are difficult to expose. Figures 6d-f
show examples of cases where extreme performance differences across implementations can
be observed.

TD3 All results involving the consistency of TD3, as described in this section, can be found
in Appendix E: Figures 16 and 19, and Table 10.

The implementation TD3SB3 stands out the most. It uses a larger neural network than
TD3CleanRL and TD3TorchRL, which may both slow down training but also yield better
performance. Furthermore, TD3SB3 does not use exploration noise by default, which, in
contrast to TD3CleanRL and TD3TorchRL, may affect the policy robustness. Furthermore,
TD3SB3 trains on scaled actions, which may positively contribute to stability during training.
Lastly, TD3SB3 does not distinguish between truncation and termination. A combination of
these differences may either positively (see Figure 7f) or negatively (see Figure 7a, b, and e)
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(a) HalfCheetah-v4
HSB3

(b) Hopper-v4
HSB3

(c) Inv.Doub.Pend.-v4
HCleanRL

(d) Reacher-v4 Htd3 (e) Walker2d-v4 HSB3 (f) Walker2d-v4 HTorchRL

Figure 7: A highlight of inconsistent behaviour in TD3 implementations by Stable Base-
lines 3, CleanRL, and TorchRL, using a similar hyperparameter configuration. The top
plots show the mean and standard deviation return over 30 evaluation episodes. Bottom
plots show the 95% confidence interval over the last reported evaluation mean and stan-
dard deviation.

influence performance.

Similarly, we observe that TD3TorchRL and TD3CleanRL differ only between update ratios
(1000:1000 opposed to 1:1). We can see TD3TorchRL displaying more oscillations during
training in Figures 7b and f. Conversely, it could also show beneficial results, as seen in
Figures 7d and e

We hypothesize that the difference in performance across implementations in
InvertedPendulum-v4 and InvertedDoublePendulum-v4 (see Figure 7c) is because of
suboptimal starting seeds. The action space dimensionality of both environments is 1, and is
therefore prone to converging to local optima.

SAC All the results involving the consistency of SAC described in this section can be found
in Appendix E: Figures 17 and 20, and Table 11.

We observe differences in performance across SAC implementations. We assume that
the hyperparameters controlling the policy, Q-value, and temperature networks are likely
responsible for the observed differences. However, differences such as SACTorchRL using a
1000:1000 update ratio, SACSB3 using scaled actions for training, and the different formulas
as shown in Boxes 6 and 7 are important differences.
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(a) HalfCheetah-v4
HSB3

(b) HalfCheetah-v4
HTorchRL

(c) Swimmer-v4
HCleanRL

(d) Swimmer-v4 Hsac (e) Ant-v4 HCleanRL (f) Ant-v4 Hsac

Figure 8: A highlight of inconsistent behaviour in SAC implementations by Stable Base-
lines 3, CleanRL, and TorchRL, using a similar hyperparameter configuration. The top
plots show the mean and standard deviation return over 30 evaluation episodes. Bottom
plots show the 95% confidence interval over the last reported evaluation mean and stan-
dard deviation.

With the aforementioned differences, we also observe a significant difference between im-
plementations using HSB3 and HTorchRL. The only difference between these hyperparameter
configurations is the cold start delay. We identified differences in action selection (see Box
5), and the different domains within which log σθ is constrained. These differences in when
and where to explore, different formulations, and different learning rates are likely confounding
factors for the differences observed in Figure 8.

6.3 Relative ranking

All the results involving the relative ranking of PPO, TD3, and SAC under specific hyperpa-
rameter configurations can be found in Appendix E: Figures 21, 22, 23, 24, and 25.

In general, the relative ranking of the algorithms remains largely preserved. We used the
default hyperparameters provided by each framework. We observe that for the majority
of environments, the relative ranking of the implementations is similar. Furthermore, this
generally applies to experiments where HTorchRL or HOG are used.

There are a few exceptions to this statement. First, we observe that the magnitude of the
performance differences between implementations may not be preserved. Figure 9 shows an
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example where it can be argued whether the relative ranking of the implementations is still
preserved. This occurs most often in experiments using HCleanRL.

Figure 9: Relative ranking of algorithms of different baseline frameworks under the default
hyperparameters of HCleanRL, with the top plot showing the mean return during evalu-
ation and the bottom plot showing the 95% CI mean at the end of training. Although
the relative ranking is preserved, the magnitude of the performance differences between
implementations varies across frameworks.

Furthermore, we can also see that in some environments where we have used the default
hyperparameters from a single framework, the relative ranking is not preserved. This occurs
more often in environments Swimmer-v4 and Walker2d-v4. For example, in Figure 10, we can
see a clear segregation in implementation performance. This allows users to choose a specific
algorithm of a specific framework to use as a baseline.

Figure 10: Relative ranking of algorithms of different baseline frameworks under the de-
fault hyperparameters of HSB3, with the top plot showing the mean return during eval-
uation and the bottom plot showing the 95% CI mean at the end of training. Here, the
relative ranking of algorithms is not preserved across different baseline frameworks.

Lastly, we compare the relative ranking of implementations within each baseline framework,
using the default hyperparameters provided by that framework. Even under these conditions, we
observe large differences. In half of the experiments, it may be argued that the relative ranking
between algorithms is not preserved. We acknowledge that there are large differences in the
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hyperparameter configurations across baseline frameworks 5. As stated, baseline frameworks
have different design motivations. So the provided hyperparameter configurations may be
intended to reach state-of-the-art performance or to generally perform well across tasks. Figure
11 shows an extreme case where the relative ranking of implementations is not preserved across
frameworks. Reproducing experiments may be difficult without specifying the source of the
algorithm implementation.

Figure 11: Relative ranking of algorithms of different baseline frameworks under their
provided default hyperparameters, with the top plot showing the mean return during
evaluation and the bottom plot showing the 95% CI mean at the end of training. The
relative ranking is clearly not preserved across baseline frameworks.

7 Discussion

In this section, we discuss the limitations, possible extensions, and conclusions of our work.

7.1 Limitations

In this work, we used a more recent version of MuJoCo, compared to the algorithm papers.
The benefit of using a more recent version of MuJoCo is that our results are up to date
with current research. However, our results do not fully reproduce the original results. The
MuJoCo environment versions v1/v2 and v4 differ in reward functions, weighted penalties,
and numerical differences in the physics engine. While we have attempted to perform these
experiments on their respective original environment versions, we encountered difficulty
running the older mujoco-py binary files on the HPC. However, our results still give insight
into the differences between implementations.

This work utilizes three popular baseline frameworks and three state-of-the-art recent algo-
rithms. Although these algorithms and baseline frameworks are highly influential, this work
remains limited. Implementations using different machine learning backends, or originating
from a differently motivated baseline framework, may show additional implementation differ-
ences. Furthermore, considering a broader set of algorithms could reveal whether differences

5Furthermore, we experimented on the same environment setup, compared to the custom environment
setup in PPOCleanRL
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are more frequent in a specific class, like value-based methods or policy-based methods.

Furthermore, we acknowledge that using 5 seeds to show significant differences in performance
is the minimum number. Our experiments were limited to 8 environments, specifically the
Gymnasium MuJoCo suite. To reduce uncertainty, additional repetitions of each experiment
must be required. However, at this scale, repeating experiments is costly. We are using
3 baseline frameworks, 3 algorithms, 8 environments, 4 hyperparameter settings, and 5
repetitions, bringing the total number of experiments to 3 × 3 × 8 × 4 × 5 = 1440. Due to
time constraints, we were unable to perform an additional 1440 experiments.

We have performed an analysis of code-level differences across implementations from different
baseline frameworks. However, we have not thoroughly experimented with the impact
of individual differences on performance. Appendix C highlights some of the effects of
implementation details. We limited the scope of this work to exposing these differences and
will defer experiments on the magnitude of these differences to future work.

In some cases, the results show apparent differences in performance between implementations.
This is partly due to the way we have aligned hyperparameters. As each algorithm implemen-
tation by a baseline framework could offer a different collection of hyperparameters, we have
to distinguish between what is kept constant and what may vary. The assumption that the
most important hyperparameters are available to be adjusted in each implementation offers
enough flexibility to align these implementations correctly. However, this assumption may not
scale in larger settings.

7.2 Future work

There are several options for extensions to this work. For a start, this work is limited to
three baseline frameworks and three algorithms. A wider selection of baseline frameworks
and algorithms may be evaluated to determine whether differences are prevalent. The scope
could be enlarged by using other classes of algorithms and baseline frameworks motivated by
different design principles.

In this work, we have experimented with the Gymnasium MuJoCo suite, limiting our research
to 8 algorithms. In contrast, the work of Hundal et al. (2025) experimented on the full ALE
suite. To expose differences between implementations, a larger, more varied collection of
environments may be used.

Lastly, we limited the scope of this work to exposing inconsistent results among algorithms
via code-level differences. We did not focus on testing the impact of individual differences;
however, we only hypothesized how they may affect algorithm performance. Future work may
focus on exposing the relevance of these differences in more detail via an ablation study.

7.3 Conclusion

In this work, we investigated the consistency of the performance of implementations by
different baseline frameworks. We have chosen three influential baseline frameworks: Stable
Baselines 3, CleanRL, and TorchRL. Furthermore, we have chosen three state-of-the-art algo-
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rithms, PPO, TD3, and SAC. We questioned whether the performance of the implementations
matches the original results. Additionally, we examined the consistency of the performance
implementations under the same hyperparameter configuration. Lastly, we questioned how
the relative ranking of implementations by a single baseline framework is preserved across
other baseline frameworks.

We conducted a thorough code-level analysis on the implementations to uncover differences.
Furthermore, we have performed a reproduction study using the original hyperparameters on
the implementations by different baseline frameworks. Additionally, we applied the default
hyperparameters provided by the implementations and applied each one to others.

From our analysis, we found many code-level differences. These include differences in methods,
adjusted formulas, incorrect methodologies, and variations in the availability of hyperpa-
rameters. We used this analysis to clarify differences in performance throughout this work.
Furthermore, based on our results, implementations across baseline frameworks are mostly
able to match the original results. For the results where implementations perform statistically
better or worse, we are able to identify underlying causes. Additionally, the results obtained
from implementations of algorithms across baseline frameworks are not always consistent. We
observe that in some environments, the implementations produce different results under the
same hyperparameter configuration. The largest variability of results are observed across PPO
implementations. Similarly, due to the unavailability of hyperparameters, all implementations
across baselines slightly differ. Lastly, the relative ranking of implementations by a single
baseline framework against other baseline frameworks is mostly preserved. In some cases, we
observe a difference in the magnitude of the differences of implementation performance across
baseline frameworks.The relative ranking of implementations within each baseline framework,
using the default hyperparameters provided by that framework, is not preserved. This sug-
gests that reproduction without access to the source of the implementation becomes unreliable.

The paper by Henderson et al. (2018) has stated that the baseline used to compare the newly
implemented algorithms should have matching performance against the original algorithm.
We can conclude that the source of the implementation must be included. The assumption
that implementations across baseline frameworks are interchangeable does not hold, which is
in line with Hundal et al. (2025). Due to small variations between algorithm implementations,
even if they are provided by well-established baseline frameworks, they may contain differences
that could make relative comparisons unreliable. A mention of the implementation used for de-
velopment and comparison of algorithms must be included to ensure reliability and consistency.

Lastly, we empirically found aligning hyperparameters to be error-prone. It cannot be assumed
that the functionality of a hyperparameter is intuitively apparent. Methods and hyperparame-
ters must have a clear objective that must be apparent to the user. We advise careful experi-
mentation in future work.
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J. Benad, F. Röder, and M. Eppe. Scilab-rl: A software framework for efficient reinforcement
learning and cognitive modeling research. SoftwareX, 29:102064, 2025. ISSN 2352-7110.
doi: https://doi.org/10.1016/j.softx.2025.102064. URL https://www.sciencedirect.

com/science/article/pii/S2352711025000317.

F. Berto, C. Hua, J. Park, L. Luttmann, Y. Ma, F. Bu, J. Wang, H. Ye, M. Kim, S. Choi,
et al. Rl4co: an extensive reinforcement learning for combinatorial optimization benchmark.
arXiv preprint arXiv:2306.17100, 2023.

L. Biewald. Experiment tracking with weights and biases, 2020. URL https://www.wandb.

com/. Software available from wandb.com.

43

https://arxiv.org/abs/1605.08695
https://pubappslu.atlassian.net/wiki/spaces/HPCWIKI/overview
https://pubappslu.atlassian.net/wiki/spaces/HPCWIKI/overview
https://www.sciencedirect.com/science/article/pii/S2352711025000317
https://www.sciencedirect.com/science/article/pii/S2352711025000317
https://www.wandb.com/
https://www.wandb.com/
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and efficient distributed reinforcement learning platform. arXiv preprint arXiv:2310.00036,
2023.

R. S. Hundal, Y. Xiao, X. Cao, J. S. Dong, and M. Rigger. On the mistaken assumption
of interchangeable deep reinforcement learning implementations. In 2025 IEEE/ACM 47th
International Conference on Software Engineering (ICSE), pages 2225–2237, 2025. doi:
10.1109/ICSE55347.2025.00222.

M. Hutson. Artificial intelligence faces reproducibility crisis. Science, 359(6377):725–726,
2018. doi: 10.1126/science.359.6377.725. URL https://www.science.org/doi/abs/

10.1126/science.359.6377.725.

R. Islam, P. Henderson, M. Gomrokchi, and D. Precup. Reproducibility of benchmarked deep
reinforcement learning tasks for continuous control. arXiv preprint arXiv:1708.04133, 2017.

W. L. Keng and L. Graesser. Slm lab. https://github.com/kengz/SLM-Lab, 2017.

K. Khetarpal, Z. Ahmed, A. Cianflone, R. Islam, and J. Pineau. Re-evaluate: Reproducibility
in evaluating reinforcement learning algorithms. 2018.

46

https://arxiv.org/abs/1812.05905
https://arxiv.org/abs/1812.05905
https://proceedings.neurips.cc/paper_files/paper/2010/file/091d584fced301b442654dd8c23b3fc9-Paper.pdf
https://proceedings.neurips.cc/paper_files/paper/2010/file/091d584fced301b442654dd8c23b3fc9-Paper.pdf
https://github.com/hill-a/stable-baselines
https://iclr-blog-track.github.io/2022/03/25/ppo-implementation-details/
https://iclr-blog-track.github.io/2022/03/25/ppo-implementation-details/
http://jmlr.org/papers/v23/21-1342.html
http://jmlr.org/papers/v23/21-1342.html
https://www.science.org/doi/abs/10.1126/science.359.6377.725
https://www.science.org/doi/abs/10.1126/science.359.6377.725
https://github.com/kengz/SLM-Lab


S. Kolesnikov. Accelerated rl. https://github.com/catalyst-team/catalyst-rl, 2018.

A. Kuhnle, M. Schaarschmidt, and K. Fricke. Tensorforce: a tensorflow library for applied
reinforcement learning. Web page, 2017. URL https://github.com/tensorforce/

tensorforce.

S. Kullback and R. A. Leibler. On Information and Sufficiency. The Annals of Mathematical
Statistics, 22(1):79 – 86, 1951. doi: 10.1214/aoms/1177729694. URL https://doi.org/

10.1214/aoms/1177729694.
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A Notation

Symbol Explanation
S The state space
A The action space
P The transition function
r A reward
p0 The starting state distribution
s A state within the statespace S
dimS The dimensionality of the state space
a An action within the action space A
dimA The dimensionality of the action space
p(S) A distribution over the state space
t Time or timestep
s0 The starting state
τ A trace or episode
T The final timestep or total amount of timesteps
R(τ) The return: the discounted cumulative rewards of a trace τ
γ The discount factor
Gt(τ) The return starting from time t
J(θ) The objective function
pπθ(τ) The distribution of traces under policy πθ

π A policy
θ Parameters defining the policy
πθ(a|s) A stochastic policy parameterized by θ
πθ(s) A deterministic policy parameterized by θ
N (µ, σ2) A Gaussian distribution with mean µ and standard deviation σ2

ai An action value in dimension i, where 0 ≤ i ≤ A− 1
Alow The lower bound of the action space
Ahigh The higher bound of the action space
clip(x, l, u) Clipping function, defined by min(max(a, l), u)
V ϕ A state-value function, parameterized by ϕ
ϕ Parameters defining the state-value function
δt Temporal difference between the cumulative expected return via the

state-value function, and the state-value of the current state.
Qϕ A state-action value function, parameterized via ϕ
At(st, at) The advantage function, which is defined as Q(s, a)− V (s)
H(s) The entropy function, defined as Ea∼πθ(a|s)[− log πθ(a|s)πθ(a|s)]
HFW A hyperparameter configuration from a framework FW . The algorithm

is implicitly tied to the hyperparameter configuration.
ALGFW An algorithm [ALG] implemented by a specific framework FW
Ψt A performance measure
r(θ) The probability ratio between current and old policies πθ and πθold

KL Kullback-Leibler Divergence
c A threshold concerning the constraint in TRPO
β Alternative parameter weighing the penalty of the constraint
ϵ A policy clipping parameter used in PPO
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B A batch
|B| Size of the batch
AGAE Advantage via Generalized Advantage Estimation
λ Bias-variance trade-off hyperparameter in GAE
απ The policy network learning rate
M A minibatch
|M | Size of the minibatch
Lπ Policy loss
LV State-value loss
ϵV A value clipping parameter used in PPO
LH Entropy loss
c1 State-value loss weight
c2 Entropy loss weight
D Replay buffer
|D| Size of the replay buffer
Qϕ′

A target state-action value function, parameterized via ϕ′

σ2 The standard deviation term of the Gaussian noise added in action
selection

σ2′ Target noise scale Gaussian standard deviation
b The target noise boundary
y The TD target
τp The Polyak averaging tau
fθ(ϵ, s) The reparameterization trick, via µθ(s) + σθ(s) · ϵ
α The temperature parameter
αV The state-value network learning rate
αH The temperature network learning rate
Lα The entropy loss

B Experimentation codebase

In this section, we will concisely explain the API that allowed us to experiment on a large
scale. The code is published in its entirety on this GitHub repository.

Every framework has its own requirements, and we adhered to these requirements in this work.
This means that we cannot use a single collection of packages and one Python version. Instead,
we used the environment management system Conda. To set up the environments, simply run

bash se tup . sh − a l l

which sets up frameworks Stable Baselines 3, CleanRL, and TorchRL in Python 3.9.0, Python
3.8.3, and Python 3.9.21, respectively. Furthermore, it installs the required packages provided
by the installation guide for each framework. The sequential use of yml files and sh files
allows us to set up the frameworks completely according to their installation guide, along
with an accessible way to include frameworks beyond the scope of this research. The correct
environment is automatically used for experimentation. To make a specific algorithm work
with our framework, a stub between the automatically called file train [alg].py and the
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baseline framework’s implementation of said algorithm has to be hand-coded.

Through SLURM jobs, we have access to perform repeated experiments in parallel. We included
a simple file to set up SLURM jobs. To run a job, enter

bash job . sh [−−fw FW] [−−a l g ALG ] [−−env ENV] [−− s t e p s STEPS ]
[−− r ep REP ] [−−t ime TIME ] [−−par PAR] [−−mem MEM] [−−hps HPS]

The following parameters can be supplied:

• The framework fw ∈ {SB3, CleanRL, TorchRL};

• The algorithm alg ∈ {ppo, td3, sac};

• The environment env, which must be compatible with the Gymnasium framework. Some
suites, like ALE, require additional setup. A version of the environment must be provided,
e.g. env=HalfCheetah-v4;

• The total training timesteps steps;

• The number of repetitions rep, which is denoted by an SLURM array job [1-rep];

• The total allowed computation time time. We suggest 24:00:00, 48:00:00, and 72:00:00
for the algorithms ppo, td3, and sac, respectively;

• The computation partition par;

• The total allowed memory usage mem. We suggest mem=4G;

• The hyperparameter configuration hps, which is a path to a YAML file.

The flexibility of providing the path of the hyperparameters instead of the individual
hyperparameters allows for high maintenance. Furthermore, it keeps a clear overview of what
hyperparameters are being used in each experiment.

The results of each experiment can be found within
./[fw]/results/[alg] [env] [steps]/[hps], where each repetition of an experi-
ment is placed within a different folder. Each SLURM output file contains the list of
hyperparameters used, such that each experiment can easily be identified. A collection of jobs
can be found in ./exps. As a sidenote, each experiment can be run individually and outside
of the SLURM job context via

conda a c t i v a t e [ fw ]
python . / [ fw ] / t r a i n [ a l g ] . py [−−env ENV] [−− s t e p s STEPS ] [−−hps HPS]

where the parameters within brackets are similar to the aforementioned parameters.

We provide some utility whilst experimenting, such as formatting YAML hyperparameter files,
environment wrapper functions, and job generators. Furthermore, HPCs may fail or re-queue
jobs, which may stay unnoticed during large-scale experimentation. The file checkruns.py

brute-force reads out each experiment to validate it.
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The plots of the results within this research can be generated via the respective plotting files.
A cache is saved when reading out an experiment, which allows faster plot generation. Beware
that if experiments are rerun, this cache must be manually removed, or it will use the old
results when plotting.

C Analysis code-level differences

This section explores the effect of some of the code-level differences we found across frame-
works. Since the emphasis is on exposing differences rather than measuring their influence on
algorithm performance, this subject is not the main focus of this work. However, we would like
to emphasize some of the differences and their effects to illustrate how they contribute to our
results.

C.1 Wrappers

Environment wrappers may help stabilize training via feedback transformations, but can also
be utilized for input transformation and statistical logging. In this section, we will cover the
feedback-altering wrappers that are applied in PPOCleanRL and how they affect performance.

Action clipping Action clipping is an input-altering wrapper for environments to ensure
a ∼ πθ(a|s) is bounded [Alow,Ahigh]. This is done via clip(a,Alow,Ahigh).

Normalization Normalization wrappers ensure that observations and/or rewards are nor-
malized with unit variance. An internal distribution is tracked, and the mean and standard
deviation are updated with each instance (Welford, 1962; Chan et al., 1982). This distribution
is also used during the evaluation of πθ(a|s). A copy of the distribution is used such that it is
not updated during evaluation. Rewards are not normalized during evaluation.

Transformation Transformation wrappers apply a mapping f : Rdimx → Rdimx to some
instance x. For instance, x could be clipped or scaled to some domain.

PPOCleanRL comes equipped with action clipping, observation and reward normalization, and
observation and reward transformation wrappers. To illustrate the effects of these wrappers,
we performed experiments where we consistently applied these wrappers across PPOSB3 and
PPOCleanRL. We use both unwrapped and wrapped environment setups across three environ-
ments that vary in difficulty. These can be observed in Figure 12. We can see that the impact
of wrappers is more significant, the more difficult the environment. Furthermore, especially
apparent in Ant-v4, it illustrates how the ranking of the implementations is affected.

C.2 Vectorized environments

Environment vectorization refers to the process of using multiple environments in parallel. This
speeds up training by more efficient use of computational resources (Liang et al., 2018; Raffin
et al., 2021). Furthermore, the support of asynchronous vectorization speeds up computation
by eliminating the requirement for all environments to finish (Weng et al., 2022b). However,
there is a trade-off between the number of parallel environments and performance. Using
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(a) Unwrapped CartPole-v1 (b) Wrapped CartPole-v1

(c) Unwrapped HalfCheetah-v4 (d) Wrapped HalfCheetah-v4

(e) Unwrapped Ant-v4 (f) Wrapped Ant-v4

Figure 12: Pairwise PPOSB3 and PPOCleanRL withHSB3 andHCleanRL applied on CartPole-
v1 (ab), HalfCheetah-v4 (cd), and Ant-v4 (ef). The environments in plots a, c, and e use
no feedback-altering wrappers. The environments in plots b, d, and f use observation
normalization and transformation (clip(s,−10, 10)) and reward normalization and trans-
formation (clip(r,−10, 10)).

fewer parallel environments is often more stable, but it is slow. In contrast, more parallel
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environments yield non-diverse data, but cover more of the statespace (Mnih et al., 2016).
A collection of algorithms is designed to approach this problem, for instance, via V-trace
(Espeholt et al., 2018) or via importance sampling (Christianos et al., 2020).

Vectorization may affect plug-and-play usage, limiting the set of supported environments
(Petrenko et al., 2020). Furthermore, differences in data collection may appear. Depending on
how vectorization is implemented, the last transition of an episode might differ in what next
state is returned: s0 or sT (Towers et al., 2025). Huang et al. (2022b) has pointed out that
the results produced at the time with their EnvPool (Weng et al., 2022b) implementation are
inconsistent with Gymnasium (Towers et al., 2024), but they claim to believe it has not had
much impact.

The definition of vectorization should be similar across implementations. During experimen-
tation, we empirically found that vectorization did not yield any positive time difference in
CleanRL: both unvectorized and vectorized environments took roughly the same time to train,
considering that every other influential parameter is constant between the two experiments.
This led to the experiment seen in Figure 13, where we only differed in the usage of vector-
ization applied in SAC. Due to SACPPO not accounting for the multiplied amount of samples
seen per timestep, it processes a factor nenvs more samples.

(a) No vectorization (nenvs = 1) (b) Vectorization with nenvs = 8

Figure 13: Task HalfCheetah-v4 applied on SAC with its respective hyperparameters.
Plot (a) shows this experiment with a single environment whilst training, whilst plot (b)
shows this experiment using 8 parallel environments. CleanRL does not account for more
sampling if using nenvs > 1: it processes 8 times more samples per accounted timestep.

C.3 Action selection

We found that action space enforcement differs among all implementations. The two methods,
clipping and tanh with upscaling, are assumed to be interchangeable. This has led us to look
into the effects of the action distributions that both methods yield.

Given a Gaussian distribution N (µθ(s), σ
2
θ(s)) with parameterized µθ and σ2

θ dependent on
state s as the untransformed distribution, we can note drawing action a from this distribution
as

a ∼ N (µθ(s), σ
2
θ(s))
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Furthermore, we can define the Gaussian distributions to follow the aforementioned methods
as

N clip := clip(N (µθ(s), σ
2
θ(s)),Alow,Ahigh)

N tanh := tanh(N (µθ(s), σ
2
θ(s)))

Ahigh −Alow

2
+
Ahigh +Alow

2

We may assume that a policy becomes more deterministic during training. This leads the
value of σ2

θ(s) to approach 0. With small σ2
θ(s), we notice that the distributions N clip and

N tanh remain similar around µθ = 0. However, the distributions differ when µθ approaches
the action space bounds [Alow,Ahigh].

Figure 14 shows both distributions using µθ = 0 and µθ = −0.6 for small σ2
θ = 0.1. It illustrates

that the distributions may differ in both distribution and mean, with the latter influencing the
deterministic behavior of the policy. This could impact training time when the optimal µ∗

θ(s)
is close to the action space boundaries. Furthermore, it may affect exploration at the start
of training, as N clip favors actions near the action space bounds, as opposed to a uniform
exploration via N tanh. Lastly, it shows that implementations where a different action space
enforcement method is used have non-interchangeable network parameters.

(a) µθ = 0, σ2
θ = 0.1, [Alow,Ahigh] =

[−1, 1]
(b) µθ = −0.6, σ2

θ = 0.1, [Alow,Ahigh] =
[−1, 1]

Figure 14: The action distributions under the aforementioned actionspace-bounding
methodologies. Assuming a progressively more deterministic policy πθ(a|s), we illustrate
how the action distributions across both methods differ. The mean of the distributions is
given by the darker vertical line extending from the x-axis. Denote the original distribution
as exactly overlapping with N clip.

D Hyperparameter definitions
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E All experimental results

HPS FW HalfCheetah-v4 Ant-v4 Hopper-v4 Walker2d-v4
SB3 SB3 2241.9±873.1 3889.4±606.8 2626.3±360.1 4034.8±450.3
SB3 CleanRL 2242.9±1060.0 3059.1±481.3 2681.0±291.1 2728.3±559.2
SB3 TorchRL 3485.0±1229.9 3469.6±733.9 2701.7±477.2 2658.4±688.0

CleanRL SB3 1646.4±83.6 2445.7±274.6 2785.2±459.2 1711.8±514.9
CleanRL CleanRL 2100.4±834.3 1771.9±339.4 1457.5±687.3 2329.2±302.1
CleanRL TorchRL 3889.0±1086.1 3763.7±618.9 2736.0±490.0 2073.6±500.0
TorchRL SB3 2114.7±840.1 3688.3±607.2 3171.3±417.6 2406.9±957.6
TorchRL CleanRL 1702.0±125.2 2607.0±523.1 2216.7±451.0 2803.7±662.0
TorchRL TorchRL 3129.6±1564.2 3715.5±932.4 3272.4±368.3 2770.4±766.1

ppo SB3 2839.1±1087.6 2709.6±394.1 1626.0±389.8 1736.8±538.0
ppo CleanRL 1947.1±709.0 1960.9±410.9 2792.9±852.0 2471.4±763.8
ppo TorchRL 3093.9±1124.9 1256.8±520.4 1557.3±751.3 1459.9±815.7

HPS FW Inv.Pend.-v4 Inv.Doub.Pend.-v4 Swimmer-v4 Reacher-v4
SB3 SB3 1000.0±0.0 7537.4±1024.4 98.7±23.8 -4.5±0.5
SB3 CleanRL 1000.0±0.0 9351.9±13.1 104.6±2.4 -6.0±1.0
SB3 TorchRL 1000.0±0.0 7709.9±1540.6 51.9±13.4 -5.4±1.0

CleanRL SB3 987.5±22.0 9354.1±9.3 47.0±2.2 -4.2±0.4
CleanRL CleanRL 971.7±49.6 9349.0±11.4 50.1±1.5 -5.1±0.7
CleanRL TorchRL 1000.0±0.0 8693.6±459.2 78.0±21.2 -5.6±1.0
TorchRL SB3 1000.0±0.0 7598.6±1400.8 81.6±27.6 -4.4±0.2
TorchRL CleanRL 1000.0±0.0 9339.1±15.5 68.9±19.3 -5.6±0.8
TorchRL TorchRL 1000.0±0.0 8005.3±1115.7 61.2±15.2 -5.8±0.6

ppo SB3 1000.0±0.0 1642.9±1446.2 121.1±4.1 -4.1±0.3
ppo CleanRL 1000.0±0.0 9357.8±2.8 86.6±17.2 -4.9±0.3
ppo TorchRL 1000.0±0.0 4044.5±2883.7 53.7±23.2 -5.6±1.3

Table 9: Mean and CI 95%. of PPO of the last 30 evaluation episodes, in line with Figures
15 and 18.

HPS FW HalfCheetah-v4 Ant-v4 Hopper-v4 Walker2d-v4
SB3 SB3 4804.3±2282.7 3690.6±290.0 1566.4±1520.6 2618.0±1580.9
SB3 CleanRL 9851.9±3300.1 3013.3±1050.0 2328.2±1119.2 4910.6±344.7
SB3 TorchRL 9037.4±3041.8 4470.5±954.3 3405.3±452.7 5446.7±298.0

CleanRL SB3 12030.0±425.0 4956.5±2301.8 3006.3±1076.8 4359.0±922.8
CleanRL CleanRL 13213.2±664.8 5390.3±967.1 3683.3±36.1 4548.4±372.0
CleanRL TorchRL 14168.3±546.5 6676.4±221.3 3667.9±27.7 4845.0±168.0
TorchRL SB3 12056.9±1087.8 6054.5±202.7 3617.4±33.8 5153.5±565.1
TorchRL CleanRL 13228.6±507.6 5392.3±819.7 2931.9±1131.7 5136.1±217.8
TorchRL TorchRL 13805.6±728.4 6397.6±373.4 2310.0±1015.6 4710.6±405.4

td3 SB3 11984.2±741.5 6498.1±299.8 3535.7±135.9 5035.5±443.7
td3 CleanRL 13554.0±665.4 5676.5±915.0 3608.0±81.4 4911.7±324.5
td3 TorchRL 13314.5±664.3 6511.8±235.3 3649.4±71.8 4547.1±148.3

HPS FW Inv.Pend.-v4 Inv.Doub.Pend.-v4 Swimmer-v4 Reacher-v4
SB3 SB3 800.6±349.6 4792.2±3646.6 50.1±40.2 -4.7±0.6
SB3 CleanRL 860.2±245.1 4055.0±3792.2 78.8±27.4 -3.7±0.2
SB3 TorchRL 1000.0±0.0 7491.9±3268.0 105.3±26.6 -3.8±1.3

CleanRL SB3 1000.0±0.0 7462.1±3256.6 125.0±12.1 -4.4±0.3
CleanRL CleanRL 1000.0±0.0 5716.5±3897.6 135.6±2.2 -3.7±0.2
CleanRL TorchRL 838.6±282.9 9345.0±8.4 134.8±3.2 -3.3±1.3
TorchRL SB3 962.1±66.4 9319.2±0.5 121.3±12.1 -4.8±0.4
TorchRL CleanRL 1000.0±0.0 6200.7±3471.3 133.6±11.8 -3.5±0.1
TorchRL TorchRL 1000.0±0.0 7598.3±3052.3 128.7±12.4 -4.2±0.9

td3 SB3 1000.0±0.0 9318.4±1.5 127.3±7.1 -5.0±0.8
td3 CleanRL 1000.0±0.0 7482.5±3266.2 110.7±27.1 -3.6±0.2
td3 TorchRL 1000.0±0.0 9336.9±8.2 128.4±7.5 -3.3±1.1

Table 10: Mean and CI 95%. of TD3 of the last 30 evaluation episodes, in line with Figures
16 and 19.
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HPS FW HalfCheetah-v4 Ant-v4 Hopper-v4 Walker2d-v4
SB3 SB3 4366.1±2997.6 5746.4±748.5 2595.6±880.8 5063.2±719.6
SB3 CleanRL 10856.9±3683.7 5286.2±931.8 3026.4±637.4 5504.1±389.7
SB3 TorchRL 12691.1±333.4 5548.0±1864.5 2947.9±773.2 4783.6±1759.8

CleanRL SB3 15949.7±133.7 4245.0±2646.6 2509.1±600.6 5706.4±350.7
CleanRL CleanRL 14899.1±733.4 5297.1±849.5 2858.5±382.7 5736.4±164.1
CleanRL TorchRL 9985.1±4420.4 6796.0±249.1 3061.5±768.7 5233.9±461.7
TorchRL SB3 15047.3±423.6 4924.8±1152.4 2055.9±585.3 5580.5±217.8
TorchRL CleanRL 15867.5±208.3 5157.0±1146.1 3071.5±515.9 4393.2±914.1
TorchRL TorchRL 11216.3±1967.5 4853.8±3448.7 2997.7±1081.9 3719.3±1442.6

sac SB3 11219.1±3868.6 5304.8±616.4 2417.8±546.6 5600.1±208.8
sac CleanRL 10901.1±3786.6 5221.5±1142.5 2731.7±585.4 4523.7±1042.2
sac TorchRL 10443.0±3447.9 6817.6±232.2 3276.6±871.9 3143.3±2290.5

HPS FW Inv.Pend.-v4 Inv.Doub.Pend.-v4 Swimmer-v4 Reacher-v4
SB3 SB3 1000.0±0.0 9359.3±0.6 114.4±20.4 -3.7±0.2
SB3 CleanRL 1000.0±0.0 9353.2±7.3 118.2±28.5 -3.5±0.1
SB3 TorchRL 800.6±349.6 7497.9±3257.9 80.0±52.8 -3.7±0.6

CleanRL SB3 1000.0±0.0 9359.4±0.4 108.3±10.1 -3.6±0.2
CleanRL CleanRL 1000.0±0.0 9352.4±7.1 71.3±24.5 -3.6±0.2
CleanRL TorchRL 1000.0±0.0 9357.4±1.9 67.1±39.4 -3.4±0.8
TorchRL SB3 1000.0±0.0 9357.1±1.4 108.3±27.0 -3.6±0.2
TorchRL CleanRL 859.5±246.3 9353.7±2.2 71.7±32.9 -3.5±0.2
TorchRL TorchRL 800.6±349.6 9357.3±1.2 93.2±31.4 -4.0±0.6

sac SB3 1000.0±0.0 9358.6±0.8 114.7±26.6 -3.4±0.3
sac CleanRL 1000.0±0.0 9354.3±4.5 74.3±24.5 -3.5±0.1
sac TorchRL 1000.0±0.0 7492.8±3268.3 43.4±37.6 -2.7±1.5

Table 11: Mean and CI 95%. of SAC of the last 30 evaluation episodes, in line with Figures
17 and 20.

Figure 15: The 95% confidence interval for the mean performance for PPO under different
hyperparameter configurations and various frameworks.
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Figure 16: The 95% confidence interval for the mean performance for TD3 under different
hyperparameter configurations and various frameworks.

Figure 17: The 95% confidence interval for the mean performance for SAC under different
hyperparameter configurations and various frameworks.
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Figure 18: A comparison between different implementations of PPO by baseline frame-
works, using the default hyperparameter set (columns) of each baseline framework’s im-
plementation of PPO, with the additional original hyperparameter configuration as given
by Schulman et al. (2017).
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Figure 19: A comparison between different implementations of TD3 by baseline frame-
works, using the default hyperparameter set (columns) of each baseline framework’s im-
plementation of TD3, with the additional original hyperparameter configuration as given
by Fujimoto et al. (2018).
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Figure 20: A comparison between different implementations of SAC by baseline frame-
works, using the default hyperparameter set (columns) of each baseline framework’s im-
plementation of SAC, with the additional original hyperparameter configuration as given
by Haarnoja et al. (2019).
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Figure 21: A comparison between the relative ranking of the algorithms PPO, TD3, and
SAC, by each baseline framework (columns) under the default hyperparameters of Stable
Baselines 3 for each algorithm.
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Figure 22: A comparison between the relative ranking of the algorithms PPO, TD3,
and SAC, by each baseline framework (columns) under the default hyperparameters of
CleanRL for each algorithm.
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Figure 23: A comparison between the relative ranking of the algorithms PPO, TD3,
and SAC, by each baseline framework (columns) under the default hyperparameters of
TorchRL for each algorithm.
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Figure 24: A comparison between the relative ranking of the algorithms PPO, TD3, and
SAC, by each baseline framework (columns) under the hyperparameters reported by the
original algorithm papers for each algorithm.
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Figure 25: A comparison between the relative ranking of the algorithms PPO, TD3, and
SAC, by each baseline framework (columns) under the default hyperparameters of the
same baseline framework.
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