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Abstract

Reinforcement learning (RL) offers transformative potential
for many environmental sustainability problems ranging from
water monitoring with data acquisition to power grid opera-
tions, by learning adaptive and scalable controllers through
trial and error. However, current RL methods face signifi-
cant challenges when applied to real-world settings, includ-
ing handling the uncertainty of complex system dynamics,
achieving long-term objectives, and satisfying strict physical
constraints. Moreover, the lack of transparency of RL deci-
sions, arising from the black-box nature of deep neural net-
works, is hindering the deployment of RL in our society.
Progress in this field requires close collaboration with en-
vironmental operators to ensure RL methods are effective,
explainable, and especially safe. To this end, we argue that
proposing innovative combinations of explainable Al solu-
tions, such as counterfactual explanations, with recent RL ap-
proaches can be an interesting direction to consider and pave
the way to trustworthy and effective control solutions for en-
vironmental operations.

Motivations. Many environmental sustainability problems
play an important role in combating climate change, neces-
sitating a rapid transition to sustainable practices that en-
hance resilience to climate-driven extreme events (European
Commission 2024). This transition places new demands on
the systems that should now operate more dynamically,
on larger scales, and under increased uncertainty. Much of
this complexity stems from shifting resource availability
and usage patterns, driven by integrating renewable energy
sources, distributed monitoring technologies, and evolving
environmental factors (Li et al. 2023). These changes in-
troduce significant challenges for human operators and re-
veal the limitations of traditional analytical and management
tools in effectively addressing the complexities of modern
systems (Marot et al. 2022). Reinforcement learning (RL)
holds considerable promise for revolutionizing problems
ranging from water monitoring, data acquisition, and power
grid operations, as evidenced by its success in complex game
scenarios (Mnih et al. 2013; Papoudakis et al. 2021). How-
ever, several challenges remain in applying RL to real-world
tasks, including the need to manage system dynamics, ac-
count for aleatoric uncertainty, pursue long-term objectives,
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and adhere to stringent physical constraints. Among other
problems, power grids embody many of these challenges,
which are also active research areas within the RL field.
Thus, exploring realistic power grid tasks through an RL
lens could drive valuable progress in both RL research and
societal needs. Deploying RL-based solutions to these com-
plex physical systems, however, requires collaborating with
system operators and providing them with trustworthy and
explainable solutions. This aspect is seldom straightforward
to achieve due to the black-box nature of deep neural net-
works on which scalable RL solutions are built upon.

Explainable RL solutions for power grid operations. Our
solutions to this open challenge comprise the ongoing de-
velopment of RL2Grid, an RL framework that models real-
istic power grid operations and captures a range of increas-
ingly complex tasks that received an honorable mention at
the MIT Prize for Open Data (MIT Libraries 2024). This
framework mirrors the combinatorially large action space
typical of grid operations and is presented within a stan-
dardized Gymnasium-based interface, complete with shared
reward structures, state spaces, and action spaces to en-
able standardized evaluation for future developments. While
deep RL methods hold promise for addressing many press-
ing challenges in power grid management, they also intro-
duce potential risks—such as those related to safety, reli-
ability, and robustness—that require careful consideration.
Future research directions in deep RL for power grid ap-
plications include: (i) safe RL methods to ensure learning
and control policies prevent actions that might lead to black-
outs or equipment damage; (ii) human-in-the-loop systems,
which integrate human supervision, interaction, and feed-
back for a synergistic approach where human operators and
Al collaborate to optimize grid operations; (iii) novel and
scalable verification/explainable deep neural network meth-
ods to enhance the understanding of the RL decisions (Jiang
et al. 2024; Marzari et al. 2024). Specifically, counterfac-
tual explanations for RL (Gajcin and Dusparic 2024) hold
great promise in providing an explainable decision-making
process for RL policies. However, given the NP-hardness of
formal verification of neural networks, the necessity of dis-
covering novel scalable and efficient solutions for real-world
environmental sustainability challenges remains an attrac-
tive open problem we aim to address in the next years.
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