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Abstract

We propose a framework for applying reinforcement learning to contextual two-
stage stochastic optimization and apply this framework to the problem of energy
market bidding of an off-shore wind farm. Reinforcement learning could potentially
be used to learn close to optimal solutions for first stage variables of a two-stage
stochastic program under different contexts. Under the proposed framework, these
solutions would be learned without having to solve the full two-stage stochastic
program. We present initial results of training using the DDPG algorithm and
present intended future steps to improve performance.

1 Introduction

Power systems are a major contributor to climate change because energy production often results in
significant greenhouse gas emissions. To combat this challenge, many efforts are being focused on
how to integrate, manage, and plan renewable energy (RE) use in the power grid [1, 2, 3]. However,
these RE systems (such as wind or solar) can create new difficulties. The energy production of these
systems is often stochastic (e.g., there is uncertainty around when or how much the wind will blow).
These RE systems also must operate within energy markets which can vary by region and have
stochastic prices. Regions typically have two or more markets, often including a long-term—often
day-ahead (DA)-market where energy is bid and committed ahead of time, and a short-term, real-time
(RT) market, where energy is bid and committed in real time. Markets can compound the challenge
of uncertainty, as energy may need to be committed ahead of time without knowing the exact final
production of the RE system. Further, power electronic devices (PELs) can greatly influence the
operation dynamics in the grid. For example, installing battery storage with a wind farm (WF) can
influence how much energy can be committed at different times. To make these RE systems more
productive and resilient in the grid, many algorithms, models, and tools are being designed to help
make decisions for RE systems in energy markets under different sources of uncertainty [4].

Two-stage stochastic programs (SP) are a common approach for decision making under uncertainty
and has been used in many different studies involving RE (see for example, [5, 6, 7]). In two-stage
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SP, there are a set of first stage (primary) decision variables which must be decided first and a set
of second stage (recourse) decision variables that are decided after the realization of the first stage
variables. Two-stage SP often considers a large set of scenarios that contain realizations of the
uncertain problem data. In this way, the first stage variables are the same across all scenarios, while
the second stage variables can vary between scenarios. Scalability is a key challenge of two-stage SP
as a large number of scenarios may be necessary for finding meaningful solutions, and the problem
size can increase significantly with more scenarios. To combat this challenge, there are a variety of
works that seek to simplify or speed up solution of two-stage SP, such as scenario reduction [8, 9],
decomposition techniques [10, 11], or through machine learning [12, 13].

In this work, we propose using reinforcement learning (RL) to learn the first stage solution of a
contextual 2-stage SP for the day-ahead bidding strategy of an offshore wind farm (WF). Contextual
2-stage SP differs from 2-stage SP in a sense that there is "context" or data that influences the optimal
solution but is not a decision variable in the problem (e.g., objective function coefficients). This is
motivated in part by the work of Nair et al. [14] who used RL to train a policy to choose first stage
solutions of a contextual two-stage SP. However, in their work, all first stage variables were binary
while the problem we consider requires continuous first stage variables. Yilmaz and Biiyiiktahtakin
[15] also used RL for 2-stage SP, but they did not incorporate context and used a different setup than
we present below. In addition, there are a number of works that use RL for bidding strategies of WFs
outside of SP problems [16, 17, 18]. To our knowledge, RL has not been used for learning solutions
of contextual 2-stage SP with continuous first stage variables and has not been applied to the offshore
WF use case. We present herein our preliminary efforts to build an RL agent and show initial results
that suggest that the RL agent starts to learn better actions it should take, but more work is needed to
develop a reliable RL agent.

2 Methods

The two-stage SP we consider is adapted from [19] where we consider an offshore WF with a battery
for storing electricity that can commit to a DA or RT market as shown in (1)).
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Here, 7 is the set of time points in the time horizon (24 hours) and §2 is the set of scenarios. Decision
variables for time ¢ and scenario w include the power committed to the DA and RT markets (P”# and

P[T), the amounts of under-produced or over-produced power (P;'5, and P;’%)), the power charged

or discharged from the battery (P{;i”} and P{f{f), and the current energy level of the battery (£ ).
Parameters include the DA and RT market prices (A\P# and AZT'), the cost to buy power when under-
producing ()\Zﬁ,), the cost to curtail power when overproducing ()\?f;), the total energy produced by
the WF in each scenario (G ), maximum charge or discharge levels (P and P%), charge and

discharge efficiencies (7" and n%**), minimum or maximum battery energy levels (E"”:" and E™M%T),
the initial battery energy level (), and a bound on the final battery energy level (E7),

The RL framework we use is visualized in Figure[I] Under this framework, we use RL to predict the
first stage variables ({ P24 }1c7) based on {\P4},c7, Ey, forecasts of wind production ({G }¢c7)
and RT prices ({A\FT},c7), and based on problem context (E/imal pmaz peh and pdis) We use
an actor-critic agent trained using a DDPG algorithm [20] (we also tried the PPO [21] algorithm,
but initial performance was better with DDPG). Under this framework, a single step consists of the
agent observing the environment ({\P4 Gy, \ET | By, pfinal pmaz peh pdis1, -y and predicting
an action ({PtD A}teT) based on that observation. The action is then passed to the environment, which
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Figure 1: One step of the RL framework for learning the first stage variables. The agent observes
the environment, chooses an action, and a reward is computed by solving the second stage of the
two-stage SP.

returns a reward to the agent. Building and training the agent were done using Stable-baselines3
[22]. While we apply this framework to a specific two-stage SP, the general approach can be extended
to other two-stage SPs.

The environment consisted of real price and wind production data, probability distributions relating
to the data, and battery characteristics (context). RT and DA price data were for the northeastern
United states retrieved from the New England ISO [23], and the wind production data came from
[24] (wind and price data came from different locations because we are most interested in a proof of
concept for this work). Battery characteristics were randomly generated for each new episode. To
compute the reward, the environment solves (T)) with { P4} ;<7 fixed to be the action of the agent.
The optimal value is then divided by (3=, ., > ,c 7 Gt max (AP, AFT)) /|Q| and returned to the
agent as the reward (this is effectively a "normalized" reward to account for differences between wind
forecasts on different days). For (I, the environment computes € by sampling from distributions
of noise for the RT price data and wind speed data and adding noise to the forecasts to generate
unique scenarios (we use |2] = 10 and p,, = 0.1,Vw € Q). To compute the noise distributions, we
fit an auto-regressive moving average (ARMA) model to the RT price data and the wind speed data
(speeds are converted to power using a power curve), and the residuals (error) in the models were
fit to a probability distribution (see [25] and [26]). For RT price data, we used p = 5 and ¢ = 2,
and for wind speed data, we used p = 3 and ¢ = 0. Lastly, to simplify model training, we set the
action space to be [0, 1]I71. The actions are then multiplied by the forecasted wind power (forcing
0 < PP4A < Gy,Vt € T). Thus, the agent gives { PP4},c7 by returning a fraction of the wind
forecast to commit to the DA market. This theoretically simplifies model training as the model cannot
majorly over-commit to the DA market.

3 Results and Discussion

We trained the above RL agent for 500,000 time steps and tested the resulting agent. For evaluation,
we disconnected the agent from the training loop, generated 2,000 new environments, passed an
observation of each environment to the agent, and used the agent’s predicted action to compute the
expected revenue of (I). This expected revenue (denoted f};; ) is the optimal solution of (I)) with
{PPA},c7 fixed to be the action chosen by the agent. For comparison, we also computed the actual
solution of (T) without { P4}, 7 being fixed (i.e., the optimal solution of the two-stage SP with
the same € as for computing f%; ), and we denote this as f§,. We also created a simple benchmark
bidding strategy where PP4 = G if \P4 > AFT and PP4 = 0if \P4 < A\ET Wt € T and solved
with { PP4},c7 fixed under this strategy (denoted f;,, ;). Lastly, we trained an identical RL
agent for only 10,000 time steps, used it to predict { P 4Y,e7, and computed the expected revenue
from this agent’s decisions to confirm that the original agent is learning (denoted ff,;,).

The results of this test are shown in Figure [2] where Figure 2h shows the distribution of solutions
as a fraction of the corresponding f¢p, and Figure[2b shows the distributions of the agent’s actions
compared with the optimal solutions of the two stage problem. Figure 2 shows that the bidding
benchmark problem gets more solutions close (within 95%) to the optimal solution, but also has more
decisions that were < 85% of the optimal solution. On average, the results of the trained RL agent
were ~ 1.5% better than the bidding benchmark strategy (or about $4,000 more per day). Figure [2b
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Figure 2: Results from RL agent. (a) shows the distribution of solutions as a fraction of the optimal
solution. (b) shows the distribution of decisions chosen by the agent after training for both 10k and
500k steps. Decisions > 1 for Figure b are considered in the rightmost bar.

suggests that the model is learning the general distribution (the distribution of actions is similar to the
optimal values), but when those actions are taken differs between the RL agent and optimal solution.

Overall, the above RL approach for learning the first stage solutions of a contextual two-stage SP
is under-performing what we would hope would be achievable. There are several adjustments that
could be pursued in future work which could improve performance. First, we only used 10 scenarios
for computing the expected reward, and using more scenarios may be necessary for consistent
performance. This could be done with little cost to training time because, once { PP4};c7 are
fixed, @]) becomes deterministic and each scenario can be solved independently (i.e., scenarios can
be solved in parallel). While we did some initial tuning of hyperparameters using Optuna [27] for
the PPO algorithm, further hyperparameter tuning could be explored, particularly for the DDPG
algorithm. In addition, changing the architecture of the policy network (we used 3 layers with 16
nodes each) could yield better results as we noticed that the current implementation converges to
near-identical actions for many different observations. We are also interested in training for longer
than 500,000 time steps (going into the millions of steps) as this may be necessary to learn the entire
environment. Further, the reward function may not penalize sub-optimal behavior enough, and our
current reward function could be revisited. Lastly, we could also consider the approach of [15], who
used two RL agents: one to learn the behavior of the second stage variables and the other to learn
the behavior of the first stage variables. This latter approach, while requiring two agents, could be
computationally more efficient because no optimization problem needs to be solved.

We recognize that there are both benefits and shortcomings in constructing an RL agent for two-stage
SP. First, there is a trade-off between computational cost of training the RL agent compared with
the computational cost of solving the two-stage SP. The intention of using RL is to create a model
that 1) can be used under a variety of different contexts (which otherwise would each require solving
a separate SP), 2) is computationally efficient after training is complete, and 3) does not require
ever solving the full two-stage problem. For the second point, this means that the RL agent could
be used after training with minimal computational cost and could therefore be used within other
large-scale models (e.g., as an input to a larger power grid model or as a surrogate model). For (T)),
the RL framework is likely much more expensive than solving the two-stage SP directly because
this equation is a linear program which can be efficiently solved, even with a variety of contexts.
However, if the above framework is effective, it could likely be applied to more complex problems
that are far more difficult to solve (e.g., problems with mixed integer variables) and that have a
higher computational cost, making the RL route potentially more desirable. In addition, there is
more complexity that could be added to the second stage, such as including other PEL devices (e.g.,
inverters or converters) which could involve binary variables. In this latter case, the RL framework
could be helpful since the second stage problems would be deterministic, meaning several smaller
mixed-integer problems can be solved instead of ever solving the larger mixed integer two-stage SP.

In conclusion, we believe that effectively training a RL agent to learn close-to-optimal first-stage
variables of a contextual two-stage SP is possible. However further work needs to be done in solving
with more scenarios, optimizing hyperparameters and structure, training for more iterations, and
revisiting the reward function.
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