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Abstract

Offline reinforcement learning (RL) offers a promising route for developing plasma
controllers from historical tokamak data, since online trial-and-error on real devices is
costly and risky. However, progress in this direction remains difficult to measure due
to the lack of a standardized offline RL benchmark for realistic multi-actuator, long-
horizon plasma control problems in nuclear fusion. We introduce RL4F, an Offline
Reinforcement Learning Benchmark for Plasma Control in Nuclear Fusion, providing
closed-loop evaluation environments and baseline comparisons across four full-profile
tracking tasks: rotation, density, temperature, and pressure. The dynamics function
underlying the evaluation environment is built from historical discharge data from DIII-D,
a real-world Tokamak. We evaluate a broad set of imitation learning and offline RL
baselines under a unified protocol. We find that offline model-based RL methods obtain
the best average performance on most objectives, although no single method dominates
all tasks, highlighting the importance of dynamics modeling in complex, long-horizon
plasma control tasks. To foster further research, we open-source the codebase, datasets,
and evaluation framework, providing a benchmark not only for the fusion community but
also for algorithm development in offline RL.

Code: https://github.com/LucasCJYSDL/Offline-RL-Kit-for-Nuclear-Fusion
Correspondence: Jiayu Chen (jiayuc@hku.hk)
_ J

1 Introduction

Nuclear fusion offers a potential route toward abundant, low-carbon energy by harnessing the reactions
that power stars (Gi et al.,|2020). The tokamak is one of the most promising confinement devices for
achieving controllable nuclear fusion, but its operation requires real-time control of hot, unstable,
and strongly coupled plasmas. Recent work has shown that reinforcement learning (RL) can be used
to train such controllers. In particular, Degrave et al.[(2022) demonstrated deep RL-based magnetic
control on the TCV tokamak, and subsequent studies have extended RL-based plasma control toward
tearing-mode avoidance, profile tracking, and ramp-down control (Tracey et al., 2024} Seo et al.| |2024;
Char et al., 2023} [Wang et al.}[2025)). These advances suggest that RL can complement conventional
plasma-control design by directly optimizing feedback policies in high-dimensional tokamak control
problems.

Developing RL controllers directly on real tokamaks is difficult to scale: tokamak operation is
expensive, time-limited, and safety-critical. A natural way is to train candidate policies and evaluate
their closed-loop behavior in simulation before possible deployment. Physics-based simulators,
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such as RAPTOR (Felici et al., 2011)), Forward Grad-Shafranov Static (FGE) simulator (Carpanese},
2021)), and the more recent TORAX (Citrin et al., 2024)), provide reliable tools for forward modeling,
trajectory optimization, and controller development. Previous work has demonstrated promising
control performance for RL policies trained on these simulators (Degrave et al.,|2022; Tracey et al.,
2024). However, physics-based simulators are significantly more computationally expensive than
traditional RL simulators, especially when RL agents explore the actuator space stochastically during
training, which often results in slower convergence for the iterative solver. Moreover, adapting these
simulators to a specific tokamak can require substantial modeling choices, parameter identification,
and calibration. An alternative approach is to learn control-oriented dynamics models from historical
experimental data, yielding simulation environments tied more directly to a particular device (Char
et al., [2023} [Sonker et al.,|2026)). Despite recent progress, RL-based profile control remains challeng-
ing: plasma profiles are high-dimensional spatial quantities, their dynamics are nonlinear and coupled
across multiple actuators, and practical RL controllers still face difficulties in reward specification,
steady-state tracking bias, and sample efficiency (Tracey et al.,[2024). These challenges motivate a
standardized benchmark for data-driven training and offline evaluation of RL algorithms for plasma
control in tokamaks.

Our primary contribution is RL4F, a unified benchmark for offline RL in tokamak profile control.
A profile refers to the radial spatial variation of a plasma quantity from the core, i.e., the innermost
region of the plasma, to the edge, i.e., the outermost region. It is characterized by four key features. 1)
Realistic pre-deployment workflow. We first train a reference dynamics model from historical DIII-
D experimental discharges, and then use this model to generate trajectories for offline policy learning.
Candidate algorithms learn only from the model-generated datasets and are evaluated in closed
loop on the reference dynamics model, mirroring the practical setting in which controllers must be
developed from past experimental data before any real-machine test. 2) Multi-task profile tracking.
The benchmark covers four full-profile tracking tasks, including rotation, density, temperature, and
pressure, which expose different control difficulties and plasma response channels. 3) Scenario-
relevant actuator space. Policies act through a shared action space consisting of neutral-beam
power, neutral-beam torque, gas puffing, and electron-cyclotron heating, covering the main heating,
momentum-input, and fueling channels relevant to profile control for DIII-D, a tokamak device
located in San Diego. 4) Large-scale data. The benchmark contains 5,882 shots and 945,828
transitions after filtering, with fixed training, validation, and test splits. To our knowledge, this is the
first benchmark specifically designed for offline RL in fusion plasma control.

We evaluate representative baselines spanning imitation learning, model-free offline RL, and model-
based offline RL under the same closed-loop protocol and profile-level tracking metrics. Our
evaluation shows that model-based methods generally outperform model-free baselines, while no
single algorithm dominates across all profile objectives, highlighting tokamak profile control as a
challenging offline RL benchmark.

2 Related Work

Fusion Plasma Control. Nuclear fusion is a leading candidate for sustainable power generation. A
central challenge is the control of plasma profiles to achieve stable, high-performance operation. Con-
ventional plasma control typically relies on precomputed feedforward coil current trajectories (Walker
and Humphreys, [2006) together with feedback loops for individual target quantities. Such profile
control systems have been implemented on several tokamaks, including JET for safety g-profile
control (Moreau et al.,2003)), TCV for g-profile and electron-temperature control (Barton et al., 2015),
and EAST for g-profile control (Wang et al.,[2021). These approaches have demonstrated promising
performance in a wide range of discharges, but design can be challenging and time-consuming,
especially in plasma scenarios where the control quantities are high-dimensional or strongly coupled.
More recently, reinforcement learning (RL) has emerged as a new framework for designing feedback
controllers in fusion systems. [Degrave et al.|(2022)) train an RL-based controller under the Maximum-
a-Posteriori (MPO)|Abdolmaleki et al.| (2018)) framework to track the location, current, and shape
across a diverse set of plasma configurations. This line of work is further extended by [Tracey et al.
(2024). Char et al.| (2023)) develop an offline RL framework for tracking 5y and plasma rotation
quantities and train the controller using Proximal Policy Optimization (PPO), which is later utilized
to design a Bayesian optimization (BO)-style controller (Sonker et al.,|2025) for mitigating tearing
instabilities. [Seo et al.[(2024)) apply the Deep Deterministic Policy Gradient (DDPG) |[Lillicrap et al.
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Figure 1: The reference RPNN dynamics ensemble is trained from historical DIII-D operational
data and used as the closed-loop environment for evaluating trained policies.

(2016) approach to maintain high-pressure plasma at the H-mode performance while avoiding tearing
instabilities. Wang et al.| (2025)) trains RL policies to avoid disruptions during the ramp-down phase.

Benchmarks for Offline RL. The well-known D4RL dataset (Fu et al.,[2021al) benchmarks offline
RL in challenging robotic control scenarios with biased data distributions. The Dope benchmark (Fu
et al., [2021b), which builds upon D4RL and RL Unplugged (Gulcehre et al., [2020), focuses on
off-policy evaluation. |Qin et al.| (2022)) propose NeoRL to mitigate the gap between earlier offline RL
benchmarks and real-world scenarios. [Liu et al.| (2023)) present a benchmarking suite that facilitates
the development and evaluation of offline safe RL algorithms in both the training and deployment
phases. |Park et al.| (2025) propose OGBench for offline goal-conditioned RL. Compared with
these existing benchmarks, fusion plasma control tasks present unique challenges, including highly
nonlinear and stochastic dynamics, partial observability, and safety-critical operating constraints. To
the best of our knowledge, RLAF is the first offline RL benchmark tailored to fusion plasma control, a
critical real-world operational scenario.

3 Simulator

Problem Setup. We formulate tokamak profile control as a finite-horizon Markov decision process
(MDP) M = (S, A, P,r,po,v,H), where S is the state space, A is the action space, P(s'|s,a)
is the transition distribution, (s, a) is the reward function, py is the initial-state distribution, - is
the discount factor, and H is the episode horizon. A policy 7(a|s) aims to maximize the expected
discounted return

H—1
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In offline reinforcement learning, the agent cannot interact with the real environment during train-

ing (Levine et al.,2020) and is instead given a fixed dataset of trajectories D = {7;}¥,, where each
trajectory consists of transitions (s¢, as, r¢, s¢11) collected by an unknown behavior policy. This
setting is well matched to tokamak control, where online trial-and-error is expensive and risky.

We use a recurrent probabilistic neural network (RPNN) to learn plasma dynamics from trajectory
data, following prior data-driven tokamak dynamics modeling and offline model-based control
work (Char et al., 2023} [Sonker et al.,|2026)). Given the current plasma state s;, the previous actuator
setting a;_1, and the actuator increment Aa; = a; — a;—1, the model predicts a distribution over the
next state change, As; = s¢+1 — s¢. Specifically, the RPNN outputs the parameters of a Gaussian
distribution, u¢,log af = fo(st,ar—1,Aay), and the next state is advanced autoregressively by
adding the predicted state change to the current state. This recurrent probabilistic formulation allows
the model to capture history-dependent plasma evolution while providing uncertainty estimates for
long-horizon rollouts. A schematic of the dynamics-model training workflow is shown in Figure [T3]

Dynamics Modeling. Given the limited accessibility of real tokamak devices, we train a reference
dynamics model as a digital twin. The reference dynamics model is trained from historical DIII-D
experimental discharges and is used to generate offline training data and to provide the closed-loop
evaluation environment. As shown in Figure 2] we adopt a two-stage RPNN training procedure
(Sonker et al., [2026).



The first stage optimizes the predictive mean using a mean-squared error objective. The
second stage initializes from the first-stage checkpoint, freezes the predictive backbone, and
trains the log-variance head using a negative log-likelihood objective, thereby calibrating un-
certainty without changing the learned mean dynamics. Following prior model-based con-
trol practice (Chen et al.| [2025), we train a bootstrapped ensemble of RPNNs; the predicted
log variance captures aleatoric uncertainty, while disagreement across ensemble members pro-
vides an estimate of epistemic uncertainty. More training details are given in Appendix [B}

We train a 25-member RPNN ensemble on roughly 18,000
historical DIII-D experimental discharges, spanning nearly a
decade of data collection. Each shot contains approximately
four seconds of data sampled at 20 ms. For profile quantities,
including electron temperature, ion temperature, density, pres-
sure, rotation, and the safety-factor g profile, we use ZipFIT
reconstructions (Logan et al.| [2018)), which provide smooth,
physics-constrained profile estimates. Following prior toka-
mak dynamics modeling work (Char et al., 2023), we reduce
the dimension of profile quantities with PCA before dynamics-
model training. The held-out predictive fidelity of the trained
ensemble is reported in Appendix To simulate a tokamak
experiment, i.e., a “shot”, we use the ensemble of dynamics
models { fo, }?°,. Each ensemble member represents a plausi-
ble version of the device dynamics, and the ensemble captures
uncertainty in the true transition model. Notably, RL policies  *
trained on the same ensemble of dynamics models have been Figure 2: Two-stage training pro-
verified to be effective for profile control on DIII-D (Sonker] cedure for the dynamics model.

et al., [2026).

Synthetic Dataset for Offline RL. The offline dataset is gener-

ated by initializing rollouts from real flat-top shot states after a warm-up period, replaying the real
actuator sequence, and autoregressively rolling out the reference dynamics model. At timestep ¢, the
measured next state is replaced by the ensemble prediction

M
~ (m) m . m " R 1 ~ (m)
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where ugm) and agm) denote the mean and standard deviation predicted by the m-th RPNN ensemble

member at time step ¢, and Asim) denotes a sampled state increment drawn from the corresponding
Gaussian predictive distribution. The generated state 5, is then fed back as the input for the next
timestep until the end of the shot segment. This procedure preserves the actuator schedules and
shot segmentation of the real experiments, while replacing the measured plasma evolution with
model-generated dynamics.

We restrict the synthesized data to the flat-top phase of each discharge and remove outlier values,
resulting in 5,882 shots and 945,828 timesteps. From these filtered shots, we randomly sample 300
shots for validation and 300 shots for testing, and use the remaining 5,282 shots for training. This
yields 849,977 training timesteps, 48,010 validation timesteps, and 47,841 test timesteps, with a
maximum shot length of 180 timesteps after filtering. Offline RL and imitation learning algorithms
are trained only on the generated training dataset and evaluated on the reference dynamics model.

4 Benchmarking Tasks

We benchmark algorithms on full-profile tracking tasks in tokamak plasma control. Unlike scalar
tracking, profile tracking requires regulating high-dimensional spatial quantities across the normalized
radial coordinate. This is challenging for offline RL because plasma profiles evolve over long horizons
under nonlinear, stochastic dynamics, while policies must infer corrective actions from a fixed dataset.

In this work we address profile tracking across four plasma quantities - rotation, density, electron
temperature, and pressure. Rotation profile control is beneficial as differential rotation control



impacts suppression of tearing instabilities (Richner et al [2024). Moreover, edge rotation affects
penetration of neutral gas, leading to asymmetric fueling (Emdee et al.| 2024; Wilkie et al.| 2024),
a process crucial for modern high-performance fusion scenarios because it helps manage plasma
exhaust and maintain the high density required for fusion without damaging the reactor walls. Density
profile control regulates the core fuel inventory and fusion reaction rate while avoiding excessive
edge density, radiation cooling, confinement degradation, and density-limit disruptions. Experiments
and density-limit studies show that peaked or optimized density profiles can extend the operational
range and support high-density, high-confinement tokamak plasmas (Greenwald, 2002). Electron
temperature profile control is important because the profile gradient directly affects heat transport
and regulation of this profile helps maintain core thermal energy and confinement while keeping
the plasma within favorable regimes (Chapman-Oplopoiou et al.||2025). Finally, Pressure profile
control is important because the achievable normalized pressure and MHD stability limit depend
strongly on the shape of the pressure and current-density profiles. A poorly placed pressure gradient
can drive instabilities, while an optimized pressure profile helps sustain high stored energy without
crossing stability limits (Strait, [1994). The profile tracking tasks can be modeled as MDPs. We define
their observation space, action space, and reward function as follows, the effectiveness of which has
been testified in real-world fusion control experiments (Sonker et al.| [2026).

Observation Space. We include the present profile, the current target profile, and a future target
profile shifted 10 timesteps ahead. Following the PID-inspired observation design used in practical
tokamak RL control (Tracey et al., 2024), we also include proportional error terms (P-terms) for both
the current and future targets. These terms are defined as the difference between the target profile and
the present profile, and provide the policy with explicit feedback on the current tracking error.

Target Sampling. Randomly set targets may be infeasible within a given regime. To ensure feasibility,
we construct targets from reference trajectories by sampling two time points and forming a step
function with three segments (first—second—first). This strategy ensures that all generated targets
are consistent with the system dynamics while introducing sufficient variation to enrich the training
distribution.

Action Space. The policy controls NBI power, NBI torque, gas-puffing voltage, and total ECH power.
NBI torque directly influences the plasma rotation profile at the beam deposition location, which is
typically situated near the plasma core. Both torque and power originate from the same neutral beam
source, playing a central role in sustaining the plasma. We follow a counter-beam configuration of
neutral beams, which allows independent control of injected power and torque.

Reward Function. The reward function is the mean squared tracking error on the whole profile (33
dimensions per timestep), which is reconstructed from corresponding PCA components.

2
Tt = — ||Prarget(t) — (E)[15 3)
where piarget (t) is the target profile at time ¢, and p(t) is the actual profile.

5 Benchmarking Results

We benchmark diverse baselines on four profile-tracking tasks. All policies are trained on a static
dataset synthesized by the reference dynamics model and evaluated in closed loop on the same
reference model, as illustrated in Figure @ Following Sonker et al.| (2026), evaluation rollouts
use the mean prediction of the reference ensemble as the next-state estimate, and performance is
measured by profile-tracking error on held-out test shots.

Baselines The evaluated methods include model-free offline RL baselines ~-TD3+Behavior Cloning
(TD3BC) (Fujimoto and Gu, [2021)), Conservative Q-Learning (CQL) (Kumar et al.| 2020), Implicit
Q-Learning (IQL) (Kostrikov et al.| 2022), Ensemble-Diversified Actor-Critic (EDAC) (An et al.|
2021)), and Mildly Conservative Q-Learning (MCQ) (Lyu et al., 2022)); model-based offline RL
baselines — PPO (Schulman et al.,[2017)), Conservative Offline Model-Based Policy Optimization
(COMBO) (Yu et al.} [2021)), Model-based Offline Policy Optimization (MOPO) (Yu et al., [2020),
Model-Bellman Inconsistency (MOBILE) (Sun et al., 2023)), Robust Adversarial Model-Based Offline
Reinforcement Learning (RAMBO) (Rigter et al., 2022), and Bayes Adaptive Monte Carlo Tree
Search (BAMCTS) (Chen et al., 2026); and Goal-Conditioned Imitation Learning (GCIL) (Ding
et al.| 2019). Full experiment details in Appendix



Model-based offline RL baselines train their own dynamics models from the synthetic trajectories
generated by the reference model. We use the same RPNN ensemble architecture and two-stage
training pipeline described in Section 3, again training a 25-member ensemble. The held-out predictive
fidelity of the learned dynamics models (for offline RL) is summarized in Appendix During
model-based RL training, for each rollout, we sample one ensemble member and then generate the
trajectory autoregressively by sampling from that member’s predictive distribution, parameterized by
its mean and log-variance. A new ensemble member is selected whenever a new rollout trajectory is
sampled. Following (Chua et al.|(2018)), this procedure trains policies to perform across the range of
plausible learned dynamics.

Evaluation Metrics We evaluate the baselines on each profile tracking task using closed-loop
simulation over 300 held-out test shots, with 10 random seeds per shot. At each timestep, the
environment provides the target profile and the agent-achieved profile.

We compute the tracking error at each normalized radial location vy, where N ranges uniformly
from O (core) to 1 (edge). There are 33 radial locations in total. The per-location tracking metric
is RMSE, computed from the squared deviation between the target and achieved profiles over the
rollout horizon. We report the mean RMSE and its standard error (SE) across all rollout instances at
six selected radial locations. Lower values indicate better tracking performance.

o 1 M2 .
RMSE(4x) = 575 > > RMSE (v), )

i=1 j=1

where IV is the number of test shots and S is the number of random seeds per shot. RMSE() (¥VN)
denotes the per-rollout RMSE at radial location ¢ for shot ¢ and seed j.

Main Results Tables summarize the tracking performance of all baselines across the four
tasks. Across all tasks, offline RL methods achieve substantially lower tracking errors than the goal-
conditioned imitation learning baseline, indicating that purely imitation-based learning is insufficient
for these long-horizon profile-tracking problems.

For rotation tracking, RAMBO achieves the lowest average RMSE (8.03), narrowly outperforming
COMBO and MOPO. Model-free baselines perform substantially worse. Rotation profiles have
pronounced radial variation from the plasma core to the edge and respond primarily through torque
actuation, requiring sustained correction over long horizons after each target switch. In this setting,
conservative or behavior-regularized model-free methods are more restricted in their ability to deviate
from the behavior distribution within the static training dataset when active correction is needed.

Table 1: Rotation profile tracking error (RMSE |). Values are reported as mean + standard error
over test shots.

Algorithm .06 Yo.15 Yo.36 Yo.55 Yo.76 Yo.85 Average
Mean SE Mean SE Mean SE Mean SE Mean SE Mean SE Mean SE
GCIL 3245 0.376 2846 0.336 20.73 0240 1572 0.180 11.76 0.135 1028 0.116 17.76 0.047
TD3BC 25.10 0318 2099 0.274 1481 0.189 11.35 0.141 8.69 0.104 7.79 0.092 13.13 0.038
CQL 2488 0.364 21.09 0319 1548 0241 12.13 0.192 928 0.143 823 0.120 13.58 0.044
1QL 29.64 0439 2572 0391 1885 0275 1447 0.203 10.87 0.149 948 0.129 16.23 0.051
EDAC 2630 0427 20.78 0359 14.43 0261 1141 0210 9.10 0.157 831 0.129 13.30 0.048
MCQ 28.45 0.344 24.08 0.310 17.19 0224 1322 0.167 10.10 0.120 890 0.102 15.10 0.043
PPO 1396 0.159 1041 0.138 9.81 0.120 9.85 0.124 851 0.112 7.79 0.103 936 0.023
COMBO 17.67 0309 1285 0.252 802 0.160 629 0.118 529 0.085 543 0.074 8.09 0.032
MOPO 1821 0241 1347 0213 9.19 0.163 732 0.130 562 0.093 520 0076 8.66 0.030

MOBILE  48.07 0.729 4159 0.620 3098 0438 2450 0.338 1893 0258 1637 0.221 26.86 0.083
RAMBO 17.22 0280 12.17 0.216 7.56 0.139 6.33 0.106 573 0.082 593 0.078 8.03 0.029
BAMCTS 4347 0488 38.65 0433 2892 0318 2224 0.244 1628 0.181 13.69 0.157 2438 0.063

For density tracking, COMBO achieves the lowest average RMSE of 0.691, with MOPO (0.727)
and PPO (0.733) close behind. The relatively small gap between model-based and model-free
methods suggests that the offline dataset provides sufficient coverage for learning effective density-
control behavior. By contrast, RAMBO performs noticeably worse, with an average RMSE of 1.583,



indicating that robustness-oriented model-based training does not consistently improve performance
across all profile control tasks.

Table 2: Density profile tracking error (RMSE ). Values are reported as mean =+ standard error
over test shots.

Algorithm Y0.06 Yo.15 Yo.36 Yo.55 Yo.76 Yo.85 Average
Mean SE Mean SE Mean SE Mean SE Mean SE Mean SE Mean SE

GCIL 1.120 0.0135 1.031 0.0128 0.920 0.0121 0.864 0.0117 0.792 0.0115 0.760 0.0113 0.860 0.0021
TD3BC 1.093 0.0132 1.009 0.0126 0.900 0.0117 0.840 0.0113 0.761 0.0109 0.727 0.0107 0.836 0.0021
CQL 1.127 0.0140 1.033 0.0132 0.922 0.0123 0.868 0.0120 0.807 0.0120 0.775 0.012 0.865 0.0022
IQL 1.088 0.0130 0.998 0.0124 0.885 0.0118 0.830 0.0117 0.768 0.0117 0.738 0.0116 0.831 0.0021
EDAC 1.281 0.0157 1.197 0.0151 1.099 0.0144 1.051 0.0142 0.998 0.0145 0.969 0.0145 1.037 0.0026
MCQ 1.059 0.0119 0.983 0.0115 0.891 0.0109 0.840 0.0106 0.768 0.0104 0.735 0.0102 0.828 0.0019
PPO 1.048 0.0131 0914 0.0125 0.770 0.0115 0.717 0.0108 0.661 0.0100 0.630 0.0096 0.733 0.0020
COMBO 0.966 0.0115 0.870 0.0107 0.745 0.0098 0.676 0.0094 0.602 0.0091 0.578 0.0088 0.691 0.0017
MOPO 0.988 0.0108 0.898 0.0105 0.784 0.0103 0.723 0.0102 0.648 0.0096 0.621 0.0093 0.727 0.0018

MOBILE 1.325 0.0144 1273 0.0139 1.225 0.0135 1.206 0.0137 1.195 0.0143 1.197 0.0145 1.184 0.0025
RAMBO 1.576  0.0147 1.596 0.0138 1.671 0.0132 1.699 0.0127 1.638 0.0115 1.600 0.0109 1.583 0.0024
BAMCTS 1.220 0.0143 1.165 0.0142 1.101 0.0139 1.058 0.0135 0975 0.0128 0.938 0.0125 1.023 0.0024

For temperature tracking, MOPO achieves the best average RMSE (0.193), outperforming PPO
(0.240), MCQ (0.244), and COMBO (0.264). Temperature dynamics involve delayed responses
and accumulated transport effects, making long-horizon accuracy particularly important. Methods
that penalize uncertain model predictions (MOPO) are well suited to this regime, as they avoid
compounding errors from unreliable model regions.

Table 3: Temperature profile tracking error (RMSE |). Values are reported as mean =+ standard error
over test shots.

Algorithm 0.06 Yo.15 $0.36 Yo.55 Yo.76 Yo.85 Average
Mean SE Mean SE Mean SE Mean SE Mean SE Mean SE Mean SE

GCIL 0.492 0.0055 0.461 0.0052 0.393 0.0045 0.325 0.0037 0.238 0.0028 0.206 0.0025 0.323 0.0008
TD3BC 0.468 0.0051 0.429 0.0047 0.360 0.0039 0.298 0.0033 0.223 0.0026 0.195 0.0024 0.301 0.0007
CQL 0.563 0.0054 0.526 0.0049 0.443 0.0041 0.360 0.0034 0.259 0.0026 0.223 0.0023 0.362 0.0008
QL 0465 0.0052 0429 0.0049 0.362 0.0041 0.301 0.0034 0.225 0.0027 0.196 0.0025 0.302 0.0007
EDAC 0.735 0.0073 0.709 0.0070 0.624 0.0061 0.518 0.0053 0.376 0.0043 0.330 0.0041 0.507 0.0011
MCQ 0.382 0.0046 0.349 0.0043 0.293 0.0037 0.241 0.0030 0.178 0.0023 0.157 0.0021 0.244 0.0006
PPO 0.444  0.0040 0.362 0.0034 0.245 0.0029 0.204 0.0026 0.187 0.0025 0.179 0.0026 0.240 0.0006

COMBO 0.408 0.0038 0.371 0.0035 0.310 0.0030 0.261 0.0026 0.203 0.0022 0.180 0.0021 0.264 0.0006
MOPO 0.276  0.0032 0.246 0.0031 0.212 0.0030 0.190 0.0030 0.163 0.0030 0.156 0.0030 0.193 0.0005
MOBILE  0.623 0.0066 0.580 0.0062 0.488 0.0054 0.403 0.0044 0.304 0.0033 0.273 0.0030 0.408 0.0009
RAMBO 1.044 0.0105 1.004 0.0100 0.848 0.0087 0.652 0.0071 0.406 0.0048 0.332 0.0041 0.655 0.0016
BAMCTS 0.814 0.0115 0.770 0.0107 0.658 0.0089 0.537 0.0072 0.383 0.0052 0.330 0.0046 0.534 0.0015

Pressure tracking is likely the most strongly coupled task. The pressure profile depends directly on
both density and temperature, and it is also influenced by the current profile and actuator dynamics.
In this task, MOPO achieves the lowest average RMSE of 5198.6, followed by RAMBO at 5358.2.
Among model-free methods, EDAC performs best with an average RMSE of 6016.8. These results
suggest that uncertainty-aware methods may be better suited to pressure tracking. Methods without
such stabilization mechanisms tend to obtain higher errors.

For g-profile tracking, COMBO and MOPO perform best, with nearly identical average RMSEs
of 0.0562 and 0.0564. PPO and TD3BC are the strongest non-model-based baselines, achieving
average RMSEs of 0.0658 and 0.0652. These results are consistent with the trend observed in the
other profile-control tasks: model-based methods generally provide stronger tracking performance,
while the relative ranking still varies across objectives.

For scalar 8y tracking, RAMBO achieves the lowest RMSE of 0.2041, followed by MOPO (0.2399)
and COMBO (0.2531). Unlike the profile tasks, Sy tracking evaluates a global scalar quantity
rather than radial profile regulation. The result shows that robust model-based training is particularly
effective for this objective, while GCIL and BAMCTS perform substantially worse, suggesting that
imitation or planning alone is insufficient for reliable long-horizon scalar tracking in this setting.

To make the results easier to compare across tasks with different units and RMSE scales, we
additionally report a normalized score from O to 100. For each task, the RMSE of an untrained policy
network is used as the 0-score reference, while the RMSE of PPO is used as the 100-score reference.



Table 4: Pressure profile tracking error (RMSE ). Values are reported as mean + standard error
over test shots.

Algorithm Yo.06 0.5 Yo.36 Yo.55 o.76 $o.85 Average
Mean SE Mean SE Mean SE Mean SE Mean SE Mean SE  Mean SE
GCIL 17346.5 177.2 150524 160.0 10897.1 129.6 8174.0 103.5 49437 642 3300.2 428 87753 254
TD3BC 15496.3 154.0 13049.8 1332 9079.8 108.5 6998.2 92.6 45582 61.6 3138.1 42.1 76289 218
CQL 13685.7 144.8 11030.1 123.6  6921.7 92.8 52757 742 36145 484 25445 33.1 61622 19.1
IQL 155184 171.7 13089.6 153.7 9041.5 126.1 6788.6 104.7 43127 669 29514 450 75258 23.8
EDAC 12405.6 139.3 9868.5 1149 6624.9 814 56482 689 41142 489 29223 344 60168 17.2
MCQ 14885.6 149.0 12482.0 129.0 8536.6 101.2 64579 83.5 41555 54.1 28525 368 71743 20.8
PPO 14511.3 1435 11680.0 117.8 7149.0 80.1 5178.8 63.5 35119 41.1 24822 282 6333.2 18.8
COMBO 14014.7 135.6 11379.7 110.5 7002.4 73.7  4959.2 56.6 32155 36.8 22427 255 60959 18.0
MOPO 12706.3 131.5 9894.5 1054 5534.0 66.7 39974 529 2892.6 374 20945 265 5198.6 16.5

MOBILE 153425 150.7 12692.0 125.8 8178.6 90.7 57384 753 34645 519 2353.1 36.1 68549 20.7
RAMBO 12437.8 1332 97862 109.9 57904 772 4391.8 63.4 3171.1 432 2276.1 30.0 53582 17.0
BAMCTS  18697.5 180.6 16093.4 152.6 11559.1 119.0 87159 103.0 54203 69.6 3673.5 47.7 94115 25.6

Table 5: Q profile tracking error (RMSE |). Values are reported as mean =+ standard error over test
shots.

Algorithm $0.06 Yo.15 10.36 Po.55 Yo.76 Yo.85 Average
Mean SE Mean SE Mean SE Mean SE Mean SE Mean SE Mean SE

GCIL 0.1651 0.0018 0.1429 0.0016 0.0925 0.0010 0.0553 0.0006 0.0245 0.0003 0.0194 0.0002 0.0723 0.0002
TD3BC 0.1455 0.0016 0.1263 0.0014 0.0829 0.0009 0.0557 0.0006 0.0243 0.0003 0.0197 0.0002 0.0652 0.0002
CQL 0.1617 0.0017 0.1399 0.0014 0.0904 0.0009 0.0541 0.0005 0.0250 0.0003 0.0193 0.0002 0.0712 0.0002
QL 0.1662 0.0020 0.1437 0.0017 0.0928 0.0011 0.0552 0.0006 0.0241 0.0003 0.0191 0.0002 0.0724 0.0002
EDAC 0.1758 0.0018 0.1513 0.0015 0.0961 0.0010 0.0563 0.0006 0.0261 0.0003 0.0224 0.0002 0.0763 0.0002
MCQ 0.1872  0.0022 0.1617 0.0019 0.1038 0.0012 0.0609 0.0007 0.0251 0.0003 0.0195 0.0002 0.0805 0.0003
PPO 0.1407 0.0017 0.1223  0.0015 0.0812 0.0010 0.0519 0.0007 0.0291 0.0004 0.0235 0.0003 0.0658 0.0002

COMBO 0.1159  0.0017 0.1016 0.0015 0.0693 0.0010 0.0458 0.0007 0.0270 0.0004 0.0234 0.0003 0.0562 0.0002
MOPO 0.1151  0.0018 0.1010 0.0016 0.0694 0.0011 0.0500 0.0008 0.0298 0.0004 0.0238 0.0003 0.0564 0.0002
MOBILE  0.1666 0.0019 0.1480 0.0017 0.1062 0.0012 0.0753 0.0008 0.0480 0.0005 0.0419 0.0005 0.0871 0.0002
RAMBO 0.1734  0.0019 0.1505 0.0016 0.0987 0.0011 0.0608 0.0007 0.0300 0.0004 0.0248 0.0003 0.0781 0.0002
BAMCTS  0.1588 0.0018 0.1386 0.0015 0.0928 0.0010 0.0585 0.0007 0.0287 0.0003 0.0229 0.0003 0.0728 0.0002

Table 6: 5y tracking error (RMSE ). Values are reported as mean =+ standard error over test shots.
Algorithm  Mean SE

GCIL 0.4145 0.0044
TD3BC 0.3641 0.0032
CQL 0.3336  0.0033
IQL 0.3139  0.0039
EDAC 0.2785 0.0028
MCQ 0.3001  0.0035
PPO 0.2849  0.0026
COMBO 0.2531 0.0025
MOPO 0.2399  0.0028

MOBILE  0.2660 0.0027
RAMBO 0.2041  0.0025
BAMCTS 0.4539 0.0036




Table 7: Profile scores across different control tasks (0-100, 1). Higher is better.

Algorithm Rotation Density Temperature Pressure Q BN
GCIL 55.16 71.60 62.78 7.82 1476  13.61
TD3BC 84.13 76.40 72.60 42.75 38.12 47.19
CQL 80.74 73.47 46.10 97.27 1470  67.53
IQL 64.96 78.91 71.92 79.95 13.44  80.67
EDAC 82.71 38.23 18.04 79.35 33.52  100.00
MCQ 72.27 78.47 90.97 66.24 19.18  89.86
PPO 100.00 100.00 100.00 100.00  100.00  100.00
COMBO 98.20 96.97 85.68 100.00 66.17  100.00
MOPO 97.52 96.11 97.52 100.00 69.84 100.00
MOBILE 26.86 12.88 19.02 83.62 10.91  100.00
RAMBO 100.00 3.03 41.44 100.00 41.30  100.00
BAMCTS 8.75 38.71 0.53 0.00 28.97 0.00

Each algorithm is then linearly normalized between these two references. Scores higher than 100 or
lower than O are clipped to 100 and 0, respectively.

As shown in Table[7} the normalized scores are generally consistent with the RMSE results. Model-
based methods achieve the strongest overall performance, with COMBO, MOPO, and RAMBO
obtaining high scores on multiple tasks. MOPO is the most stable across tasks, while COMBO
performs strongly on density, pressure, and 5. RAMBO achieves high scores on rotation, pressure,
and [y, but performs poorly on density. Model-free methods show more task-dependent behavior,
and PPO remains a strong reference baseline. Overall, the score results further show that model-based
offline RL methods are generally more competitive, but no single algorithm dominates all control
objectives.

A second consistent trend is that tracking near the plasma core remains more difficult than tracking
near the edge. Errors at smaller normalized flux values are systematically higher regardless of the
algorithm or task, because both the profile magnitude and temporal variation are substantially larger
near the core. This tendency is also qualitatively reflected in Appendix[A]

The small standard errors across all tables indicate that performance is consistent across test shots
and that the observed gaps reflect systematic differences between methods rather than noise or a few
favorable trajectories.

Figures 3H8] show representative closed-loop rollouts for all evaluated control objectives, including
both higher- and lower-target cases. The selected policies correspond to the strongest or most
representative methods for each task: RAMBO for rotation and 8, COMBO for density, and MOPO
for temperature, pressure, and q. Across these tasks, the policies generally respond to each target
switch with coordinated actuator changes and drive the controlled quantity toward the new setpoint.
The response patterns also reflect task-dependent actuation mechanisms across different control
objectives: rotation is mainly affected by torque, density is closely related to gas puffing, temperature
depends on both ECH and beam power, pressure requires coordinated use of multiple actuators, while
q and B are influenced indirectly through the coupled evolution of plasma current, pressure, and
profile dynamics. Overall, despite some tracking offsets, the closed-loop trajectories indicate that the
trained policies respond meaningfully to target changes and produce physically reasonable actuator
behavior.



Simulated Shot 187108 Rotation Evolution at Selected y, Values
0.21

Shot 187108 Actuation Signals

Power Injected (kW) Torque Injected (Nm)

65 40 5.5 10
— 55 — i
L 60 Q Q i 50 s
£ 5 % :M
S5 —E % 5 s
"
Su £ Eolpm W W o g,
3 2
-9 -9 35 K25 30
w0
20 o P T P T P TR o w0 wow
Time (ms) Time (ms) Time (ms) Time (ms) 'ime (ms)
.61 W = 0.82 o =0.91 Gas A (Voltage) ECH Power (W)
20 2.0
R M 2 Z 1 6
2 i 2., 2
16 2 2
§ 25 | gy W £ R I
2 s £ 2, Mot
20 o o0 o P T P TR 0w aow
Time (ms) Time (ms) Time (ms) Time (ms) Time (ms)
— RAMBO Present - Target — Achuatar Value
(a) Higher rotation target
Simulated Shot 186906 Rotation Evolution at Selected y, Values Shot 186906 Actuation Signals
o =021 Power Injected (kW) Torque Injected (Nm)
140 120 1 10.0
g 120 £ 100 £ 75
g g 2 2?8 g
£ g v g S 5o g
R k| | 25
S . i g 60 S 25
£ 60 i 2 & 0.0
Time (ms) Time (ms) Time (ms) Time (ms) Time (ms)
yn = 0.61 Yo =0.82 o =0.91 Gas A (Voltage) ECH Power (W)
o
26 ~
£ £ :
2% El ot L3
30 = =
£ ] E 22
EEY T 20 2
& 20 3
Time (ms) Time (ms) Time (ms) Time (ms) Time (ms)
—— RAMBO Present === Target —— Actuator Value

(b) Lower rotation target

Figure 3: Simulated results of RAMBO applied to Rotation profile tracking for shot 187108 and
186906 using the dynamics-model environment. Two target patterns are tested: (a) increasing the
profile and returning, and (b) decreasing the profile and returning. Left plots show the rotation profile
at different normalized flux values (1,,). Right plots show the RL-controlled actuator signals. Both
cases demonstrate strong tracking performance in the absence of the sim-to-real gap.
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Figure 4: Simulated results of COMBO applied to density profile tracking for shot 160579 and

176849 using

the dynamics-model environment.
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Figure 5: Simulated results of MOPO applied to temperature profile tracking for shot 186501 and
190783 using the dynamics-model environment.
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Figure 6: Simulated results of MOPO applied to pressure profile tracking for shot 162961 and
171975 using the dynamics-model environment.
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Figure 7: Simulated results of MOPO applied to Q profile tracking for shot 140453 and 179454
using the dynamics-model environment.
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Figure 8: Simulated results of RAMBO applied to betaN tracking for shot 153473 and 140144
using the dynamics-model environment.
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6 Conclusion and Discussion

We introduced RLAF, an open-source benchmark for offline RL in nuclear-fusion plasma profile
control, releasing reference dynamics models trained on real-world fusion operational data, synthetic
datasets for offline RL training, and the full codebase to support reproducibility and community
adoption. The benchmark provides standardized task definitions and a unified evaluation protocol
across four profile-tracking objectives: rotation, density, temperature, and pressure. Physics-based
simulators such as RAPTOR (Felici et al.} 2011) and TORAX (Citrin et al.,[2024) can struggle to
capture complex fusion dynamics, and calibrating them to a specific tokamak can be nontrivial. In
contrast, our benchmark is built directly from experimental discharge data and designed specifically
for offline RL evaluation. To the best of our knowledge, it is the first offline RL benchmark for
nuclear-fusion plasma control, providing a common testbed for comparing algorithms under fixed
datasets and standardized evaluation conditions.

A current limitation is that RL4F is constructed from DIII-D data alone. As a result, it remains
unclear how well the learned dynamics model, or the relative performance of different algorithms,
transfers to other tokamak devices. Addressing this limitation will require broader collaboration
across the fusion community and the inclusion of data from additional fusion devices. Despite these
limitations, we believe this benchmark is a useful step toward accelerating progress in both nuclear
fusion and RL algorithm development.
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A Additional Results

We provide additional visualizations of closed-loop profile tracking trajectories for each of the four
benchmark tasks. Figures [} [I3]show the temporal evolution of the full radial profiles at selected
time instances for two representative test shots per task, corresponding to a higher and a lower target
profile, respectively. In each figure, solid lines denote the model-predicted profile and dashed lines

indicate the target profile.
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Figure 9: Temporal evolution of full rotation profiles at selected time instances for two representative
shots using RAMBO. (a) Higher rotation target and (b) Lower rotation target. Solid lines represent
the present (predicted) profiles, while dashed lines indicate the target profiles.
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Figure 10: Temporal evolution of full density profiles at selected time instances for two representa-
tive shots using COMBO. (a) Higher density target and (b) Lower density target. Solid lines represent
the present (predicted) profiles, while dashed lines indicate the target profiles.
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Figure 11: Temporal evolution of full temperature profiles at selected time instances for two
representative shots using MOPO. (a) Higher temperature target and (b) Lower temperature target.
Solid lines represent the present (predicted) profiles, while dashed lines indicate the target profiles.
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Figure 12: Temporal evolution of full pressure profiles at selected time instances for two repre-
sentative shots using MOPO. (a) Higher pressure target and (b) Lower pressure target. Solid lines
represent the present (predicted) profiles, while dashed lines indicate the target profiles.
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Figure 13: Temporal evolution of full q profiles at selected time instances for two representative
shots using MOPO. (a) Higher Q target and (b) Lower Q target. Solid lines represent the present
(predicted) profiles, while dashed lines indicate the target profiles.
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Shot 192238 autoregressive rollout, final-time profiles in real units
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Figure 14: Autoregressive Rollout on a Held-out Test Shot. The rollout was generated using the
RPNN ensemble with the ensemble mean prediction at each step. The model receives the true initial
state and the recorded actuator sequence throughout the entire shot, while the subsequent states
are predicted autoregressively. The faded blue lines represent trajectories predicted by individual
ensemble members, while the darker blue line shows the ensemble mean prediction. The black lines
indicate the ground-truth experimental values. The top row shows the reconstructed profiles at the
final rollout step. The x-axis corresponds to the normalized minor radius of the tokamak, where 0
represents the magnetic axis and 33 represents the edge. The remaining plots show scalar quantities

evolving over time, with the x-axis representing time during the discharge in ms.
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Tracking-test shot 161394 autoregressive rollout, final-time profiles in real units
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Figure 15: The faded blue lines represent trajectories predicted by individual ensemble members,
while the darker blue line shows the ensemble mean prediction. The black lines indicate the ground-
truth experimental values. The top row shows the reconstructed profiles at the final rollout step. The
x-axis corresponds to the normalized minor radius of the tokamak, where O represents the magnetic
axis and 33 represents the edge. The remaining plots show scalar quantities evolving over time, with
the x-axis representing time during the discharge in ms.
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B RPNN

B.1 RPNN Training

The benchmark uses two learned dynamics models: a reference dynamics model trained on historical
DIII-D experimental trajectories, and a separate dynamics model trained on the synthesized bench-
mark trajectories for model-based baselines. Both models use the same RPNN ensemble architecture
described in Appendix [B.2} they differ only in the data used for training. Each model predicts
transitions over the full dynamics state—actuator space, which is larger than the policy observation
and action space. The corresponding signal usage is summarized in Table[I2} variables marked as
Actuators and States are used for dynamics modeling, while only a task-dependent subset of the state
variables is exposed to the policy as observations.

We report held-out predictive fidelity using per-variable explained variance (EV). The reference
dynamics model, trained on historical experimental data and used as the closed-loop evaluation
environment, is summarized in Table B} The dynamics model trained on synthesized benchmark
trajectories, used by model-based baselines for learned rollouts, is summarized in Table[I0}

Table 8: Per-variable explained variance (EV) of the reference dynamics model trained on historical
experimental data. Higher values indicate better agreement with held-out real trajectories.

Variable EV Variable EV

BN 0.8229  itemp_pca2 0.6044
dssdenest 0.6658  itemp_pca3 0.4058
li 0.5374  itemp_pca4 0.2922
nlrms 0.4520 dens_pcal 0.4584
Vioop 0.5187  dens_pca2 0.3938
Whwsnp 0.8144  dens_pca3 0.3578

temp_pcal  0.5810 dens_pca4 0.3938
temp_pca2  0.4225 rotation_pcal 0.4473
temp_pca3  0.3494  rotation_pca2 0.4016
temp_pca4  0.3396 rotation_pca3  0.3004
itemp_pcal  0.5878 rotation_pca4  0.3521
pres_pcal 0.8853  q_pcal 0.3945
pres_pca2 0.7107 q_pca2 0.4840
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Table 9: Full-state explained variance (FullEV) of the RPNN ensemble on held-out test shots.

Variable EV Variable EV

On 0.9991 itemp_pca2 0.9908
dssdenest 0.9994 itemp_pca3 0.9678
li 0.9982 itemp_pcad 0.9145
nlrms 0.9865 dens_pcal 0.9983
Vioop 0.9120 dens_pca2 0.9811
WnmHD 0.9993  dens_pca3 0.9652

temp_pcal  0.9982 dens_pcad 0.9505
temp_pca2  0.9684 rotation_pcal 0.9969
temp_pca3  0.9324 rotation_pca2 0.9799
temp_pca4d  0.9293 rotation_pca3 0.9579
itemp_pcal 0.9983 rotation_pca4 0.9038
pres_pcal 0.9995 q_pcal 0.9981
pres_pca2 0.9933 q_pca2 0.9962

Table 10: Per-variable explained variance (EV) of the dynamics model trained on synthesized
benchmark trajectories, evaluated on held-out data. Higher values indicate better predictive accuracy
for model-based baselines.

Variable EV Variable EV

BN 0.9647  itemp_pca2 0.9193
dssdenest 0.8945  itemp_pca3 0.8776
li 0.9515 itemp_pca4d 0.7848
nlrms 0.8491  dens_pcal 0.8534
Vioop 0.8675  dens_pca2 0.7224
Wwunp 0.9678  dens_pca3 0.7117

temp_pcal 0.8764  dens_pca4 0.8425
temp_pca2  0.7221 rotation_pcal  0.9133
temp_pca3  0.6276 rotation_pca2 0.8727
temp_pcad  0.8003 rotation_pca3  0.8242
itemp_pcal 09313 rotation_pca4  0.8100
pres_pcal 0.9838 q_pcal 0.9365
pres_pca2 09712 q_pca2 0.9428
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Table 11: Physical state and action space specification. Profile states are decoded from their compact
representation to 33-point radial physical profiles before reporting units and ranges. Scalar ranges are
configured physical bounds when available; profile ranges are empirical 1-99 percentile ranges after

reconstruction.

Group Representation  Type

Signal

Dim.

Unit / Range

Scalar Other

Normalized beta, S
Line-averaged density
Internal inductance, [;

nlrms

Loop voltage, vioop
Stored energy, Wmhnd

dimensionless; [0.350, 3.609]
109 m~3;[0.199, 9.125]
dimensionless; [0.601, 1.527]
G; [-0.139, 15.54]

V; [-0.916, 1.466]

J; [1.246x10°, 1.620x10°]

Electron temperature
Ton temperature
Density
Rotation
Pressure
Safety factor, ¢

keV; [0.057, 4.591]
keV; [-0.011, 8.993]
109 m~3;[0.176, 9.045]
krad/s; [-0.917, 165.2]
Pa; [-610.1, 1.132x10°]
dimensionless; [0.095, 1.230]

States
Profile Physical
Beam
. Beam
Actions Scalar
Gas
ECH

Injected power
Injected torque
GasA

Electron cyclotron
heating power

kW/step; [-1584.4, 1643.2]
N m/step; [-1.314, 1.324]
Torr L/s/step; [-0.855, 0.829]

Wistep; [—2.377x 105,
3.134x10°]
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Table 12: Plasma signals and how they are used as state and actuator variables for dynamics
modeling. Policy observation and action space variables are also shown. Profile dimensionality
depends on the task: rotation, density, and temperature use 4 PCA components, while pressure uses 2

PCA components.

Signal Group

Signals

Actuator

State Action

Observation

Scalar States

BN (Normalized
Plasma Pressure)

l; (Internal Inductance)
Line Averaged Density
Loop Voltage

MHD Stored Energy

X 4 X

X

x X X X

Profile States

Rotation

Density

Ion Temperature
Electron Temperature
Pressure

Safety Factor ¢

M XXX X XX X XX
A NANENE NN N NENEN
M XXX X XXX XX

v (rot task)
v (dens task)
X
v (temp task)
v (pressure task)
X

Shape Variables

Elongation

Upper Triangularity
Bottom Triangularity
QAminor

Radial and vertical po-
sitions of magnetic axis

N
>
>

Neutral Beam Variables

Power Injected
Torque Injected

Gas Puffing

GasA voltage

Electron Cyclotron Heating

ECH Total Power

Other Actuators

Current
Toroidal Field

Target,

NSNS
> | x| x| %%
x| NSNS S

X [ X[ X | X X

Targets

Rotation Target (),
Rotation Target (¢t +
10),

Error Terms ()

Error Terms (¢ + 10)

Total Dimensions

12D 25D 4D

20D/10D(pres task)

B.2 Network Architecture and Training Details

Network Architecture

¢ Encoder:

— Fully Connected (FC) layer: input_dim x 512
— FClayer: 512 x 512

* Memory Unit:

— Gated Recurrent Unit (GRU) block: 512 x 256
* Decoder (with residual connections between FC layers):
— FC layer: 256 x 512

— FC layers: 512 x 512 (repeated 8 times)

— FClayer: 512 x 128

¢ Output Heads:

— Mean head: 128 x output_dim
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— Log-variance head: 128 X output_dim

C Implementation Details

C.1 Hyperparameter

We separate hyperparameter selection from final evaluation. For each task and algorithm, hyperpa-
rameters were selected using the validation split, while the held-out test split was used only for the
final closed-loop evaluation reported in the main results. This protocol avoids tuning directly on
the test shots and provides a less biased estimate of generalization performance. Because the four
profile-control tasks differ in their response channels and long-horizon dynamics, we allow a small
set of task-dependent hyperparameters, but keep all other settings shared across tasks or fixed by the
released configuration files.

Table E] summarizes the common training, evaluation, network, and model-rollout settings used
across the benchmark. These settings define the default experimental budget and architecture choices.
Method-specific deviations are limited to the hyperparameters listed in Table[T4]

For hyperparameter tuning, we used an Optuna-based tuner implemented in the released codebase.
The tuner reads each algorithm’s search space from the configuration file, launches training trials
with sampled hyperparameters, and maximizes the validation reward extracted from the training logs.
The default sampler is Optuna’s TPE sampler, with support for grid search when specified in the
configuration. Trials can be run in parallel across multiple GPUs, and the tuner records the best trial,
selected parameters, log directory, and detailed trial results.

Table|15|reports the task-dependent hyperparameters selected by this validation procedure. These
values were fixed before evaluating on the test split. Parameters not shown in the table are either
shared across all four tasks, listed in Table or specified in the released per-method configuration
files.
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Table 13: Common experimental settings used in the benchmark. We report the main shared settings
here and provide complete per-method configurations in the released codebase.

Category Setting Value Notes

Training

Optimization budget  Gradient updates 1000 epochs, 1000 Used by most offline RL.

steps/epoch baselines.

Mini-batch size Default batch size 256 GCIL and PPO use
method-specific batch
sizes.

Discount factor gamma 0.99 Used by most offline
RL baselines; PPO use
separate settings.

Target update tau 0.005 Used by actor-critic of-
fline RL baselines.

Evaluation

Test set Held-out shots 300 shots Fixed test split shared
across all tasks.

Randomization Seeds per shot 10 Used for closed-loop
policy evaluation.

Metric Tracking error RMSE | Reported with standard
error across rollout in-
stances.

Evaluation episodes  Default value 5 PPO uses 3 evaluation
episodes.

Policy and value networks

Default MLP Hidden dimensions [256,256] Used by several actor-
critic and model-based
baselines.

Larger MLP Hidden dimensions [256,256,256] Used by COMBO, CQL,

PPO architecture

Policy/value networks

[256,256]

EDAC, GCIL, and MPPL.

PPO uses separate policy
and value networks.

Model-based rollouts

Rollout batch size

Model retention

Rollout schedule

Dynamics ensemble

rollout_batch_size

model_retain_epochs

rollout_freq

Number of models

50000

1000

Used by model-based
offline RL baselines.
Controls the retained
model-generated replay
buffer.

Default rollout frequency
for model-based methods.
Used for learned
dynamics-model rollouts
and closed-loop evalua-
tion.
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Table 14: Algorithms evaluated in the benchmark and the hyperparameters tuned for each method.
BAMCTS is implemented as bambrl in the codebase.

Category Algorithm Tuned hyperparameters
Imitation Learning GCIL batch size
TD3BC ot
Model-free ICQLL CQL Wflght, temperature
offline RL Q expectile, temperature
EDAC number of critics, n
MCQ A, sampled actions
PPO clip range
COMBO  rollout length, CQL weight
Model-based MOPO rollout length, penalty coef.
offline RL MOBILE  rollout length, penalty coef.
RAMBO  rollout length, adv. weight
BAMCTS rollout length, penalty coef., use_ba,

search_alpha € {0.5,0.8}

Table 15: Task-dependent hyperparameters. All other hyperparameters are shared across the four
benchmark tasks or specified in the released configuration files.

Method Hyperparameter Rotation  Density = Temperature Pressure
GCIL batch_size 64 512 64 256
PPO clip_range 0.148 — — —
TD3BC alpha 1.5 0.15 2.0 5.0
CoL cql_weight 2.0 2.0 5.0 0.1
temperature 1.0 2.0 5.0 0.1
0L expectile 0.67 0.69 0.52 0.55
temperature 0.21 4.10 0.67 0.82
num_critics 10 10 50 20
EDAC eta 0.1 2.0 2.0 0.5
MCQ lmbda 0.771114  0.750130 0.860632 0.711199
num_sampled_actions 20 10 10 20
cql_weight 1 3 5 3.0
MB
COMBO rollout_length 10 7 10 5
rollout_length 7 5 7 7
MOPO penalty_coef 0.5 5.0 1 1
MOBILE rollout_length 1 — — —
penalty_coef 1.5 — — 0.5
rollout_length 5 2 5 4
RAMB
o adv_weight 0.000001  0.000408 0.000095 0.000023
rollout_length 5 2 1 5
BAMCTS penalty_coef 1.72 0.92 1.29 1.64
use_ba False False True False
search_alpha 0.50 0.50 0.50 0.50
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Table 16: Evaluation RMSE under different reference RPNN ensemble sizes. Lower is better.

Algorithm Size=1 Size=5 Size=10 Size=25

PPO 0.8884 +0.0020 0.7440 £ 0.0018  0.6935 £ 0.0017  0.7326 £ 0.0020
COMBO  0.87394+0.0020 0.7203 £0.0018 0.6978 £0.0017 0.6912 &£ 0.0017
MOPO 0.9679 £ 0.0021  0.7709 £ 0.0017 0.7376 £ 0.0017  0.7269 £ 0.0018
MOBILE  1.3265+0.0027 1.0939 +£0.0022 1.0598 £ 0.0023  1.1839 £ 0.0025
BAMBRL 1.1763 +0.0026 1.0288 £+ 0.0023 1.0555 +0.0023 1.0232 £ 0.0024
RAMBO  1.7296 +£0.0031 1.4889 £0.0024 1.5721 +0.0023 1.5826 £ 0.0024
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C.2 Experiments compute resources

All experiments were conducted on an Ubuntu 22.04 Linux server equipped with two Intel Xeon
Platinum 8457C processors, providing 96 physical CPU cores (192 threads) in total, 503 GiB RAM,
and 10 NVIDIA GeForce RTX 4090 GPUs. Each GPU provides approximately 46-49 GiB of
memory. Unless otherwise specified, each training run used a single GPU. Training time varies across
algorithm classes. Model-based methods generally require longer training due to learned-model
rollouts, with representative runs ranging from several to about 30 GPU-hours (MCQ: 3.7h, MOPO:
11h, BAMCTS: 12.0h, MOBILE: 17h, RAMBO: 24.5h, COMBO: 1.2 days), whereas model-free
and imitation-learning methods are comparatively faster, typically completing within minutes to 18
GPU-hours (GCIL: 43 min, IQL: 1.8h, CQL: 18h, EDAC: 8h, TD3-BC: 6h).

D Broader Impacts

RLAF is an open-source benchmark for offline reinforcement learning in nuclear-fusion plasma
profile control, enabling researchers to develop data-driven control algorithms and compare them
under standardized tasks, datasets, dynamics-model environments, and evaluation protocols. By
supporting reproducible offline evaluation, RL4F can help reduce the need for costly and safety-
critical trial-and-error on real tokamak devices during early-stage controller development. Progress
on this problem may contribute to more effective regulation of plasma profiles related to confinement,
fueling, heating, and overall plasma performance, which is an important step toward stable and
efficient fusion operation. More broadly, the benchmark provides a challenging real-world testbed for
offline RL research, with nonlinear dynamics, long-horizon control, partial observability, and limited
data coverage. As with any simulation-based benchmark in a safety-critical domain, performance in
RLAF should be interpreted as evidence from a controlled offline evaluation setting rather than as a
substitute for real-device validation; any potential deployment on physical tokamaks would require
additional safety constraints, expert review, and device-specific testing.
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