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Summary

This paper provides evidence that sample efficiency alone is not enough to assess
reinforcement-learning algorithms for transfer-oriented applications. First, while SAC and
TD-MPC2 generally learn with fewer interactions, massively parallel PPO can produce a per-
formant policy faster in terms of wall-clock time under commonly used training setups. Fur-
ther, the effects of domain randomization do not appear to be algorithm-specific and depend
on the task, algorithm, training coverage, and evaluation regime. Therefore, we recommend
practitioners to consider the combination of interaction efficiency, wall-clock performance,
and robustness under dynamics mismatch when selecting and evaluating RL algorithms for
transfer-oriented applications.

Contribution(s)

1. Highlighting the gap between conventional evaluation criteria and practical transfer con-
straints.
Context: Wall-clock time is a primary operational constraint for many RL practitioners.
Simulator interactions are relatively inexpensive in modern simulation-training pipelines
and can be generated at scale. This can enable practitioners to obtain a useful and reliable
policy within a limited time budget. We show that the ranking of commonly used algo-
rithms under time-based evaluation criteria can differ from that suggested by conventional
interaction-based sample-efficiency criteria.

2. Through a controlled comparison across five domain-randomization levels and two zero-

shot transfer regimes, we find that PPO, SAC, and TD-MPC2 can all benefit from domain
randomization, with no consistent advantage for any algorithm; its effect remains task-,
algorithm-, coverage-, and regime-dependent.
Context: PPO is widely used with domain randomization in sim-to-real pipelines,
whereas the behavior of SAC and TD-MPC2—used widely for their relatively high sam-
ple efficiency—is not understood well under comparable randomized training conditions.
This paper provides a comprehensive empirical analysis of these algorithms to help practi-
tioners make informed choices when working in transfer-oriented applications.
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Abstract

Transfer-oriented reinforcement learning requires evaluating algorithms along dimen-
sions that go beyond standard sample efficiency. We focus on two dimensions: prac-
tical efficiency, which asks whether conclusions about algorithm suitability change un-
der wall-clock rather than interaction-based budgets, and robustness under dynamics
mismatch, which asks how different learning paradigms respond to variability in the
training distribution induced by domain randomization. We provide two insights to
reinforcement-learning practitioners. First, comparing the sample efficiency of differ-
ent algorithms is often an insufficient criteria in transfer-oriented settings. The wall-
clock time required to train a decent policy is an important consideration for prac-
titioners, and we find that the sample-inefficient PPO algorithm can result in a per-
formant policy faster than the relatively more sample efficient algorithms like SAC
and TD-MPC2—validating the common knowledge about massively parallel training
paradigms. Second, domain randomization can help different kinds of algorithms learn
robust policies. In particular, despite PPO, SAC, and TD-MPC2 representing differ-
ent RL paradigms—on-policy, off-policy, and model-based learning and planning—we
found that domain randomization affects all three algorithms in a similar way. To the
best of our knowledge, this is the first controlled comparison of the effect of domain-
randomization coverage on PPO, SAC, and TD-MPC2 under the same transfer protocol.
Taken together, these two insights highlight the importance of evaluating RL algorithms
not only by sample efficiency, but also by practical considerations such as training time
and the algorithms’ ability to produce usable policies.

1 Introduction

Reinforcement learning (RL) has made significant progress in recent years, particularly in
continuous-control domains, where methods such as SAC and TD-MPC2 have demonstrated strong
performance under standard evaluation protocols (Haarnoja et al., 2018; Hansen et al., 2024). These
methods are commonly developed and assessed with an emphasis on sample efficiency and final
performance, reflecting a broader focus within the RL community on interaction-based evaluation.
Transfer-oriented applications, however, require evaluating algorithms along dimensions that go
beyond standard sample efficiency. In particular, algorithm suitability depends both on practical



Reinforcement Learning Journal 2026

efficiency—whether a performant policy can be obtained within a realistic wall-clock budget—and
on robustness under dynamics mismatch—whether the learned policy remains effective when the
evaluation dynamics differ from those encountered during training.

These two dimensions expose potential gaps between conventional evaluation protocols and the
practical requirements of transfer-oriented workflows. In sim-to-sim and sim-to-real applications,
Proximal Policy Optimization (PPO; Schulman et al., 2017) is widely regarded as sample inefficient
under conventional benchmarks, yet it remains widely used in practical transfer pipelines. At the
same time, domain randomization (DR; Tobin et al., 2017) is commonly used to improve robustness
to dynamics mismatch, although it remains unclear whether different RL paradigms respond differ-
ently to the variability it introduces. Together, these observations raise two related questions: do
conclusions about algorithm suitability change when training is evaluated under wall-clock rather
than interaction-based budgets, and do different learning paradigms respond differently to increas-
ing variability in the training distribution?

The first question concerns practical efficiency. Transfer-oriented workflows are often governed
by constraints that are not well captured by interaction-based evaluation alone. In many simulated
training pipelines, environment interactions are relatively inexpensive and can be generated at scale,
whereas wall-clock time remains a primary operational constraint. Practitioners often care about
obtaining a reliable and sufficiently performant policy within a limited training-time budget and
therefore value properties such as scalability under parallel simulation, stability, reproducibility,
and time-to-performance. Under such conditions, the ranking of algorithms may differ from that
suggested by conventional sample-efficiency comparisons (e.g., see Henderson et al., 2018). In
particular, an algorithm that requires more interactions may nevertheless produce a usable policy
sooner if it can exploit massively parallel simulation more effectively.

The second question concerns robustness under dynamics mismatch. Suitability for transfer de-
pends not only on how quickly a policy can be obtained, but also on how well it generalizes when
the deployment dynamics differ from the nominal training dynamics. Domain randomization ad-
dresses this mismatch by exposing policies to a distribution of environment dynamics during train-
ing. Although PPO has repeatedly been paired with domain randomization in sim-to-real pipelines
(Handa et al., 2023; Andrychowicz et al., 2020), the relative robustness of different RL paradigms
under matched randomized dynamics has not been systematically established. It therefore remains
unclear whether on-policy, off-policy, and model-based methods respond differently to increasing
domain-randomization coverage, or whether transfer robustness is governed more directly by how
the training distribution is constructed.

To study these questions, we conduct a systematic comparison of PPO, Soft Actor-Critic (SAC;
Haarnoja et al., 2018), and TD-MPC2 (Hansen et al., 2024) in zero-shot sim-to-sim transfer across
a diverse suite of continuous-control tasks. We evaluate these methods under both interaction-based
and wall-clock budgets to examine how conclusions about practical efficiency change across evalu-
ation axes. In parallel, we vary the coverage of the training distribution through domain randomiza-
tion to study how the three learning paradigms respond to dynamics mismatch.

Our results show that conclusions about algorithm suitability depend strongly on the evaluation axis.
Under interaction-based evaluation, SAC and TD-MPC2 are generally more sample efficient than
PPO. Under wall-clock evaluation, however, PPO with parallel environments often reaches compet-
itive performance earlier than the SAC and TD-MPC2 configurations considered in this study. In the
transfer experiments, domain randomization does not systematically favor or disadvantage any par-
ticular algorithmic paradigm. Instead, its effect depends on the task, algorithm, training-distribution
coverage, and evaluation regime. We support these findings through a controlled comparison of
PPO, SAC, and TD-MPC?2 across 18 continuous-control tasks, five domain-randomization levels,
and two zero-shot sim-to-sim evaluation regimes. Together, these results show that algorithm suit-
ability for transfer depends both on the evaluation axis and on how the training distribution is con-
structed.
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2 Related Work

Algorithmic trade-offs in continuous control. PPO, SAC, and TD-MPC?2 represent three ma-
jor algorithmic paradigms in modern continuous-control RL. PPO emphasizes simple and stable
optimization motivated by on-policy learning (Schulman et al., 2017). SAC improves sample ef-
ficiency through off-policy learning through a large replay buffer and was explicitly motivated in
part by the need for greater stability and sample efficiency in real-time robot learning (Haarnoja
et al., 2018). TD-MPC and TD-MPC2 pursue further gains in interaction efficiency by combining
learned dynamics model with online planning, and report strong results on standard continuous-
control benchmarks (Hansen et al., 2022; 2024). On the other hand, PPO is predominantly used in
robotic training pipelines, which leverage its ability to exploit massive simulator parallelism (Rudin
et al., 2022). Such parallelism has not been widely employed with SAC or TD-MPC2, even when
they are used for sim-to-real transfer, examples of which are few and far between (e.g., Rizzardo
etal., 2023; Yin et al., 2025). Using massive parallelization with SAC is an active research area with
signs of progress observed in a few notable works (Li et al., 2023; Raffin, 2025; Huang et al., 2026).
Narendra et al. (2025) noted diminishing stability of TD-MPC2 when utilized with a higher-degree
of parallelism and attributed the difficulty to the off-policy nature of these algorithms. Instead of
introducing new algorithmic innovations, our paper focuses on comparing these three existing algo-
rithms in their canonical and commonly used form and shifts the emphasis from sample efficiency
to suitability under transfer-oriented constraints, where training time becomes a primary concern.

Evaluation axes. Interaction-based evaluation is the most common paradigm in the RL literature
that presents new algorithmic ideas. The motivation for this paradigm is sample efficiency: does the
new algorithmic idea result in faster learning and good performance with a fixed budget of agent-
environment interactions across a range of representative problems (e.g., Schulman et al., 2017;
Sutton & Barto, 2018; Wan et al., 2021; Vasan et al., 2024)? On the other hand, some papers
introduce (what we call) infrastructural insights of running existing algorithm more efficiently on
the underlying hardware (e.g., using parallel threads, distributed computation). These tend to use
time-based evaluations to showcase the benefit of, say, parallelization over a serial approach (e.g.,
Nair et al., 2015; Mnih et al., 2016; Heess et al., 2017; Horgan et al., 2018; Zakka et al., 2025).
Such time-based evaluation is also relevant in transfer settings: when RL is used to solve specific
problems (virtual—like a particular game such as AlphaGo—or real—such as a robotic picking
task), the best learned policy is transferred to the deployment setting, whether the computer playing
against a human, or the robot performing the picking task.

Transfer under dynamics mismatch. A large body of work studies transfer from simulation to
deployment by broadening the training distribution to reduce the reality gap. Early results showed
that visual randomization can enable perception and control policies trained only in simulation to
transfer without target-domain images (Sadeghi & Levine, 2017; Tobin et al., 2017). For control,
dynamics randomization became a standard approach for zero-shot transfer, with successful demon-
strations in robotic manipulation and locomotion (Peng et al., 2018; Tan et al., 2018). Subsequent
work asked how the randomization distribution itself should be chosen, either through automatic
curricula such as automatic domain randomization or through adaptive schemes such as Active Do-
main Randomization (Akkaya et al., 2019; Mehta et al., 2020). More recent theory formalizes
domain randomization as learning over a family of parameterized MDPs and studies when random-
ized training can reduce the sim-to-real gap (Chen et al., 2021). Our work is complementary to this
literature: rather than proposing a new randomization scheme, we ask whether changing the breadth
of the training distribution alters the relative suitability of different RL algorithms.

3 Problem Setting

In transfer-oriented reinforcement learning, algorithm suitability depends on two complementary
dimensions. The first is practical efficiency: how quickly a useful policy can be obtained under the
operational constraints of a transfer pipeline. The second is robustness under dynamics mismatch:
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Table 1: Training coverage vs. evaluation regimes. Relationship between the support of the train-
ing context distribution p.,,i, and the fixed evaluation regimes. “In-support” indicates evaluation
contexts lie within supp(perain), “Out-of-support” indicates they lie outside, and “Partially out-of-
support” indicates mixed coverage depending on context dimensions and regime.

Evaluation Regime Nominal Narrow Moderate Broad Extensive
Nominal-Centered Out-of-support (except nominal point) In-support In-support In-support  In-support
Shifted Out-of-support Out-of-support  Partially out-of-support  In-support In-support

how well a policy trained in simulation generalizes when deployed under environment dynamics
that differ from those seen during training. These dimensions are not fully captured by conventional
evaluation protocols that prioritize sample efficiency alone. We therefore first distinguish between
interaction-based and wall-clock-based evaluation axes, and then formalize transfer as generaliza-
tion across context distributions. This formulation allows us to study how shaping the training
distribution through domain randomization affects robustness under dynamics mismatch.

3.1 Practical Transfer Constraints and Evaluation Axes

In simulated transfer settings, environment interactions are often inexpensive and can be generated at
scale using modern compute resources such as parallel environments or GPU-accelerated simulation.
As a result, performance is no longer limited solely by the number of interactions collected, but by
the time required to produce a policy that performs reliably under dynamics mismatch. Conventional
reinforcement learning evaluations emphasize interaction-based performance, measuring returns as
a function of environment samples and prioritizing sample efficiency. However, in transfer-oriented
pipelines where simulations are cheap and parallelization is available, interaction budgets can often
be expanded without significant operational cost. In contrast, wall-clock time remains a critical
constraint, governing iteration speed, experimentation cycles, and deployment readiness.

To capture this distinction, we consider two complementary evaluation axes. The interaction-based
axis measures performance as a function of collected experience and reflects conventional notions of
sample efficiency. This perspective prioritizes learning progress per environment interaction and is
widely used in algorithm benchmarking. The time-based axis measures performance as a function
of wall-clock training time and reflects practical considerations in simulation-driven transfer work-
flows. Under time constraints, factors that are less visible in interaction-based evaluation may be-
come decisive, including training stability, variability across runs, and the best performance achieved
within a fixed time budget. Furthermore, an algorithm’s ability to exploit environment parallelism
directly influences throughput and thus time-to-performance, making parallelizability an important
practical consideration.

3.2 Transfer as Generalization Across Contexts

We model transfer under dynamics mismatch using a contextual Markov decision process (CMDP).
Let the environment dynamics depend on a latent context variable # € O, which parameterizes
physical properties such as mass, friction, damping, actuator strength, or latency. The transition
dynamics are therefore defined as p(s’|s, a,f). Training occurs under contexts sampled from a
distribution 6 ~ p.,5:, While deployment occurs under § ~ p.,,1. Zero-shot transfer corresponds
to evaluating a policy trained under p: i, directly on contexts drawn from pe.41, without further
adaptation. Transfer performance therefore depends on how well the learned policy generalizes
across context distributions in which the dynamics mismatch arises when Py rain 7# Peval-

3.3 Training Distributions

In addition to evaluating algorithm suitability under practical constraints, we examine the role of
domain randomization (DR), a widely adopted technique for improving transfer robustness. In
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Figure 1: Wall-clock learning curves. Performance is plotted against wall-clock training time on a
logarithmic scale. Light curves show all six seeds. The dark curve shows the best-performing run,
obtained by ranking runs according to the sum of returns over the full recorded learning curve.

transfer-oriented workflows, DR is commonly used to introduce controlled variability in environ-
ment dynamics during training, with the goal of preparing policies for deployment under mismatch.

From the CMDP perspective, this corresponds to shaping the training distribution p; .51, by expos-
ing the policy to variations in physical parameters such as mass, friction, damping, length, actuator
strength, and latency. Rather than treating DR solely as a robustness mechanism, we study it as a
means of introducing distributional variability during training and assess whether such variability al-
ters the relative suitability of different learning paradigms. To this end, we consider training regimes
with increasing variability in contexts, allowing us to analyze how the breadth of training exposure
influences zero-shot generalization under mismatch.

3.4 Evaluation Distributions

To assess transfer under dynamics mismatch, we evaluate policies across fixed evaluation regimes
whose relationship to the training distribution varies depending on training coverage. We consider
two evaluation regimes. The first, termed Nominal-Centered Evaluation, consists of contexts that
remain close to nominal dynamics. The second, termed Shifted Evaluation, consists of contexts
that introduce structured deviations from nominal parameters.

Importantly, these regimes are defined independently of the training distribution. As the coverage
of the training distribution p; ,;, expands through domain randomization, the same evaluation con-
texts may transition from being out-of-support to partially or fully supported. Transfer performance
therefore depends not only on the evaluation regime itself, but on its relationship to the support of the
training distribution. Table 1 summarizes this relationship across the training coverage regimes con-
sidered in this work. While Nominal-Centered evaluation remains within the support of all, Shifted
evaluation spans varying degrees of mismatch depending on training coverage, ranging from fully
out-of-support under nominal training to fully supported under extensive coverage. This formulation
allows us to analyze transfer performance as a function of the interaction between training coverage
and evaluation mismatch, rather than treating evaluation difficulty as a fixed property.

4 Results and Analysis

We study algorithm suitability in transfer-oriented reinforcement learning along two complementary
dimensions. The first concerns practical efficiency: whether conclusions about algorithm quality
change when methods are evaluated under the wall-clock constraints that arise in transfer-oriented
workflows, rather than only under conventional interaction-based metrics. The second concerns
robustness under dynamics mismatch: whether different RL paradigms respond differently to in-
creasing variability in the training distribution, as induced by domain randomization. These two
dimensions allow us to examine suitability for transfer not only in terms of how quickly a useful
policy can be obtained, but also in terms of how reliably it generalizes under mismatch.

Algorithms. We consider three reinforcement learning algorithms that represent distinct learning
paradigms commonly used in continuous control and transfer settings. PPO (Schulman et al., 2017)
represents an on-policy method that relies on policy gradient optimization and is widely adopted
in transfer-oriented applications due to its stability and scalability under parallelized training. SAC
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Figure 2: Interaction-based learning curves. Performance is plotted against the environment in-
teractions on a logarithmic scale, for the same training runs shown in Fig. 1. The dark curve shows
the mean across six seeds, with shaded regions indicating standard deviation. Both the x-axis and
the plotting statistics correspond to the conventional interaction-based evaluation protocol.

(Haarnoja et al., 2018) represents an off-policy method that improves sample efficiency through
entropy-regularized actor-critic learning and experience replay. TD-MPC2 (Hansen et al., 2024)
represents a model-based method that leverages learned dynamics for planning and has demonstrated
strong performance in interaction-based benchmarks. These algorithms span on-policy, off-policy,
and model-based approaches, allowing us to examine how learning paradigm influences suitability
under practical transfer constraints.

Environments. We evaluate the algorithms on 18 continuous control tasks from the DeepMind Con-
trol Suite (DMC; Tunyasuvunakool et al., 2020) implemented using MuJoCo XLA (MJX; MuJoCo
XLA Authors, 2026). To enable controlled analysis of transfer, we parameterize the environment
dynamics through multiplicative variations of key physical properties relative to their nominal val-
ues, including gravity, body mass, damping, actuator strength, friction, and link length. This allows
us to instantiate the contextual transfer setting introduced in Section 3 and to vary the breadth of the
training distribution through domain randomization.

To structure the analysis, we ask four questions. First, how do the algorithms compare under the
wall-clock constraints relevant to transfer-oriented training? Second, how does this comparison
relate to their conventional interaction-based ranking? Third, does domain randomization system-
atically favor or disadvantage particular RL paradigms? Fourth, how does the extent of training
coverage affect transfer robustness and training stability?

4.1 Wall-clock evaluation under practical training constraints

Figure 1 reports performance as a function of wall-clock time. The light curves show the individual
runs, while the dark curve highlights the best-performing run, determined by ranking runs according
to the sum of returns over the complete learning curve. Displaying the individual runs preserves
performance variation that may be hidden by pointwise aggregation (Tanaka & Mahmood, 2026).
Figure 2 provides a complementary interaction-based view, following the conventional protocol of
reporting the mean and one standard deviation across six seeds.

Under this evaluation axis, PPO often reaches strong performance earlier than SAC and TD-MPC2.
This behavior is particularly evident on cheetah-run and finger-spin, where PPO reaches
high returns within a shorter training time. PPO benefits from collecting experience across 2,048
parallel environments, allowing it to rapidly accumulate interactions despite its lower sample ef-
ficiency. The observed wall-clock advantage therefore reflects PPO under its commonly adopted
massively parallel configuration relative to the SAC and TD-MPC2 default configurations consid-
ered in this study.

4.2 Interaction-based evaluation reproduces the conventional ranking

In Figure 2, we provide the complementary interaction-based evaluation, reporting the mean and one
standard deviation across six seeds. Under this conventional protocol, SAC and TD-MPC?2 generally
reach strong performance with fewer environment interactions than PPO. This difference is particu-
larly clear on reacher-hard, finger—-spin, and walker-stand. PPO learns substantially
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later than SAC and TD-MPC?2 and finishes below TD-MPC2, although its final mean return is com-
parable to SAC. More generally, final performance remains task-dependent, with the algorithms
approaching similar returns on some tasks and SAC or TD-MPC2 retaining an advantage on others.

These results reproduce the conventional ranking in terms of sample efficiency and clarify the wall-
clock observations in Section 4.1. PPO does not reach strong performance earlier because it uses
interactions more efficiently; rather, massive environment parallelism allows it to generate those
interactions within a shorter training time. Thus, interaction-based and wall-clock evaluation provide
complementary views of algorithm suitability. Complete results across all 18 tasks are provided in
the supplementary material.

4.3 Effect of domain randomization and training coverage

While previous sections examine algorithm suitability through the lens of practical efficiency, trans-
fer performance also depends on how the training distribution is constructed. We now turn to this
second dimension by analyzing the effect of domain randomization on robustness under dynamics
mismatch. Domain randomization (DR) is widely used to improve robustness in such settings by
exposing policies to variability in environment dynamics during training. One possible explanation
for the widespread practical use of PPO is that alternative methods may behave less reliably when
trained under domain randomization. To examine this possibility, we evaluate algorithms trained
under multiple domain randomization regimes using the shifted evaluation environments described
in Section 3.4. Figures 3 and 4 report zero-shot transfer performance for policies trained without
domain randomization and under four levels of increasing coverage.

Across the representative tasks, domain randomization does not systematically favor any particular
algorithmic paradigm. PPO, SAC, and TD-MPC2 can all benefit from randomized training, but the
effect varies across tasks and coverage levels. For example, randomization substantially improves
SAC on walker-walk and walker-stand, while Narrow randomization achieves strong per-
formance across all three algorithms on finger—spin. Conversely, broader randomization re-
duces performance for several algorithm—task pairs. These results provide no evidence that SAC or
TD-MPC2 is systematically less compatible with domain randomization.

Transfer performance also does not improve monotonically with training coverage. Under Nominal-
Centered evaluation, Narrow randomization often improves performance over nominal training,
while further broadening can reduce these gains. Under Shifted evaluation, Broad and Extensive
training distributions overlap with the evaluation contexts, yet they do not consistently outperform
Narrow or Moderate randomization. On finger-spin, for example, Narrow randomization per-
forms strongly even though the Shifted evaluation contexts remain outside its training support.
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SAC w/o DR =l = i Fl— ==
SAC w/ DR (Narrow) | == Hi =h |
SAC w/ DR (Moderate) i —— 1 —E— |
SAC w/ DR (Broad) ' H bl — 1A |
SAC w/ DR (Extensive) i — = | —EE—— I
PPO w/o DR 1 — -+ 4 = i
PPO w/ DR (Narrow) i rh | — b |
PPO w/ DR (Moderate) ' Ll # — I 4
PPO w/ DR (Broad) | i el Fl 4
PPO w/ DR (Extensive) L] Ly | —— '
TDMPC2 w/o DR H — =] 1 [ = |
TDMPC2 w/ DR (Narrow) | il | b |
TDMPC2 w/ DR (Moderate) | Hl= | — 1 |
TDMPC2 w/ DR (Broad) | IS | = |
TDMPC2 w/ DR (Extensive) | HH | —— — |

T am _ aw e S0 w6 20 a0 @0 sv 100 0 a0 @0 60 w0 1w 6 20 a0 @0 w0 o0 0 w0 a0 60 w0 1o
Mean Retum over 10 episodes Mean Return over 10 episodes Mean Return over 10 episodes Mean Return over 10 episodes Mean Return over 10 episodes

Figure 3: Zero-shot transfer under Nominal-Centered evaluation. Each box summarizes perfor-
mance across 15 fixed evaluation environments, with the return in each environment averaged over
10 episodes. The center line denotes the median, the box spans the first and third quartiles, and the
whiskers extend to the most extreme observations within 1.5 times the interquartile range. Points
beyond the whiskers are shown individually.
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Figure 4: Zero-shot transfer under Shifted evaluation. Each box summarizes performance across
15 fixed evaluation environments, with the return in each environment averaged over 10 episodes.

These observations show that covering the evaluation distribution is not sufficient to ensure better
transfer. Broader randomization increases exposure to diverse dynamics, but also increases the
difficulty of the learning problem and reduces the concentration of experience within particular
regions. Domain randomization therefore introduces a trade-off between distributional coverage
and effective learning, with the preferred coverage depending on both the task and the algorithm.

5 Conclusions and Future Work

This study examines algorithm suitability in transfer-oriented reinforcement learning along two di-
mensions beyond standard sample efficiency: practical efficiency and robustness under dynamics
mismatch. First, although SAC and TD-MPC2 are generally more sample efficient, PPO with mas-
sively parallel environments often produces a performant policy within a shorter wall-clock time un-
der the configurations considered in this study. This finding supports the practical value of massively
parallel training and shows that time-to-train is an important consideration alongside interaction-
based sample efficiency. Second, domain randomization can improve robustness for PPO, SAC, and
TD-MPC2, without consistently favoring any one of them. Its effect instead depends on the task, al-
gorithm, training coverage, and evaluation regime, and broader randomization does not necessarily
lead to better transfer. Taken together, these two findings highlight the importance of evaluating RL
algorithms not only by sample efficiency, but also by practical considerations such as training time
and the algorithms’ ability to produce usable policies.

This study has several limitations and avenues for future work. First, our experiments focus on zero-
shot sim-to-sim transfer in DeepMind Control Suite tasks, which do not capture the full complexity
of real physical systems. The immediate next step is to extend these experiments to the sim-to-real
setting. A precursor to this step could also involve a sim-to-sim transfer to a different simulator in
which the same control problems are implemented.

Next, the wall-clock comparison at present reflects the common training configurations: PPO uses
large-scale environment parallelization while SAC and TD-MPC2 are evaluated with their standard
single-environment setups. An obvious extension of this work is to consider parallel-environment
variants of the other algorithm. Recent work by Raffin (2025) and Seo et al. (2025) would be a
good starting point for parallel variants of SAC and could help answer interesting questions such as
whether on-policy algorithms like PPO scale better than off-policy and model-based methods like
SAC and TD-MPC2 in the parallel-environment paradigm—and if so, why?
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A Implementation Details

Algorithms. We use widely adopted reference implementations for each algorithm. SAC is imple-
mented using the CleanRL (Huang et al., 2022) continuous control implementation', TD-MPC2 is
implemented using the official codebase released by the authors?, and PPO is adopted from Brax
(Freeman et al., 2021) following its configuration for training with massively parallel 2, 048 envi-
ronments®. SAC and TD-MPC2 are trained using their standard configurations as provided in their
respective implementations.

Environments. We evaluate the algorithms on tasks from the DeepMind Control Suite (DMC)
implemented using MuJoCo XLA (MJX; MuJoCo XLA Authors, 2026). The following domains
and tasks are included in our study:

walker-walk, walker-run, walker-stand, cheetah-run,
reacher-easy, reacher-hard, acrobot-swingup, pendulum-swingup,
cartpole-balance, cartpole-balance_sparse, cartpole-swingup,
cartpole-swingup_sparse, ball_in_cup-catch, finger-spin,
finger-turn_easy, finger-turn_hard, hopper-stand, hopper-hop.

Training computation. All experiments were run on compute nodes equipped with NVIDIA A100
GPUs. To construct the wall-clock evaluation axis, we averaged the elapsed time per environment
interaction over a representative training window and used it to convert training steps into wall-clock
time.

To study transfer under dynamics mismatch, we apply domain randomization to key physical param-
eters of the environments. Specifically, we randomize body mass, joint damping, actuator strength,
friction, and link length. Each parameter is scaled multiplicatively relative to its nominal value.

We consider four domain randomization regimes of increasing coverage: narrow, moderate, broad,
and extensive. For each regime, scaling factors are sampled uniformly within the ranges listed below.

Table A.1: Domain randomization ranges for training and evaluation regimes. Multiplicative
scaling factors applied to environment parameters relative to nominal values. The shifted evaluation
regime samples parameters from ranges that exclude the nominal-centered region.

Evaluation Training
Parameter Nominal-centered Shifted Narrow Moderate Broad Extensive
Mass [0.85,1.15] [0.70,0.85] U [1.15,1.30] [0.85,1.15] [0.80,1.20] [0.70,1.30] [0.50,1.80
Damping [0.70,1.50] [0.50,0.70] U [1.50,2.00] [0.70,1.50] [0.60,1.70] [0.50,2.00] [0.30,3.00]
Actuator [0.85,1.15] [0.70,0.85] U [1.15,1.30] [0.85,1.15] [0.80,1.20] [0.70,1.30] [0.50,1.60
Friction [0.70,1.30] [0.50,0.70] U [1.30,1.50] [0.70,1.30] [0.60,1.40] [0.50,1.50] [0.30,2.00
Length [0.95,1.05] [0.85,0.95] U [1.05,1.15] [0.95,1.05] [0.90,1.10] [0.85,1.15] [0.80,1.20

For evaluation, we construct fixed test sets by sampling 15 environments for each of the two eval-
uation regimes, Nominal-Centered and Shifted. These environments are sampled once and reused
across all algorithms and training configurations to ensure consistent comparisons. For the reported
zero-shot sim-to-sim transfer results, we select the best-performing run among the training seeds.

https://github.com/vwxyzjn/cleanrl/blob/master/cleanrl/sac_continuous_action.py
’https://github.com/nicklashansen/tdmpc2
3https://github.com/google/brax
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Figure B.1: Learning curves under wall-clock evaluation. Training runs as a function of wall-
clock time (log-scale); the curves emphasize the best-performing seed, while the shaded regions

indicate the individual runs across seeds.
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Figure B.6: Effect of domain randomization regimes on zero-shot transfer performance for the
Nominal-Centered evaluation set.
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Figure B.7: Effect of domain randomization regimes on zero-shot transfer performance for the
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