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 A B S T R A C T

Designing reliable integrated energy systems for industrial processes requires optimization and verification 
models across multiple fidelities, from architecture-level sizing to high-fidelity dynamic operation. However, 
model mismatch across fidelities obscures the sources of performance loss and complicates the quantifi-
cation of architecture-to-operation performance gaps. We propose an online, machine-learning–accelerated 
multi-resolution optimization framework that estimates an architecture-specific upper bound on achievable 
performance while minimizing expensive high-fidelity model evaluations. We demonstrate the approach on a 
pilot energy system supplying a 1 megawatt industrial heat load. First, we solve a multi-objective architecture 
optimization to select the system configuration and component capacities. We then develop an machine 
learning (ML)-accelerated multi-resolution, receding-horizon optimal control strategy that approaches the 
achievable-performance bound for the specified architecture, given the additional controls and dynamics 
not captured by the architectural optimization model. The ML-guided controller adaptively schedules the 
optimization resolution based on predictive uncertainty and warm-starts high-fidelity solves using elite low-
fidelity solutions. Our results on the pilot case study show that the proposed multi-resolution strategy reduces 
the architecture-to-operation performance gap by up to 42% relative to a rule-based controller, reduces the 
required high-fidelity model evaluations by 34% relative to the same multi-fidelity approach without ML 
guidance, and improves on direct derivative-free optimization by up to 24%, enabling faster and more reliable 
design verification. Together, these gains make high-fidelity verification tractable, providing a practical upper 
bound on achievable operational performance prior to industrial deployment.
1. Introduction

Integration across mechanical and electrical systems is a key enabler 
to achieve cost-effective, grid-flexible energy systems as such integra-
tion allows optimizing the size of equipment for storing and converting 
energy across energy carriers under consideration of dynamic energy 
rates. For example, for given utility rates and load profiles, one could 
trade off investments in batteries and thermal storage tanks for energy 
storage, and heat pumps and gas boilers for heat production. The 
overall techno-economic performance depends on both how equipment 
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is sized and how it is operated, requiring a co-optimization across 
electrical, mechanical, and controls domains.

There are two general approaches to this co-optimization challenge. 
Either one uses simplified process and control models to formulate an 
optimization problem that can be solved efficiently and robustly, such 
as a linear programming problem or a nonlinear programming problem. 
These types of models assume perfect knowledge of the system and 
the future, and ignore fast transients and control switches that would 
lead to non-differentiable functions. We will call these types of models
optimization models. Alternatively, one may build detailed process and 
control models, such as by formulating a differential algebraic system 
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of equations with continuous-time and discrete event dynamics. Such 
models serve well for verification of a design, but determining equip-
ment sizes and control schedules can only be optimized heuristically, 
and their simulation can be computationally expensive, sometimes 
making even heuristic optimizations impractical. We will call these 
models verification models.

For complex energy systems such as a power plant that provides 
heat for an industrial process or cooling for a building, district, or 
data center, there is no model that can serve as both optimization 
and for verification (Wetter and Sulzer, 2024). Platform-Based Design 
(PBD) is a process that formalizes how to transition between models 
of different fidelity, allowing holistic design space exploration and de-
risking implementation of integrated systems (Sangiovanni-Vincentelli, 
2007; Sulzer et al., 2023). However, as the optimization model and the 
verification model are different, they have an inherent model mismatch 
and corresponding performance gap. The different models will have 
different approaches and assumptions, such as perfect knowledge of the 
process and the future in optimization models compared to only mea-
surable quantities and imperfect predictions with closed loop stability 
constraints and operational constraints for verification models. As one 
progresses in the design from the optimization to the implementation 
with verification, it is not clear what part of the performance gap is 
due to mismatch of the process models and due to implementation of 
the control. However, knowing the performance gap due to control 
implementation is important, as such knowledge allows designers to 
judge whether the control is near-optimal, and further attempts to im-
proving it would be fruitless. While engineers and designers are aware 
of this performance gap between optimization model and verification 
model, quantification of this gap, which is critical for decision making, 
is typically impractical.

Addressing this knowledge gap is the core contribution of the paper. 
One potential strategy involves a direct brute-force optimization of 
the verification model. However, the optimal control problem is a 
constrained, non-differentiable black-box of high dimensionality, which 
makes the problem computationally expensive and achieving a compet-
itive result difficult at best. An exhaustive search is typically required 
to close the performance gap with optimal solutions.

The limit of performance estimation problem we address is a novel 
problem in itself, but it involves solving optimal control problems 
for the energy system (a well-established problem). Thus, a natural 
question is whether established methods for energy system control 
suffice. The defining requirement of the limit of performance anal-
ysis is that it be posed on the verification model itself, so that the 
control-implementation gap can be isolated from process-model mis-
match. This immediately rules out model predictive control (MPC) and 
other gradient-based optimal control methods: because the verification 
model is non-differentiable, they would require a simplified surrogate 
model, reintroducing the very mismatch that limit of performance 
analysis is designed to isolate. Standard ML-MPC inherits the same 
flaw, and is further impractical here because the year-long horizon with 
season-varying dynamics makes a single global surrogate prohibitively 
expensive to train to sufficient accuracy, while the hard operational 
constraints are difficult to enforce through a learned surrogate (Hewing 
et al., 2020). Reinforcement learning (RL) avoids an explicit surrogate 
but scales poorly to our high-dimensional state and control space; 
and while safe RL can accommodate constraints, it remains sensitive 
to distribution shift and to reward design, both of which are prob-
lematic over a year-long horizon with changing seasonal conditions 
(Su et al., 2025). Surrogate-assisted optimization, such as Bayesian 
optimization, is highly effective for the low-dimensional design and 
sizing problem (Booker et al., 1999), but suffers from the curse of 
dimensionality and does not scale to the high-dimensional control prob-
lem (Shahriari et al., 2015), where constraint enforcement and the cost 
of generating a year of training data compound the difficulty. Limited 
work exists on the development of methods that are simultaneously 
able to operate on the non-differentiable verification model, enforce 
2 
hard constraints, and remain computationally tractable at this scale. 
To overcome these challenges, we propose an integrated framework 
that leverages multi-resolution optimal control and machine learning 
(ML) for further acceleration. This approach aims to improve both 
the tractability and computational efficiency of limit of performance 
estimation problems.

Multi-resolution optimal control approaches have been shown to 
be beneficial for improving the tractability of general optimal control 
problems in power and energy storage systems (Abdulla et al., 2017; 
Jain and Tsiotras, 2008; Zhang et al., 2023; Zou et al., 2018). The 
fundamental principle of multi-resolution optimal control is to lever-
age optimal control sequences from a coarse-grained discretization to 
inform the optimization process at a finer-grained level (Polak, 1997; 
Jain and Tsiotras, 2008). This strategy is designed to converge towards 
a solution with fewer evaluations of the computationally expensive 
function.

Similarly, ML techniques have been shown to be able to acceler-
ate the solution of optimal control in energy systems problems, and 
decision-making in engineering problems in general (Perera et al., 
2019; Bre et al., 2020; Prina et al., 2024; Stoffel et al., 2023; Rätz et al., 
2024; Wissmann et al., 2026; Xiao et al., 2026; Yin and Xiang, 2025a,b). 
More specifically, optimal control in energy systems heavily relies on 
ML methods such as Deep RL for rapid, policy-based decision-making 
under uncertainty (Li et al., 2023; Michailidis et al., 2025). Further-
more, ML techniques enhance classical control frameworks, such as 
utilizing algorithms based on Koopman theory to establish accurate, 
simplified models for MPC in complex components like Pumped Storage 
Systems (Cai et al., 2021), while hybrid solutions like Reinforced 
Predictive Control (RL-MPC) are emerging to ensure constraint satisfac-
tion and continuous learning in building energy management (Arroyo 
et al., 2022). For energy system design problems, ML surrogate models 
are employed to emulate high-fidelity energy system simulation tools, 
serving as fast, reliable replacements for costly iterative calculations 
(Rulff and Evins, 2025; Lédée et al., 2025). To improve the efficiency 
of black-box optimization, ML surrogate models are deployed in two 
primary ways: either to provide a good initial guess to warm start the 
main optimization algorithm (Grbcic et al., 2024; Favaro et al., 2024), 
or as a computationally efficient replacement for the original black-
box function, thereby conserving computational resources (Liang et al., 
2024; Liu et al., 2023).

Furthermore, in the field of online trained ML models applied to 
energy system problems, Stoffel et al. (2023) introduce a methodology 
that integrates online learning and novelty detection in data-driven 
MPC to enhance the reliability and safety of building energy systems 
by continuously retraining models and detecting extrapolation events 
to switch to robust fallback controllers when necessary. Gao et al. 
(2025) present an online optimization method for integrated energy 
systems that combines deep learning for accurate forecasting of wind 
and photovoltaic power generation with an accelerated optimization 
algorithm. Sha et al. (2025) introduce a data-driven MPC strategy that 
employs an online learning-enhanced encoder–decoder ML model to 
optimize HVAC performance in residential buildings.

While existing research has separately applied multi-resolution meth
ods to improve tractability and ML techniques to accelerate opti-
mization, these approaches have not been applied to limit of perfor-
mance problems in energy system design, or synergistically integrated 
into a unified framework capable of solving high-dimensional, black-
box optimal control problems efficiently. Our work makes four main 
contributions to the state-of-the-art in energy system and controls 
co-optimization, and in limit of performance analysis:

• We introduce the limit-of-performance estimation problem for 
industrial energy system design and, to the best of our knowledge, 
provide its first formal treatment.
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Fig. 1. Three platform layers used in the Platform-Based Design of the industrial plant and its controller.
• We introduce a novel, ML-accelerated, multi-resolution frame-
work for efficient numerical approximation of the limit of perfor-
mance in energy systems whose transient evolution is specified in 
differential–algebraic system of equations whose state trajectories 
are not differentiable in the control schedule. This integrated ap-
proach improves tractability over direct optimization and reduces 
computational cost by intelligently replacing an expensive, long-
horizon optimization stage with an online-trained ML surrogate. 
As demonstrated in Section 5.2, when applied specifically to our 
case study, this framework establishes a performance benchmark 
that reveals a potential for over 10% in operational cost savings 
compared to a standard rule-based controller.

• We demonstrate, through an ablation study, the synergistic effect 
of the framework’s core components. We show that both the 
multi-resolution structure (which provides strategic guidance) 
and the elite solution seeding (which preserves high-quality prior 
solutions) are independently critical for achieving robust conver-
gence and computational efficiency.

• We present a novel supervisory control logic that leverages the 
ML model’s uncertainty quantification to intelligently balance 
computational cost and solution quality. This uncertainty-aware 
mechanism ensures both computational efficiency, by using the 
fast ML model when it is confident, and robustness, by trigger-
ing a full optimization to explore and gather new data when 
uncertainty is high or conditions change.

We demonstrate our approach to the limit of performance analysis 
in energy system and controls co-design of an industrial heating pro-
cess, for which we design the system and its implementable control 
using PBD, consisting of three layers of abstraction as shown in Fig. 
1: In the first platform layer, we co-optimize electrical and mechani-
cal system together with optimal operating schedules using nonlinear 
programming. This gives specification for equipment sizes and insight 
into how to operate the system. For the second and third platform 
layer, we implement a verification model that is partitioned into a 
process model, a supervisory controller and local loop controllers. In 
the second platform layer, we use the process and the local loop control 
models together with an ML-based supervisory controller to compute 
a numerical approximation of limit of performance for the system, 
thereby providing an estimated upper bound for the performance of 
the verification model under the assumption that the limit of per-
formance analysis found the global optimal control sequence. In the 
third platform layer, we replace the ML-based controller with a rule-
based supervisory controller, and compare its performance against the 
estimated limit of performance computed using the ML-based super-
visory controller applied to the same model of the process and the 
local loop controllers. The rule-based controllers ensure that practical 
constraints such as equipment lockout and operating envelopes are 
maintained. We note that while we used a rule-based controller, the 
limit of performance analysis does on depend on that choice; the 
same process could have been done using for example a robust model 
predictive controller instead of the rule-based controller in which case 
one would see how much performance has been left on the table due 
to provision of robustness guarantees.
3 
The estimation of the limit of performance is achieved through 
our novel ML-accelerated, multi-resolution optimal control framework. 
The foundation of the framework is a multi-resolution strategy, where 
an initial, coarse-grained ‘‘exploratory’’ optimization over a long hori-
zon determines a strategic terminal target value (e.g. battery State 
of Charge), which then guides subsequent, finer-grained optimization 
stages. Our core contribution is to accelerate this process by training an 
online ML model with historical forecast data to predict this terminal 
target value based on current forecasts. Crucially, the ML model also 
provides an estimate of its own prediction uncertainty, which is central 
to the algorithm’s performance.

The ML-based controller provides no optimality guarantees, ow-
ing to the non-differentiable nature of the verification model and 
the reliance on a stochastic, derivative-free optimization algorithm. 
However, since the verification model offers no analytical structure or 
gradient information, gradient-based or formally-guaranteed optimiza-
tion methods are inapplicable, making this stochastic, derivative-free 
approach the most viable option available. Nonetheless, the resulting 
controller provides a practical limit of performance estimate, offering 
a meaningful starting point against which other control strategies can 
be evaluated.

The rest of the paper is structured as follows: Section 2 presents a 
description of the industrial heating system that will be the focus of 
this work. Section 3 presents at a high level the nonlinear program-
ming optimization formulation for the architectural exploration and 
system sizing problem. Next, we briefly describe the verification model, 
followed by a detailed description of our proposed ML-Accelerated 
optimal control framework (Section 4). Section 5 presents a detailed 
analysis of our results for the case study, covering both the architectural 
optimization and optimal control problems. This is followed by a brief 
discussion of the limitations of the proposed approach, and potential 
future research directions to expand this work (Section 7).

2. Pilot system description

In this section, we describe the energy system and the control intent 
that is used for the subsequent co-optimization of the energy and 
control system.

Fig.  2 shows the schematic diagram of the system. The objective 
is to serve an industrial heat load 𝑄̇𝑙(⋅) daily from 8am to 8pm. The 
industrial process is controlled using a heat exchanger that requires on 
the plant side to maintain a supply temperature of 90◦C and a return 
temperature of 70◦C. The energy and control system should be designed 
to minimize total annualized cost and energy use, subject to meeting 
the load at the specified temperatures.

The energy system shown in Fig.  2 is as follows: Hot water can be 
produced either by a heat pump which uses as its source temperature 
a district energy system whose temperature varies between 8◦C and 
16◦C, or a gas boiler. The heat pump has internal control to track 
the leaving evaporator water outlet temperature, subject to sufficient 
capacity, and the heat provided by the gas boiler is modulating. The 
heat pump evaporator loop has a variable speed pump to track an 
evaporator temperature difference of 𝛥𝑇 = 4K. On the heat supply side, 
both heat production units have on/off pumps and three-way valves 
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Fig. 2. Schematic diagram of the energy system.
that regulate the leaving temperature to at least 92◦C. The heat can 
either be directly used by the load or stored in a stratified water tank. 
The circulation pump at the load is a variable speed pump, controlled 
to track the required return temperature. Electricity can be consumed 
from or fed back to the electrical grid. The plant has a PV array and a 
battery that allows storing electricity for the heat pump.3

To protect equipment from short-cycling and associated wear-out, 
we enforce the following lockout constraints based on engineering 
judgment: If the heat pump is switched on, it must operate for at least 
30 min, and when it is switched off, it must remain off for at least 
10 min. If the gas boiler is switched on, it must remain on for at least 
15 min, but there is no minimum lockout time.

For the solar irradiation, TMY3 weather data (Wilcox and Marion, 
2008) for the Sacramento international airport are used.

3. Architectural exploration via nonlinear programming

For the system described above, we determine the optimal architec-
ture and component sizes for the energy system by solving a nonlinear 
programming (NLP) optimization problem. Given input data on the 
thermal load demand, solar irradiation, and electricity and gas costs, 
we solve a multi-objective optimization problem to minimize the total 
annualized cost 𝑇𝐴𝐶(𝐱) and total energy imported 𝑇𝐸(𝐱), 

min
𝐱

𝐟 (𝐱) =
⎡

⎢

⎢

⎣

𝑓1(𝐱) = TAC(𝐱) = 𝐶cap(𝐱) ⋅ CRF + 𝐶op(𝐱)

𝑓2(𝐱) = TE(𝐱) = ∫

𝑡𝑓

𝑡0
𝐸grid(𝑡, 𝐱) 𝑑𝑡 + ∫

𝑡𝑓

𝑡0
𝑄boiler (𝑡, 𝐱) 𝑑𝑡

⎤

⎥

⎥

⎦

,

s.t. 𝑔𝑖(𝐱) ≤ 0, 𝑖 ∈ {1,… , 𝑚},

ℎ𝑗 (𝐱) = 0, 𝑗 ∈ {1,… , 𝑧},

(1)

3 Compared to the required heat energy, the energy of the circulation 

pumps is negligible and hence not accounted for in the optimization.

4 
where 𝐱 is the vector of decision variables representing the capacities 
of the individual units and the variables defining the operation of each 
equipment at each point in time; 𝐶cap(𝐱) and 𝐶op(𝐱) are the capital 
and operating costs, respectively; CRF is the capital recovery factor; 
𝐸grid(𝑡, 𝐱) is the energy purchased from the grid at time 𝑡; and 𝑄boiler (𝑡, 𝐱)
is the energy generated from the natural gas imported for the boiler at 
time 𝑡. Equality constraints ℎ𝑗 (𝐱) on the optimization problem include 
constraints enforcing the mass and energy balances within the system, 
performance equations, and mechanistic models of the main energy 
system components (PV, gas boiler, heat pump, battery, storage tank, 
load). Inequality constraints 𝑔𝑗 (𝐱) include the thermal load satisfaction 
and other operational constraints, as well as bounds on the generation 
and storage capacities of the different system components. Details 
about the process and costing models for the individual components 
are presented in Appendix  A.

The architectural optimization model is implemented and solved 
using the IDAES Integrated Platform (Lee et al., 2021), an algebraic 
modeling framework with advanced mathematical tools for solving 
large scale optimization problems within the Python ecosystem. We 
adopt the multi-period modeling approach (Rawlings et al., 2022; Rao 
et al., 2024), which converts a dynamic optimization problem into 
a series of discrete models linked together over a time horizon with 
rate-limiting constraints. This is accomplished by approximating the 
dynamic behavior of the system components by algebraic equations via 
a forward-difference discretization scheme, enabling implementation in 
IDAES with an hourly time horizon. With this multi-period modeling 
approach, each time step in the horizon is implemented as a separate 
algebraic model, and the different models are connected together by 
user-defined set of variables and constraints and solved simultaneously. 
For all generation and storage units 𝑘, we implement linking constraints 
that force the installed capacities 𝑆 of the units to be the same across 
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all time periods, 
𝑆𝑘,𝑡 = 𝑆𝑘,𝑡−1, 𝑡 ∈ {1, 2,… , 𝑁}. (2)

For the storage units (battery, tank), linking constraints also connect 
the final state of charge of the previous time horizon to the starting 
state of charge of the current time horizon, 
𝐸𝑘,𝑡,𝑠𝑡𝑎𝑟𝑡 = 𝐸𝑘,𝑡−1,𝑒𝑛𝑑 , 𝑡 ∈ {1, 2,… , 𝑁}; 𝑘 ∈ {battery, storage tank}. (3)

The architectural optimization problem is formulated as a boundary 
value problem, with constraints that enforce that the storage levels for 
the battery and heat tank at the start and end of operation are equal, 
𝐸𝑘,1,𝑠𝑡𝑎𝑟𝑡 = 𝐸𝑘,𝑁,𝑒𝑛𝑑 , 𝑘 ∈ {battery, storage tank}. (4)

We solve the multi-objective problem with the 𝜖-constraint method, 
converting the single multi-objective problem into a series of single-
objective cost minimization problems in 𝜖, 
min
𝐱

TAC(𝐱)

s.t. TE(𝐱) ≤ 𝜖,

𝑔𝑖(𝐱) ≤ 0, 𝑖 ∈ {1,… , 𝑚}

ℎ𝑗 (𝐱) = 0, 𝑗 ∈ {1,… , 𝑧}.

(5)

with the range of 𝜖 (𝑇𝐸𝐿𝐵 ≤ 𝜖 ≤ 𝑇𝐸𝐿𝐵) determined by solving two 
single objective problems minimizing the total annualized cost TE𝑈𝐵
and total imported energy TE𝐿𝐵 , respectively.

We solved the NLP architectural optimization problem with IPOPT
(Wächter and Biegler, 2006). The discretized nonlinear system of al-
gebraic equations for the full year (𝑡 = 1, 2,… , 8760h) consists of over 
1.4M equations and constraints, with 35,040 degrees of freedom (four 
per time step).

The solution of the architectural optimization problem is a set of 
Pareto-optimal points that are a trade-off between TAC and imported 
energy from the grid. As part of the optimization solution, the model 
also returns an idealized operating strategy for each design that min-
imizes the operating costs. However, the architectural optimization 
problem assumes perfect knowledge of the future (i.e., solar irradiation 
and utility rates are known for the whole year a priori), does not 
capture full dynamics such as startup, shutdown, lockouts, and fast 
transients, and ignores all non-differentiable control implementations 
such as actuator saturation and switches between mode of operations. 
Thus, while the optimal control profiles obtained at the architectural 
optimization level will capture the slow dynamics of energy storage 
well, they cannot be applied to verify operation and controls, and de-
risking is necessary using verification models that capture all these 
intricacies. However, the idealized control trajectories enable us to 
optimally size equipment under consideration of the dynamic sys-
tem operation, and they provide a valuable insights for operating the 
systems.

4. Energy system control

The architectural optimization process described in the previous sec-
tion determines the optimal unit capacities for the different components 
of the energy system. Given those capacities, the next task is to design 
control logic that gets the best possible performance out of the specified 
architecture, given the additional controls and dynamics not captured 
by the optimization model. For this, we use a verification model of the 
system implemented in Modelica, an object-oriented, equation-based 
modeling language (Mattsson and Elmqvist, 1997). The verification 
model effectively represents a digital representation of the actual pro-
cess. In this section, first, we describe the Modelica model. We follow 
that with a description of a rule-based controller, which provides a 
controller as is typical in such thermal systems. Finally, we provide 
details of our proposed ML-accelerated optimal control strategy which 
is used to approximate the limit of performance. This estimated limit of 
5 
Table 1
Modelica model components.
 Component Modelica model  
 Heat pump Buildings.Fluid.HeatPumps.Carnot_TCona  
 Gas boiler Buildings.Fluid.Boilers.BoilerPolynomialb  
 Thermal storage Buildings.Fluid.Storage.StratifiedEnhancedc 
 Battery Buildings.Electrical.DC.Storage.Batteryd  
 PV Buildings.Electrical.DC.Sources.PVSimplee  
a https://simulationresearch.lbl.gov/modelica/releases/v12.0.0/help/
Buildings_Fluid_HeatPumps.html.
b https://simulationresearch.lbl.gov/modelica/releases/v12.0.0/help/
Buildings_Fluid_Boilers.html.
c https://simulationresearch.lbl.gov/modelica/releases/v12.0.0/help/
Buildings_Fluid_Storage.html.
d https://simulationresearch.lbl.gov/modelica/releases/v12.0.0/help/
Buildings_Electrical_DC_Storage.html.
e https://simulationresearch.lbl.gov/modelica/releases/v12.0.0/help/
Buildings_Electrical_DC_Sources.html.

performance allows us to quantify how much performance is lost due to 
the rule-based controller relative to the highest performing controller 
that we were able to develop, but which may not be sufficiently robust 
for an actual implementation.

4.1. Modelica model

Two models were developed in Modelica using the Modelica Build-
ings Library (Wetter et al., 2014). Modelica is an equation-based, 
object-oriented language (Mattsson et al., 1999) which can be used to 
simulate models that couple thermal systems, fluid flow systems, elec-
trical systems and control. Modelica can properly resolve the continu-
ous time dynamics, discrete time dynamics and event-driven dynamics 
that is needed for verification of such coupled physical and control 
systems. In Modelica, components are encapsulated models that expose 
interface variables, such as mass flow rate, pressure and enthalpy of 
a pipe, through ports, and through these ports, components can be 
connected to assemble a system. For our application, the Modelica 
model results in a differential algebraic system of equations that is 
governed by continuous dynamics as well as time- and state-events. 
Thus, the resulting system model is not differentiable in equipment 
sizes or in control inputs. To translate Modelica models to executable 
code, we used Dymola 2026 on Linux Ubuntu.

The two models differ as follows: One model is a complete model 
of the plant with rule-based local loop control, but with supervisory 
control set points exposed as inputs, allowing the limit-of-performance 
calculation to vary the supervisory control in order to maximize per-
formance. The exposed control inputs were charging and discharging 
rates of the battery and the mass flow rate of the heat pump condenser. 
By controlling the mass flow rate, the limit-of-performance controller 
can dispatch the equipment. This model is used in the 2nd platform 
layer shown in Fig.  1. The other model adds rule-based supervisory 
controls, described in Section 4.2, and is used in the 3rd platform layer. 
Table  1 summarizes the key Modelica modeling components used in our 
analysis; further details may be found in Appendix  B.

4.2. Rule-based control

The rule-based controller attempts to minimize the operating cost 
by dispatching the heat pump or boiler, and charging and discharging 
the battery, based on the time-varying electricity price.

We implemented a rule-based strategy as follows:
When the process load is active (from 8am to 8pm), the heat 

pump and the gas boiler are commanded on. When the process load 
is inactive, the heat pump charges the hot water tank during the hours 
when the electricity cost is the least expensive, provided the electricity 
cost is below 𝐶 < 0.13 $/kWh. This limit is computed based on the 
𝑒𝑙𝑒

https://simulationresearch.lbl.gov/modelica/releases/v12.0.0/help/Buildings_Fluid_HeatPumps.html
https://simulationresearch.lbl.gov/modelica/releases/v12.0.0/help/Buildings_Fluid_HeatPumps.html
https://simulationresearch.lbl.gov/modelica/releases/v12.0.0/help/Buildings_Fluid_Boilers.html
https://simulationresearch.lbl.gov/modelica/releases/v12.0.0/help/Buildings_Fluid_Boilers.html
https://simulationresearch.lbl.gov/modelica/releases/v12.0.0/help/Buildings_Fluid_Storage.html
https://simulationresearch.lbl.gov/modelica/releases/v12.0.0/help/Buildings_Fluid_Storage.html
https://simulationresearch.lbl.gov/modelica/releases/v12.0.0/help/Buildings_Electrical_DC_Storage.html
https://simulationresearch.lbl.gov/modelica/releases/v12.0.0/help/Buildings_Electrical_DC_Storage.html
https://simulationresearch.lbl.gov/modelica/releases/v12.0.0/help/Buildings_Electrical_DC_Sources.html
https://simulationresearch.lbl.gov/modelica/releases/v12.0.0/help/Buildings_Electrical_DC_Sources.html
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Fig. 3. Charging and discharging of the battery (green), and hot water tank charging (orange). The electricity price and the equivalent for gas are shown with 
dotted lines.
 

comparison of gas versus electricity costs, taking into account the gas 
boiler efficiency and the coefficient of peformance of the heat pump as 

𝐶𝑒𝑙𝑒 < 𝐶𝑔𝑎𝑠
𝐶𝑂𝑃
𝜂𝑏𝑜𝑖𝑙𝑒𝑟

. (6)

The battery operation is based on the hourly electricity prices. When 
the process load is active (from 8am to 8pm), the battery is discharging 
during the 4 h when the electricity is the most expensive. The battery 
is charging during the 4 h when the electricity is the least expensive.

Fig.  3 shows the resulting control strategy.

4.3. ML-accelerated optimal control

This section details a general framework for accelerating a multi-
resolution, receding-horizon optimal control problem using a ML model.
We first present the generalized mathematical formulation of the opti-
mal control problem. We then describe the ML-accelerated algorithm, 
which adaptively decides when to leverage a predictive model versus 
performing a full, computationally expensive optimization. Finally, we 
provide the specific implementation details and hyperparameters of the 
framework.

4.3.1. General optimal control formulation
We consider a discrete-time optimal control problem solved in a 

receding-horizon fashion. The system’s evolution is defined over a finite 
time horizon, which is discretized into 𝐻 steps of duration 𝛥𝑡.

The state of the system at time step 𝑘 is represented by a vector 
𝑥𝑘 ∈ R𝑛, and the control inputs are given by 𝑢𝑘 ∈  ⊆ R𝑝. 
These control inputs are constrained by element-wise lower and upper 
bounds, represented by vectors 𝑢min and 𝑢max, ensuring that the inputs 
remain within their limits.

The full decision vector for the optimization horizon is the con-
catenation of all control inputs, 𝑈 = [𝑢⊤0 , 𝑢

⊤
1 ,… , 𝑢⊤𝐻−1]

⊤ ∈  𝑚, where 
𝑚 = 𝑝𝐻 .

The objective is to find the sequence of control inputs 𝑈 that 
minimizes a total cost function, 𝐽 (𝑈 ), subject to the system’s dynamics 
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and operational constraints. The general optimal control problem is 
formulated as 
min
𝑈∈R𝑚

𝐽 (𝑈 ),

s.t. 𝑥𝑘+1 = 𝑓 (𝑥𝑘, 𝑢𝑘, 𝑤𝑘), for 𝑘 ∈ {0,… ,𝐻 − 1},

𝑥𝑘 ∈  ,

𝑢𝑘 ∈  ,

𝑥0 is the known initial state.

(7)

Here, the function 𝑓 (⋅, ⋅, ⋅) is a discrete-time, non-differentiable function 
that describes the system dynamics. The vector 𝑤𝑘 represents known 
exogenous forecasts, such as weather or market prices, that influence 
the system’s evolution. The sets  and   represent the feasible states 
and controls, respectively, enforcing the physical operational limits of 
the system, including applicable box bounds.

The cost function 𝐽 (𝑈 ) is defined as the sum of a stage cost 
𝓁(𝑥𝑘, 𝑢𝑘, 𝑤𝑘), which is summed over the horizon, and a terminal cost 
𝑉𝑓 (𝑥𝐻 ), which is evaluated at the final state 𝑥𝐻  as 

𝐽 (𝑈 ) =
𝐻−1
∑

𝑘=0
𝓁(𝑥𝑘, 𝑢𝑘, 𝑤𝑘) + 𝑉𝑓 (𝑥𝐻 ). (8)

4.3.2. ML-accelerated multi-resolution strategy
Solving the above optimization problem can be computationally 

intractable, especially when the dynamics function 𝑓 (⋅, ⋅, ⋅) is expensive 
to evaluate, when it is not continuously differentiable, as is the case 
for our problem because of local controllers, or when the horizon 𝐻
is long and requires exhaustive search. To address this, we employ 
a multi-resolution strategy composed of three distinct stages: a long-
horizon exploratory stage (𝑟 = 𝑒), a low-resolution stage (𝑟 = 𝑙), and a 
high-resolution stage (𝑟 = ℎ̂).

• The problem is first solved at the exploratory resolution, which 
uses a coarse time discretization, i.e., a large 𝛥𝑡, to cover a long 
total time duration. This allows the optimizer to find a good long-
term strategy while keeping the number of decision steps 𝐻 , 
𝑒
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Fig. 4. The flowchart of the ML-Accelerated multi-resolution control strategy.
and thus the problem’s dimensionality, computationally tractable. 
The goal of this stage is to determine any terminal targets that 
will be enforced as constraints placed on subsequent optimization 
stages. Subsequently, this strategy is refined in two stages with 
progressively finer detail.

• The low-resolution stage (𝑟 = 𝑙) uses a smaller time step (𝛥𝑡𝑙 <
𝛥𝑡𝑒) over a shorter total duration, resulting in a new planning 
horizon 𝐻𝑙.

• Finally, the high-resolution stage (𝑟 = ℎ̂) uses the finest time step 
(𝛥𝑡ℎ̂ < 𝛥𝑡𝑙) over the duration for a horizon of 𝐻ℎ̂ that is equal to 
𝐻𝑙.

For all stages, the number of decision steps 𝐻𝑟 is chosen to ensure 
the problem remains computationally tractable.

Even with this three-stage decomposition, the exploratory stage 
remains one of the primary computational bottlenecks, since its long 
horizon and coarse search still require many expensive solver evalu-
ations to identify a good terminal target. The core of our proposed 
method is to use machine learning to accelerate this process by strategi-
cally replacing this expensive component: the exploratory optimization 
used to determine the terminal target. As shown in Fig.  4, at each 
discrete step the main control loop (Algorithm 1) passes the current 
state and determines whether to bypass the exploratory optimization 
using an ML model (Algorithm 3). The decision is made based on 
several factors, such as how confident the ML model is in its prediction, 
and the point in the optimization horizon at which the decision is made. 
If the check passes, the terminal target is supplied by the ML prediction 
alone; if it does not, the exploratory optimization is run instead, both to 
produce the terminal target for the current cycle and to generate a new 
training example that is used to retrain the ML model. Either way, the 
resulting terminal target then feeds into the two-stage, multi-resolution 
optimization, whose output is finally applied by the main control loop. 
In this way, the expensive exploratory search is only performed when 
needed to maintain accuracy or safety, while the inexpensive ML path 
is used by default whenever the model is confident.

Beyond this core decision, a few additional mechanisms govern 
the method’s behavior over successive discrete steps. Each time the 
exploratory optimization is run, its result is added to a growing set 
of training examples that keep the ML models current, and its full 
population of candidate solutions is folded into a cumulative pool 
(called an ‘‘elite pool’’ henceforth) that helps seed later high-resolution 
searches, alongside the current cycle’s low-resolution solutions. This 
accumulated pool and the trained models are valuable for recurring, 
similar conditions, but can become actively misleading if the underly-
ing price regime shifts – for instance, moving from winter to summer 
pricing. To guard against this, the algorithm monitors incoming price 
forecasts for large discontinuities; detecting one triggers a full reset 
that clears the elite pool and training datasets, temporarily raises 
the solver’s evaluation budget to encourage broader exploration, and 
begins a new mandatory ‘‘warm-up period’’ period during which the 
exploratory optimization is always used, allowing the datasets and 
elite pool to be rebuilt for the new regime. Independent of resets, two 
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further checks ensure the ML path is trusted only when it should be: 
a periodic trigger forces an occasional exploratory run as a routine 
sanity check even when the model reports confidence, and a per-target 
uncertainty threshold flags any prediction that falls outside the model’s 
demonstrated reliability. We next describe the implementation details 
underlying this logic, formalized in Algorithms 1–3. Readers more 
interested in the application of the proposed strategy to our pilot case 
study may proceed directly to Section 4.3.3.

Algorithm notation. Before presenting the algorithms, we define the 
key data structures. The elite pool  is a cumulative set containing 
the entire group of final solutions, denoted as the decision vectors 𝑈 , 
from each preceding high-resolution optimization cycle. The training 
datasets {𝑗}

𝑁𝑣
𝑗=1 store pairs of input and output features (𝜙𝑘, 𝑣target,𝑗 )

used to train the specific ML model for each terminal target component. 
The history of applied controls 𝐔hist is a set of the optimal high-
resolution control sequences that were used to advance the system 
state. In the context of the optimizer, 𝑈 (𝑟)∗ refers to the single best 
solution vector found at resolution 𝑟, while  (𝑟)∗ refers to the entire final 
set of candidate solutions obtained from the solver, hence 𝑈 (𝑟)∗ ∈  (𝑟)∗.

Algorithm parameters. Given the non-differentiable nature of the system 
dynamics, we employ a population-based evolutionary algorithm to 
solve the optimal control problem. The optimization process and the 
ML-driven logic are governed by several key parameters For each 
resolution 𝑟, the solver uses a size of 𝑟 candidate solutions over each 
iteration. The computational effort is controlled by a black-box function 
evaluation budget, which has a default value 𝐸def

𝑟  and is temporarily 
increased to a larger initial value 𝐸init

𝑟  to encourage broader exploration 
at the start of the optimal control or after a reset. A reset is triggered by 
comparing the latest price forecast 𝐩reset𝑘  against the forecast from the 
previous cycle 𝐩last, 𝐩last, allowing the controller to detect fundamental 
shifts in the market regime that invalidate previous optimization re-
sults. A cycle constitutes one complete iteration of the control process: 
solving the optimization problem for a planning horizon 𝐻ℎ̂ and then 
applying the initial control actions to the system. The core of our 
method relies on a set of conditions that determine whether the ML 
model’s prediction should be accepted, or bypassed in favor of a full 
exploratory optimization. There are three such bypass conditions:

1. a mandatory warm-up period of duration 𝑡warmup that begins at 
the time of the last reset 𝑡reset;

2. a periodic trigger activated every 𝑡periodic time steps; and
3. a model uncertainty check based on a generalized uncertainty 
metric 𝛹 (⋅) (e.g., standard deviation, entropy, or ensemble vari-
ance). This condition triggers if any target component 𝑗 exceeds 
its specific threshold: 𝛹𝑗 (𝜙𝑘) ≥ 𝜃unc,𝑗 . This formulation is de-
signed to function as a confident baseline check, where the 
baseline itself is a tunable hyperparameter established either 
empirically from historical data or from domain knowledge of 
the system’s most frequent operational strategy.
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Main control loop. The main loop (Algorithm 1) operates on a receding-
horizon basis, repeatedly solving an optimization problem to determine 
the optimal control plan for the upcoming horizon. The central feature 
of our method lies in how this plan is determined at each cycle. 
The loop first invokes the ML-driven sub-routine (detailed below) 
to efficiently determine the terminal target state 𝐯target . Using this 
target as a terminal cost, it then solves the detailed, high-resolution 
optimization problem to find the final control actions. This loop also 
incorporates an adaptive reset mechanism to handle major changes 
in market conditions. When a significant shift in the price forecast 
triggers a reset, indicative of a seasonal or market regime change, the 
system deliberately discards the elite pool. While caching solutions is 
effective for recurring daily patterns, solutions optimized for a previous 
operational regime (e.g., winter prices) are likely suboptimal for the 
new one and could negatively bias the search. Therefore, the reset 
boosts exploration budgets to 𝐸init

𝑟  and initiates a new warm-up period, 
forcing the ML model to adapt to the new environment. The elite pool 
 and the training datasets {𝑗} are cleared as well to avoid concept 
drift and bias towards prior seasons.

ML-driven terminal target determination. This sub-routine (Algorithm 2) 
is where the primary computational savings are realized. Its goal is 
to provide the terminal target vector 𝐯target for the two-stage multi-
resolution optimization problem (described in next section). A feature 
vector 𝜙𝑘 is constructed from the current forecasts and fed to the online-
trained ML model {𝑗} which yield predictions and a generalized 
uncertainty estimate via 𝛹 (⋅). A decision is then made between two 
paths:

Predict Path (Default): The algorithm bypasses the expensive ex-
ploratory optimization and simply sets 𝐯target ← 𝐯̂, where 𝐯̂ is the vector 
that contains the mean predictions of the ML models specific for each 
terminal state.

Compute Path (Exception): If any of the bypass conditions defined 
in the Algorithm Parameters are met, a full, exploratory optimization 
(𝑟 = 𝑒) is executed. This is done to gather new data during warm-up 
and periodic triggers or to ensure safety when the model’s uncertainty 
is high. If this path is taken, the resulting optimal target vector is 
used, and crucially, the new observation pairs (𝜙𝑘, 𝑣target,𝑗 ) are added 
to their respective datasets 𝑗 to continuously retrain and improve the 
ML models.

Two-stage optimization cascade. Once 𝐯target is determined, this sub-
routine (Algorithm 3) executes a two-stage optimization incorporating 
the 𝐯target as the terminal cost. First, a low-resolution (𝑟 = 𝑙) optimiza-
tion is performed. Second, the final, high-resolution (𝑟 = ℎ) stage is 
seeded with an initial set blended from two sources: 𝑁elites solutions 
sampled from the global elite pool set  and the 𝑁seed top-performing 
solutions from the low-resolution stage. The low-resolution solutions 
are up-sampled to the finer timescale using a linear interpolation 
operator, denoted by 𝑙→ℎ.

4.3.3. Pilot system implementation
This section provides the specific details of applying the general 

framework to the Pilot System involving a heat pump and a battery. 
In the context of our system, the generic target vector 𝐯target from 
the algorithm contains the battery’s State of Charge (SoC), SoCtarget
and the median temperature of the thermal storage Tmedian,target . These 
values guide the trade-off between completely emptying the battery 
and the thermal storage at the end of the time period for imme-
diate cost savings within the 𝐻𝑙 and 𝐻ℎ̂ horizons versus preserv-
ing some of its charge for potentially more valuable uses in the fu-
ture, as determined by the long-horizon exploratory optimization. The 
ExtractTargetComponent(𝑥) function is therefore implemented as a 
simple selection of the SoC and median thermal storage temperature 
components from the state vector 𝑥.
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System model and control spaces. The state vector 𝑥𝑘 ∈ R𝑛𝑟  includes 
the battery’s SoC [𝑥𝑘]𝑆𝑜𝐶 , the thermal storage median temperature 
[𝑥𝑘]𝑇median

, and the instantaneous energy production output [𝑥𝑘]qprod . The 
control input vector for this system is defined as 𝑢𝑘 = [𝑢pum𝑘 , 𝑢boi𝑘 , 𝑢bat𝑘 ]⊤. 
The pump commands for the heat pump and boiler, [𝑢pum𝑘 , 𝑢boi𝑘 ]⊤ ∈
[0, 𝑢nom]2, represent their respective mass flow rates measured up-
stream of the valve, and 𝑢nom is the nominal mass flow rate. The 
battery command, 𝑢bat𝑘 ∈ [−1, 1], is a normalized, dimensionless variable 
representing charge/discharge instructions.

Control projection rules. The unconstrained decision variables are
mapped to physical commands through the following projection rules. 
For both pumps, a minimum flow rate is enforced to prevent inefficient 
operation at low part load ratio as 

𝑢pum,proj
𝑘 =

{

0, if 𝑢pum𝑘 < 𝛼𝑛𝑜𝑚 𝑢nom

𝑢pum𝑘 , otherwise,
(9)

where 𝛼𝑛𝑜𝑚 is the minimum part load operation.
The normalized battery command is projected to a physical power 

command 𝑃 bat,proj
𝑘 . This projection accounts for the available energy 

based on the current SoC, battery capacity 𝐸max, discharging and 
charging efficiencies 𝜂𝑑𝑖𝑠𝑐ℎ𝑎𝑟𝑔𝑒 and 𝜂𝑐ℎ𝑎𝑟𝑔𝑒, and the battery’s nominal 
power rating 𝑃 nom

bat  as 

𝑃 bat,avail
𝑘 =

⎧

⎪

⎪

⎨

⎪

⎪

⎩

(1 − SoC𝑘)𝐸max
𝛥 𝑡𝑟𝜂𝑐ℎ𝑎𝑟𝑔𝑒

, if 𝑢bat𝑘 ≥ 0 (charging)

SoC𝑘 𝐸max 𝜂𝑑𝑖𝑠𝑐ℎ𝑎𝑟𝑔𝑒
𝛥𝑡𝑟

, if 𝑢bat𝑘 < 0 (discharging).
(10)

This available power is then scaled by the normalized command and 
clipped by the battery’s nominal power rating 𝑃 nom

bat  which defines the 
absolute upper and lower power limits as 

𝑃 bat,proj
𝑘 = clip

(

𝑢bat𝑘 𝑃 bat,avail
𝑘 ,−𝑃 nom

bat , 𝑃 nom
bat

)

. (11)

This ensures the commanded power respects both state-dependent 
energy limits and the absolute power limits.

Cost function. This section defines the specific components that con-
stitute the stage cost 𝓁 and the terminal cost 𝑉𝑓  in our problem 
formulation.

Stage Cost 𝓁
The stage cost 𝓁(𝑥𝑘, 𝑢𝑘, 𝑤𝑘) represents the total cost incurred during 

each time step 𝑘. It is the sum of the direct energy cost and a penalty 
for daytime production shortfall:

1. The energy cost 𝓁energy is the incremental energy cost computed 
by the plant model based on known price 𝑝(𝑡𝑘) and weather 𝑤(𝑡𝑘)
forecasts: 

𝓁energy(𝑥𝑘, 𝑢𝑘, 𝑡𝑘) = 𝐶energy
(

𝑥𝑘, 𝑢𝑘, 𝑝(𝑡𝑘), 𝑤(𝑡𝑘)
)

(12)

2. The production shortfall penalty 𝓁shortfall penalizes any failure 
to meet the thermal production target 𝑞prod,target required to meet 
the plant load demand during the specific hours the plant is in 
operation. Rather than representing a physical operating cost, 
this term serves as a feasibility-enforcing penalty that penal-
izes any candidate trajectory during optimization in which the 
thermal production falls short of the required target, effectively 
ensuring that only feasible solutions are retained in the final 
result. It is

𝓁shortfall(𝑡𝑘, [𝑥𝑘]qprod )

=

{

𝛾day max
(

0, 𝑞prod,target − [𝑥𝑘]qprod
)

, if 𝑡𝑘 ∈ [08∶00, 20∶00],

0, otherwise,

(13)
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Algorithm 1 ML-Accelerated Optimal Control (Main Loop)
Require: ML models {𝑗}

𝑁𝑣
𝑗=1, total time 𝑇end, resolution parameters {𝛥𝑡𝑟,𝐻𝑟,𝑟}, budgets {𝐸init

𝑟 , 𝐸def
𝑟 }, uncertainty thresholds {𝜃unc,𝑗}𝑁𝑣

𝑗=1, 
𝑡warmup, 𝑡periodic.

1: Let 𝐾end = 𝑇end∕𝛥𝑡ℎ̂
2: for 𝑘 ← 0,𝐻ℎ̂, 2𝐻ℎ̂,… , 𝐾end do
3:  Obtain current state 𝑥𝑘 at time 𝑡𝑘 = 𝑘 ⋅ 𝛥𝑡ℎ̂
4:  Acquire price forecast for reset check: 𝐩reset𝑘
5:  if 𝑘 = 0 or ‖𝐩reset𝑘 − 𝐩last‖∞ > 10−8 then ⊳ Detect change in price profile
6:  //– Reset logic: Clear elites, clear datasets, boost budgets, and start new warm-up –//
7:   ← ∅;
8:  {𝑗} ← ∅; ⊳ Clear all datasets 𝐸𝑟 ← 𝐸init

𝑟  for all 𝑟
9:  𝐩last ← 𝐩reset𝑘
10:  𝑡reset ← 𝑡𝑘
11:
12:  end if
13:  Acquire forecasts and form ML feature vector 𝜙𝑘
14:  (𝐯target , {𝑗}, {𝑗}) ← DetermineTerminalTarget(𝑥𝑘, 𝜙𝑘, 𝑡𝑘, 𝑡reset, {𝑗}, {𝑗}, {𝜃unc,𝑗}

𝑁𝑣
𝑗=1) ⊳ Pass/Return sets

15:  (𝑈 (ℎ̂)∗, (ℎ̂)∗) ← FindOptimalControl(𝑥𝑘, 𝐯target , )
16:  //– Apply control and update algorithm state for next cycle –//
17:  𝐔hist ← Concatenate(𝐔hist, 𝑈 (ℎ̂)∗)
18:   ←  ∪  (ℎ̂)∗

19:  if 𝐸ℎ̂ = 𝐸init
ℎ̂

 then ⊳ If this was a boosted cycle...
20:  𝐸𝑟 ← 𝐸def

𝑟  for all 𝑟 ⊳ ...reset budgets to default values.
21:  end if
22: end for
Algorithm 2 Sub-routine: Determine Terminal Targets
1: function DetermineTerminalTargets(𝑥𝑘, 𝜙𝑘, 𝑡𝑘, 𝑡reset, {𝑗}, {𝑗}, {𝜃unc,𝑗}

𝑁𝑣
𝑗=1) ⊳ Modified: Args

2:  //– Decide whether to run expensive optimization or trust the ML models –//
3:  is_warmup ← (𝑡𝑘 − 𝑡reset) < 𝑡warmup
4:  is_periodic_trigger ← 𝑡𝑘 (mod 𝑡periodic) = 0
5:  is_uncertain ← false
6:  Initialize prediction vector 𝐯̂ ∈ R𝑁𝑣

7:  for 𝑗 ← 1 to 𝑁𝑣 do
8:  𝐯̂[𝑗] ← Predict(𝑗 , 𝜙𝑘)
9:  𝑢val ← 𝛹𝑗 (𝑗 , 𝜙𝑘) ⊳ Calculate generic uncertainty
10:  if 𝑢val ≥ 𝜃unc,𝑗 then
11:  is_uncertain ← true
12:  end if
13:  end for
14:  if is_warmup or is_periodic_trigger or is_uncertain then
15:  //– Compute Path: Run full exploratory optimization –//
16:  [𝑈 (𝑒)∗, 𝑋(𝑒)∗] ← Solve(argmin𝑈 (𝑒)

∑𝐻𝑒−1
𝑖=0 𝓁(𝑥𝑖, 𝑢𝑖, 𝑡𝑖) s.t. 𝑥0 = 𝑥𝑘)

17:  𝑇target_horizon ← 𝐻𝑙 ⋅ 𝛥𝑡𝑙
18:  𝑥target ← State from trajectory 𝑋(𝑒)∗ at time 𝑡𝑘 + 𝑇target_horizon
19:  𝐯target ← ExtractTargetComponents(𝑥target)
20:  //– Online learning: Update datasets and retrain the models –//
21:  for 𝑗 ← 1 to 𝑁𝑣 do ⊳ Loop to update specific datasets
22:  𝑗 ← 𝑗 ∪ {(𝜙𝑘, 𝐯target [𝑗])}
23:  end for
24:  {𝑗} ← RetrainModels({𝑗})
25:  else
26:  //– Predict Path: Use the confident ML prediction –//
27:  𝐯target ← 𝐯̂
28:  end if
29:  return (𝐯target , {𝑗}, {𝑗}) ⊳ Return sets
30: end function
where 𝛾day > 0 is a penalty term. The total stage cost included 
in the main objective function’s summation is thus 𝓁(𝑥𝑘, 𝑢𝑘, 𝑤𝑘) =
𝓁energy(𝑥𝑘, 𝑢𝑘, 𝑤𝑘) + 𝓁shortfall(𝑥𝑘, 𝑢𝑘, 𝑤𝑘).
9 
Terminal Cost 𝑉𝑓
The terminal cost 𝑉𝑓 (𝑥𝐻 ) is a soft constraint applied only once 

to the final state 𝑥𝐻 . Its purpose is to guide the system towards 
desirable terminal states. It measures the deviation of the final SoC 
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Algorithm 3 Sub-routine: Two-Stage Optimal Control Cascade
1: function FindOptimalControl(𝑥𝑘, 𝐯target , )
2:  //– Stage 1: Low-Resolution Optimization (𝑟 = 𝑙) –//
3:  (𝑈 (𝑙)∗, (𝑙)∗) ← Solve for the solution to:

 argmin𝑈 (𝑙)

[

∑𝐻𝑙−1
𝑖=0 𝓁(𝑥𝑖, 𝑢𝑖, 𝑡𝑖) + 𝑉 (𝑙)

𝑓 (𝑥𝐻𝑙
, 𝐯target )

]

4:  //– Stage 2, Step A: Blend initial set for high-resolution –//
5:  𝑁elites ← min(||, ⌊ℎ̂∕2⌋)
6:  sub ← UniformRandomSample( , 𝑁elites)
7:  interp ← {𝑙→ℎ̂(𝑈 ) ∣ 𝑈 ∈  (𝑙)∗} ⊳  is linear interpolation
8:  Sort interp by cost
9:  𝑁seed ← ℎ̂ −𝑁elites
10:  seed, sub ← first 𝑁seed solutions from interp
11:   (ℎ̂)

0 ← sub ∪ seed, sub ⊳ Final blended initial set
12:  //– Stage 2, Step B: High-Resolution Optimization (𝑟 = ℎ̂) –//
13:  (𝑈 (ℎ̂)∗, (ℎ̂)∗) ← Solve for the solution to:

 argmin𝑈 (ℎ̂)

[

∑𝐻ℎ̂−1
𝑖=0 𝓁(𝑥𝑖, 𝑢𝑖, 𝑡𝑖) + 𝑉 (ℎ̂)

𝑓 (𝑥𝐻ℎ̂
, 𝐯target )

]

  using initial set  (ℎ̂)
0

14:  return (𝑈 (ℎ̂)∗, (ℎ̂)∗)
15: end function

and thermal storage temperature from their respective target values, 
SoCtarget and 𝑇median,target . These targets are the key outputs from the 
initial exploratory optimization and provide consistent long-term goals 
for subsequent refinement stages. The terminal cost is formulated as the 
weighted sum of these deviations:
𝑉𝑓 (𝑥𝐻 )

=

⎧

⎪

⎨

⎪

⎩

𝛾soc
|

|

|

[𝑥𝐻𝑟 ]SoC − SoCtarget
|

|

|

+ 𝛾𝑇
|

|

|

[𝑥𝐻𝑟 ]𝑇median
− 𝑇median,target

|

|

|

, if 𝑟 ∈ {𝑙, ℎ̂},

0, if 𝑟 = 𝑒.

(14)

With the production shortfall measured in megawatts (MW), the 𝛾day
factor applies a cost of 1000 for every 1 MW of unmet daytime demand. 
Note that the exploratory stage itself (𝑟 = 𝑒) does not use the terminal 
cost term (𝑉𝑓 = 0), as its objective is to determine the optimal SoCtarget
and 𝑇median,target . To address the disparity in magnitude between the tank 
temperature 𝑇median and the 𝑆𝑜𝐶, the corresponding penalty weights 
were calibrated via numerical experimentation to ensure a balanced 
contribution to the cost function.
Multi-resolution scheme. The optimization proceeds sequentially
through three stages:

• Exploratory Stage (𝑟 = 𝑒): A 48-hour horizon with a 2-hour time 
step (𝐻𝑒 = 24). This stage runs without the terminal SoC and 
𝑇median penalties (𝛾soc = 0 and 𝛾T = 0). This extended horizon is 
critical for avoiding myopic decisions, as it allows the optimizer 
to properly value the ‘‘carryover’’ of stored energy from day 1 
into day 2. Its purpose is to determine the optimal SoCtarget and 
𝑇median,target values at the 24-hour mark, which is then passed to 
the subsequent stages. While longer horizons may be considered, 
forecast quality degrades beyond 48 h, limiting the practical 
benefit of extending the exploratory window further; a longer 
horizon would require either a higher-dimensional optimization 
problem at the same discretization or a coarser one that sacrifices 
solution quality. This is the stage that the ML model aims to 
replace.

• Low-Resolution Stage (𝑟 = 𝑙): A 24-hour horizon with a 1-
hour time step (𝐻𝑙 = 24). It uses the SoCtarget and 𝑇median,target
values from the exploratory stage to compute its terminal penalty. 
This 24-hour duration represents a crucial trade-off: it is long 
enough to encompass a full diurnal cycle of solar PV generation 
10 
and plant load, it provides complete daily solutions suitable for 
populating the elite pool for recurring daily patterns, and it keeps 
the problem computationally tractable. A 24-hour horizon also 
aligns with the period over which price signals are typically 
available in wholesale energy markets under day-ahead pricing 
(Alam, 2019).

• High-Resolution Stage (𝑟 = ℎ̂): A 24-hour horizon with a 
30-minute time step (𝐻ℎ̂ = 48). It also uses the SoCtarget and 
𝑇median,target values, and its solution provides the actual controls 
to be applied to the system. The 24-hour horizon is maintained 
for the reasons stated above, while the fine-grained time step is 
necessary to better align the rate of change of control action with 
the major system dynamics.

Algorithm hyperparameters.

• Black-Box Optimizer: The proposed framework is solver-agnostic
We use the Adaptive Differential Evolution algorithm (JADE) 
(Zhang and Sanderson, 2009). Key hyperparameters include a 
mutation greediness 𝑝 = 0.05, parameter adaptation rate 𝑐 = 0.1, 
and the ‘‘DE/current-to-pbest’’ strategy. Population sizes were 
set to 𝑒 = 48, 𝑙 = 96, and ℎ̂ = 96. We utilize our own 
implementation of JADE in PyTorch 2.3.0 and Python 3.11
(Paszke et al., 2019). The JADE solver is openly available as a part 
of the whole framework.

• Budgets: Default optimization budgets were 4000 evaluations 
for the exploratory stage, and 5000 for low-resolution and high-
resolution stages. During a reset, the high-resolution budget was 
boosted to 20,000.

• Triggers: For the SoC terminal target, the low uncertainty thresh-
old of 𝜃unc = 0.01 was set, as it establishes a highly conservative 
trigger. This combination ensures that the computationally in-
expensive ML path is only used when the ML model’s upper 
confidence bound of the target SoC is itself below 1%, effectively 
green-lighting only the most confident predictions of the common 
‘discharge’ strategy. For the thermal storage median temperature, 
the uncertainty threshold 𝜃unc was set to be 71◦C. This threshold 
was selected to force the system to run the full exploratory stage 
whenever the ML model gives any indication that there may be 
some benefit to the tank being partially charged at the end of 
the operating horizon; exploration is only avoided when the ML 
model is completely confident that the tank should be emptied 
(i.e., the temperature is at 70oC, the allowable lower bound of 
operation). In essence, the thresholds act as a decision point: 
the algorithm assesses if it is confident enough to commit to 
the greedy discharge strategy based on current forecasts, or if 
the level of uncertainty warrants invoking the full exploratory 
optimizer to find a potentially more better solution.
Finally, we set a warmup period of 𝑡warmup = 240 hours (10 days), 
and a periodic trigger of 𝑡periodic = 120 hours (5 days).

• Feature Vectors: The price reset vector 𝐩reset𝑘  uses a 24-hour 
forecast at 30-minute intervals (48 dimensions). The ML input 
feature vector 𝜙𝑘 uses a 48-hour weather forecasts at 2-hour 
intervals (24 dimensions total), while the output features are the 
SoCtarget and the Tmedian.

4.3.4. ML models
We evaluated two distinct supervised learning ML architectures to 

generate the terminal target predictions 𝐯̂ and the associated uncer-
tainty estimates 𝛹 (⋅) required by our framework. Both implementations 
utilize scikit-learn 1.6.1 (Pedregosa et al., 2011) and were 
executed with fixed random seeds to ensure a controlled experimental 
environment.

Random Forest (RF): The first approach employs RF regressors 
(Breiman, 2001). We train one independent model with 200 decision 
trees for each target component 𝑗. This architecture is efficient as it 
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allows for simultaneous estimation of the value and the uncertainty 
from a single model. For a given input 𝜙𝑘, the mean prediction 𝑣̂𝑗 is 
computed as the average of the predictions from all individual trees 
in the specific model for target 𝑗. The uncertainty 𝜎𝑘,𝑗 is derived from 
the standard deviation of these individual tree predictions. The upper 
confidence bound used to trigger the uncertainty bypass condition is 
calculated assuming a Gaussian distribution of errors as Upper Bound =
𝐯̂𝑗 + 𝜅 ⋅ 𝜎𝑘,𝑗 . We evaluated this approach using two distinct exploration 
settings: 𝜅 = 1 and 𝜅 = 2, corresponding to theoretical confidence inter-
vals of approximately 68% and 95%, respectively, under the normality 
assumption.

Gradient Boosting with Quantile Regression (GB): The second 
approach utilizes GB Regressors. Unlike the RF approach, this method 
requires training two distinct models for each target component 𝑗. The 
first model is trained to predict the mean value 𝑣̂𝑗 using the standard 
squared error loss. The second model is specifically trained to estimate 
the upper confidence bound directly using quantile regression. This 
second model minimizes the pinball loss function 𝐿𝛼 . Defining 𝑧 as 
the true target value and 𝑧̂ as the predicted value, the loss for a target 
quantile 𝛼 = 0.95 is: 
𝐿𝛼(𝑧, 𝑧̂) = max(𝛼(𝑧 − 𝑧̂), (𝛼 − 1)(𝑧 − 𝑧̂)) (15)

Because 𝛼 is close to 1, this loss function imposes a heavy penalty 
on underestimation (𝑧 > 𝑧̂) and a small penalty on overestimation. 
Consequently, the model learns to output a prediction 𝑧̂ that exceeds 
the true value 𝑧 in approximately 95% of cases. Physically, this inten-
tional overestimation of terminal targets creates a conservative buffer. 
While this forces the optimizer to perform a more exhaustive and 
computationally expensive search to meet stricter targets, it safeguards 
against the sub-optimality that would arise from underestimating the 
true terminal requirements.

While the RF approach is computationally lighter (one model per 
target), the calculation of the upper bound using 𝜅 ⋅𝜎 implicitly assumes 
that the posterior distribution of the target uncertainty is Gaussian. The 
GB approach with quantile loss is theoretically superior for this appli-
cation because it is distribution-free; it does not rely on assumptions of 
normality. This allows the framework to more accurately capture the 
asymmetric or heavy-tailed risk profiles often seen in energy systems, 
albeit at the cost of managing and training twice as many models.

5. Results

In this section, we present the results for the pilot case study. We 
start with a brief discussion of the results from the architectural opti-
mization process (Section 5.1). We then present in detail the estimated 
limit of performance analysis, presenting results that highlight the ben-
efits of both the multi-fidelity and ML contributions (Sections 5.2–5.4). 
In Section 5.5, we present a brief comparison of the actual control 
decisions produced by the different strategies explored in this work.

For our analysis, we consider electricity prices in California ob-
tained through the California Energy Commission’s Market Informed 
Demand Automation Server (Prakash and Paul, 2022). Details on the 
electricity prices, along with the weather data and equipment design 
parameters used in our case study, are presented in Appendix  C. 
Equipment cost data for turn-key installed components are presented 
in Table  A.1.

5.1. Architectural optimization results

Fig.  5 shows the Pareto front obtained for the architectural design 
optimization problem. Limiting the amount of energy that can be 
imported from outside the facility incurs a significant cost penalty; the 
TAC of the designs range from to $0.235–0.704M∕yr a three-fold cost 
increase.

The Pareto front exhibits three distinct regimes (shaded areas), with 
the gradient of the Pareto front decreasing in each regime (left to right). 
11 
Fig. 5. Pareto front for multi-objective problem. The squares represent in-
dividual designs on the solution front. The shaded areas highlight the three 
distinct regimes observed. The red square represents the design to be consid-
ered in the limit of performance analysis.

Fig. 6. Installed PV capacities for designs on Pareto front.

To better understand the shape of the Pareto front, we present a plot 
of the installed PV capacities in Fig.  6, and plots of the generation 
and storage capacities of the designs are presented in Appendix  D. The 
shape of the trade-off curve is clearly driven by photovoltaic installa-
tion. The rightmost regime (gray) corresponds to the regime with no 
PV installation; all energy demands from the plant are met by either 
purchasing electricity from the grid or purchasing gas. In this regime 
(TE > 1500MWh∕yr), the Pareto front is linear and shows the slowest 
rate of cost increase (≈ $53 per MWh of imported energy reduction). 
In the far-right design (TE = 4852MWh∕yr; TAC = $0.235M∕yr) which 
represents the design when there is essentially no constraint on energy 
imports, the TE is just above the annual thermal demand of the plant 
(4380MWh∕yr). The design uses only natural gas for heat generation; 
a 1MW gas boiler is installed and operated continuously to meet 
the load demands (no storage required). Designs in the gray regime 
trade off between the installed heat pump and gas boiler capacities 
while continuously increasing the installed tank and battery storage 
capacities; the leftmost design in the gray regime drops the gas boiler to 
near zero. Beyond this point, PVs are installed to reduce the imported 
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Table 2
Equipment sizes for design selected for the limit 
of performance analysisa.
 Component Capacity  
 PV 306.2 kW  
 Heat pump 862.2 kW  
 Battery 1124.8 kWh 
 Hot water tank 1911 kWh  
a The optimal design includes a 6 kW gas boiler, but 
since this is less then 1% of the heat pump capacity, 
therefore we will in the limit of performance analysis 
and in the control verification below assume that the 
boiler contribution is negligible, i.e., [𝑢boi𝑘 ]⊤ = 0 for 
all 𝑘.

energy. The maximums of the installed storage capacities for both the 
battery (1.2MWh) and hot water tank (2.0MWh) occur in this regime.

For designs in the yellow regime (500MWh∕yr < TE < 1500MWh∕yr)
PV installation is required. Designs in the yellow shaded region are 
solely dependent on heat pumps for heat generation alongside battery 
and hot water storage; gas boiler capacities are less than 1% of the 
plant load (< 10 kW). Designs in this regime come at a cost penalty, 
costing roughly twice as much as in the gray regime (≈ $120 − 130 per 
MWh of imported energy reduction).

For designs in the red regime (TE < 500MWh∕yr), every additional 
MWh of imported energy reduction comes at a steep cost. For the left-
most design (TE = 250MWh∕yr), the optimal solution is to install 
PV and heat pump capacities of 1.07MW and 1.00MW, respectively, 
roughly the level of the hourly load.

The results of the architectural optimization provides us with in-
formation on the optimal system configurations and equipment sizes 
required to meet the load of the pilot plant. Given the system architec-
ture, the next step is design verification, where the goal is to design the 
best possible control policy/strategy for operating a fixed energy system 
architecture at a minimum cost while still satisfying all requirements. 
In selecting a design for the limit-of-performance analysis, we selected a 
design that includes some PV. The intrinsic variability of PV generation 
provides a valuable source of disturbance, enabling a more rigorous 
evaluation and stress-testing of our controller design methodologies. 
Based on this requirement, we select the design at the midpoint of 
the yellow regime (TE = 1000MWh∕yr; TAC = $0.479M∕yr). Table  2 
summarizes the equipment sizes for the design.

For our application, the modelica models represent the heating and 
electrical system shown in Fig.  2. We used the optimization results from 
IDAES for the sizes of the heat pump, the PV, the battery and the hot 
water tank. As IDAES sized the gas boiler to less than 1% of the size 
of the heat pump, we added a control option to permanently disable 
the gas boiler, as this equipment will not be part of the recommended 
design.

5.2. Limit of performance analysis

5.2.1. Yearly operating costs
In this section, we present the limit of performance analysis that 

uses our ML-Accelerated optimal control approach, which will be com-
pared against a Rule-based controller. This comparison will show the 
performance gap between these two controllers. The primary metric for 
evaluation is the total cost of operating the system at the end of one 
year. To provide a comprehensive assessment, we deploy three distinct 
variants of the ML-Accelerated framework, each distinguished by its 
underlying predictive model and uncertainty quantification mecha-
nism. We denote the RF-based implementations as MLRF1-MRws and 
MLRF2-MRws, utilizing uncertainty weights of 𝜅 = 1 and 𝜅 = 2, 
respectively. Additionally, we evaluate MLGB-MRws, which employs the 
GB model calibrated to the 0.95 quantile loss.
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Additionally, we assess the ML-Accelerated optimal control ap-
proaches against a multi-resolution strategy (denoted MR𝑤𝑠) that incor-
porates elite pool warm starting but does not include ML acceleration. 
This will allow us to evaluate the computational savings and quantify 
any potential loss of solution quality due the ML model integration. We 
also compare it to a baseline single high-resolution approach (denoted 
as HR) that lacks elite pool warm starting. In the HR approach, we use 
the same number of evaluations as all the other approaches, however, 
all are utilized to evaluate only the high-resolution objective function. 
Both the multi-resolution and high-resolution methods encompass the 
full exploratory stage, where we solve the exploratory optimization 
problem to obtain the terminal SoC. This analysis highlights how the 
ML-Accelerated approaches can achieve the same or even better perfor-
mance while requiring a reduced exploratory evaluation budget over 
the entire year. For the three methods, all numerical experiments were 
repeated 4 times and conducted on a single AMD EPYC 9534 processor 
with 128 cores, utilizing parallel objective function evaluations. The 
comprehensive yearly optimal control run, considering the full evalu-
ation budget of both high-resolution and multi-resolution approaches, 
required approximately 2.5 days to complete.

Drawing from the insights of the architectural optimization, we 
define the specific parameters for the limit of performance analysis. The 
boiler was determined to be insignificant and is therefore excluded from 
the problem, simplifying the control input vector to two dimensions, 
i.e., the heat pump mass flow rate and battery command. Consequently, 
the decision vectors for the exploratory, low-resolution, and high-
resolution stages are defined as 𝑈 (𝑒) ∈ R48, 𝑈 (𝑙) ∈ R48, and 𝑈 (ℎ̂) ∈ R96, 
respectively.

The key system parameters are set as follows: the battery has a 
maximum capacity of 𝐸𝑚𝑎𝑥 = 1124.8 kWh and a nominal power rating 
of 𝑃 nom

bat = 400 kW, while the heat pump has a maximum mass flow 
rate of 𝑢nom = 12 kg/s (computed from water requirement to meet 
1MW thermal load). For the control projection rules, a threshold of 
𝛼𝑛𝑜𝑚 = 0.2 is applied to the pump command. The weighting factors for 
the terminal cost penalty were determined through numerical tuning 
to be 𝛾day = 1000, 𝛾soc = 5000 and 𝛾𝑇 = 5. All optimizations utilize the 
same price 𝑝(𝑡𝑘) and weather 𝑤(𝑡𝑘) forecast data as the architectural 
optimization study, with further details provided in Appendix  C.

Fig.  7 illustrates the mean total operating cost of the system over 
the course of a full year for all evaluated methods (note that the IDAES 
and Rule-based approaches are only a single run). Firstly, the results 
indicate that the HR method, specifically the out-of-the-box JADE 
solver, exhibits the poorest performance, falling significantly short of 
the Rule-based approach, with a mean total cost of $96,225 at the 
end of the year. This underperformance of the HR method underscores 
the need for developing more sophisticated and complex methodolo-
gies. Furthermore, the standard multi-resolution method MRws and the 
three ML-Accelerated variants demonstrate comparable performance, 
achieving mean total costs ranging between $73,054 and $74,157. 
All multi-resolution optimization-based approaches consistently outper-
form the Rule-based baseline, which incurred a total cost of $80,194. 
Notably, while MLRF2-MRws achieved the lowest average cost, the ab-
solute best individual result across all experimental runs was achieved 
by the MLGB-MRws method, with a minimum total cost of $71,778. 
This yields a savings of $8416, representing a 10.5% improvement over 
the Rule-based approach. The best performing ML run produces sig-
nificant controller performance improvement, cutting the performance 
gap between the Rule-based controller and the theoretical lower bound 
established by the IDAES approach ($60,284) by 42%.

The convergence of all stochastic methods remains relatively stable 
over 4 runs. As shown in Table  3, the standard deviations of the total 
annual operating cost from all methods is under 2%, with MRws and 
HR showing the highest and lowest percentage deviations, respectively. 
The GB approach MLGB-MRws, which produces the best single run of 
the ML-based approaches, also shows slightly higher variation than the 
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Table 3
Total yearly cost statistics for different approaches over 4 runs. The standard deviation 
percentages are computed relative to the mean values.
 Approach Mean ($) Median ($) Min ($) Max ($) Std ($) Std (%) 
 HR 97,482 97,498 97,019 97,913 317 0.33  
 MRws 74,157 73,845 72,723 76,216 1275 1.72  
 MLRF1-MRws 73,807 74,024 72,660 74,520 695 0.95  
 MLRF2-MRws 73,054 73,250 72,039 73,677 659 0.91  
 MLGB-MRws 73,188 73,109 71,778 74,758 1075 1.47  
 Rule-baseda 80,194 – – – – –  
 IDAESa 60,284 – – – – –  
a Single run (no statistics available).
Fig. 7. Mean total operating cost of the energy system over one year for all 
used methods. A lower operating cost at any point in the year indicates better 
performance.

other two AI-enabled approaches, though this remains comparable to 
the baseline multi-resolution strategy.

The results above indicate that all multi-resolution approaches 
outperform direct high-resolution optimization, regardless of whether 
the ML component is incorporated; importantly, the inclusion of the 
ML models do not degrade solution quality and appear to enhance 
performance stability across repeated runs. However, where the ML-
Accelerated approaches really excel over the baseline multi-resolution 
method MRws is their ability to reduce the total number of evaluations 
during the exploratory search. Fig.  8(a) illustrates the number of 
exploratory evaluations for each run across all variants. All three ML-
driven variants demonstrate a significant advantage over the MRws
approach, which requires a fixed total of 1,460,000 exploratory eval-
uations. However, a comparison of the variants reveals that the GB 
approach MLGB-MRws is the most computationally efficient. As shown 
in Table  4, the GB method achieves a mean total of 962,000 eval-
uations, representing a 34% reduction in function evaluation calls 
without any noticeable loss in solution quality. This is also notably 
lower than the RF variants, which both average over 1.1 million 
evaluations. This efficiency stems from the GB model’s specific uncer-
tainty quantification; it triggers the expensive high upper confidence 
bound fallback condition significantly less often (averaging 498,000 
triggers) compared to the RF models (averaging over 640,000 triggers). 
This suggests that the distribution-free quantile regression provides a 
more precise uncertainty bound than the Gaussian assumption used in 
the RF approaches, allowing the system to trust the ML predictions 
more frequently. Moreover, Comparing the two Random Forest variants 
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reveals that the uncertainty scaling parameter 𝜅 has a negligible impact 
on computational effort. The mean difference between MLRF1-MRws
(𝜅 = 1) and MLRF2-MRws (𝜅 = 2) is approximately 1%, indicating that 
the uncertainty estimates rarely fall in the marginal zone between one 
and two standard deviations. Thus, tuning 𝜅 yields minimal efficiency 
gains compared to switching to the GB architecture, which significantly 
alters the evaluation frequency. Despite this, both RF-based approaches 
still manage to reduce the required number of evaluations by over 24%, 
representing significant computational savings.

The standard deviation observed within each method is driven 
entirely by the stochastic nature of the exploration triggers, as the 
remaining evaluations are fixed overhead. This variability arises from 
the JADE solver used in the exploratory optimization, which generates 
slightly different optimal trajectories for the training targets in each 
run. These variations lead to evolving datasets and differing uncertainty 
estimates 𝜎𝑘 across runs. Crucially, Fig.  8(b) compares the yearly oper-
ating costs of these ML runs against the MRws baseline. This comparison 
confirms that the massive computational reductions achieved by the 
MLGB-MRws variant do not compromise system performance. Despite 
performing significantly fewer evaluations than the baseline, the ML-
accelerated strategy maintains comparable operating costs, validating 
it as the preferred choice for solving the limit of performance problem.

Our proposed solution MLGB-MRws uses several parameters such 
as objective function penalty factors (𝛾𝑑𝑎𝑦, 𝛾𝑠𝑜𝑐 , 𝛾𝑇 ), number of opti-
mizer evaluations (𝐸𝑙 , 𝐸ℎ̂, 𝐸𝑒), the ML model’s uncertainty thresholds 
(𝜃𝑢𝑛𝑐,𝑆𝑜𝐶 , 𝜃𝑢𝑛𝑐,𝑇𝑚𝑒𝑑𝑖𝑎𝑛 ), and the duration of the warm-up periods (𝑡𝑤𝑎𝑟𝑚𝑢𝑝). 
To understand the impact of each of these on the solution quality and 
computational performance, we conduct extensive parametric sensitiv-
ity analyses on these factors. The results indicate that our algorithm 
shows sufficient robustness in cost performance to these parameters 
across a range of values; the details and findings of our parameter 
sensitivity studies are presented in Appendix  F. The sensitivity analysis 
also establishes that the principal impact of the ML model parame-
ters is on the frequency of exploration and High-UCB triggers; the 
ML model configuration and triggering logic has little impact on the 
cost, as expected. Furthermore, we provide additional analysis of the 
computational savings of the approach compared to the MRws baseline 
in a controlled environment in Appendix  G.

5.2.2. In-season performance analysis
To quantify how controller performance varies with changes in price 

and weather patterns, we analyze in-season performance by decom-
posing the full-year simulation into four seasonal blocks. Since each 
season has distinct price and cost profiles, and the elites are discarded 
at the start of each season, each seasonal optimization problem rep-
resents a distinct use case for our algorithm. Thus, a comparison of 
in-season performance represents an assessment of the generalizability 
and robustness of our approach to variabilities in price and weather 
signals.

For each season, Figs.  9(a), 9(b), 9(c), and 9(d) show the mean 
within-season operating cost over time across the 4 repeated runs (with 
the exploratory optimization evaluation count included in the legend). 
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Fig. 8. A detailed analysis of each of the four runs of the ML-Accelerated variants is presented, where (a) displays the total number of exploratory evaluations 
(lower is better), and (b) shows a comparison of the total yearly operating costs ($) of each run against the MR𝑤𝑠 method and the best-performing IDAES approach 
(lower is better).
Table 4
Statistics of exploratory evaluations over four runs for each ML-Accelerated variant. The Total denotes 
the total exploratory evaluations, while the High UCB Only column denotes the exploratory evaluations 
triggered by the ML model uncertainty. The standard deviation is derived from the high UCB exploratory 
runs, while the remaining evaluations are fixed across all runs.
 Statistic MLRF1-MRws MLRF2-MRws MLGB-MRws

 Total High UCB Total High UCB Total High UCB 
 Mean 1107,000 643,000 1118,000 654,000 962,000 498,000  
 Std 97,381 97,381 95,937 95,937 22,361 22,361  
 Min 1008,000 544,000 1020,000 556,000 924,000 460,000  
 Max 1264,000 800,000 1248,000 784,000 980,000 516,000  
Correspondingly, Table  5 summarizes the season-level operating costs 
and mean exploratory evaluation counts.

The GB-based ML variant remains competitive under these shifting 
operating conditions. The GB-based ML variant maintains a consis-
tently good performance in every season, actually resulting in better 
operating costs than the MRws in three of the four seasons, and re-
maining within 1% of the MRws result at its worst. This performance 
is maintained while reducing the computational burden by as much 
14 
as 71%. The largest computation reductions occur in Seasons 1 and 3, 
where the GB variant avoids a substantial fraction of costly exploratory 
high-UCB fallbacks, yielding large exploration savings without sacri-
ficing season-level cost performance. These results suggest that the 
computation–performance benefit of the GB-based ML acceleration is 
not tied to a single operating pattern, but instead demonstrates robust-
ness across multiple seasonal forcing scenarios, supporting its practical 
applicability to similar types of problems.
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Fig. 9. Mean within-season operating costs (exploratory optimization evaluation counts shown in legends) across 4 runs.
Table 5
Total cost and exploratory evaluation statistics for different approaches in each season. Costs are computed over 
4 runs; exploration counts are mean totals within the season. Values in bold represent best in each column.
 Approach Season 1 Season 2 Season 3 Season 4
 Mean ($) Expl. count Mean ($) Expl. count Mean ($) Expl. count Mean ($) Expl. count 
 HR 24,987 216,000 17,383 332,000 12,143 332,000 34,736 452,000  
 MRws 20,352 216,000 12,914 332,000 7240 332,000 27,074 452,000  
 MLGB-MRws 20,179 89,000 12,653 308,000 6790 99,000 27,237 377,000  
 Rule-baseda 21,756 – 13,308 – 8159 – 30,139 –  
a Single run (no statistics available).
5.3. ML models analysis

5.3.1. Metrics
To analyze the effectiveness of the ML-Accelerated multi-resolution 

framework’s uncertainty-driven exploration strategy, we evaluate the 
high uncertainty exploration decisions observed across the 4 runs. We 
focus on two constraints: the terminal SoC and the thermal storage 
median temperature 𝑇median. Let 𝑁𝑢𝑛𝑐 denote the total number of high 
uncertainty-triggered explorations. For each exploration 𝑖, let 𝑦soc𝑖  and 
𝑦temp𝑖  represent the actual terminal SoC and terminal 𝑇median values, 
respectively. We establish uncertainty thresholds of 𝜃unc,soc = 0.01 and 
𝜃 = 344.15 K. We define True Positives (TP) as cases where 
unc,Tmedian
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exploration revealed a significant violation as 

TP =
𝑁𝑢𝑛𝑐
∑

𝑖=1
1(𝑦𝑖 > 𝜃unc) (16)

and False Positives (FP) as explorations that found negligible violations 
as 

FP =
𝑁𝑢𝑛𝑐
∑

𝑖=1
1(𝑦𝑖 ≤ 𝜃unc), (17)

where 1(⋅) is the indicator function. The Precision (Prec) measures the 
fraction of explorations that discovered significant violations as 

Precision (%) = TP = 100TP . (18)
TP + FP 𝑁𝑢𝑛𝑐
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The Prediction Interval Coverage Probability (PICP) quantifies the cal-
ibration of uncertainty estimates by measuring how often the true 
value falls within the predicted upper confidence bound (Bazionis and 
Georgilakis, 2021) as 

PICP (%) = 100
𝑁𝑢𝑛𝑐

𝑁𝑢𝑛𝑐
∑

𝑖=1
1(𝑦𝑖 ≤ 𝑢𝑖). (19)

Finally, we evaluate the conservativeness of the uncertainty quantifica-
tion using the Normalized Mean Interval Width (NMIW). To make the 
width interpretable across different physical units, we express it as a 
percentage of the feasible operating range: 

NMIW (%) = 100
𝑁𝑢𝑛𝑐

𝑁𝑢𝑛𝑐
∑

𝑖=1

(𝑢𝑖 − 𝑦̂𝑖)
𝑅target

, (20)

where 𝑦̂𝑖 represents the model’s predicted mean value, and 𝑅target
denotes the physical operating range of the target variable (𝑅soc = 1
for battery SoC and 𝑅temp = 𝑇max−𝑇min = 20 K for the thermal storage).

5.3.2. Performance analysis
The analysis of the uncertainty-driven bypass conditions, summa-

rized in Tables  6, 7, and 8, evaluates the efficiency of the ‘‘Compute 
Path’’ logic defined in Algorithm 2. The metrics reveal a consistently 
exploitation-averse behavior in the triggering mechanism. The System 
Precision, which measures the proportion of uncertainty-triggered op-
timizations that properly triggered exploration, ranges between 24.7% 
and 29.4% across the three models. This indicates that in approxi-
mately 75% of cases where the algorithm detected high uncertainty and 
reverted to the computationally expensive exploratory optimization. 
While this implies a computational overhead due to ‘‘false alarms’’, it 
confirms that the bypass condition effectively prioritizes exploration, 
ensuring that the fast ‘‘Predict Path’’ is never taken when the model 
suspects a potential violation.

Decomposing the triggers by objective reveals how the different 
physical dynamics influence the optimization logic. The strategy is 
notably conservative regarding the battery’s SoC, with precision values 
consistently remaining below 7%. This indicates that the uncertainty 
bounds frequently exceed the exploration threshold 𝜃unc, SoC, triggering 
the full solver even when the battery operation should be greedy. Con-
versely, the thermal dynamics drive the majority of the justified com-
putational expenditures. The thermal precision is significantly higher 
(averaging ≈27%), suggesting that when the model flags uncertainty, 
there is a higher probability that the system really needs exploratory 
optimization for the 𝑇median.

To assess the reliability of these triggers, we examine the interplay 
between the PICP, which measures the frequency with which the true 
terminal state falls within the predicted uncertainty envelope, and the 
NMIW, which quantifies how much of the physical operating range is 
consumed by that uncertainty buffer. The PICP remains high across 
all experiments, particularly for the RF with 𝜅 = 2 model (Table  8), 
which achieves aggregate coverage of over 91% for both objectives. 
Physically, this means that in over 90% of cases where the model 
flagged uncertainty, the actual terminal state fell within the predicted 
bounds. However, high coverage is only valuable if the bounds are 
tight enough to be operationally useful; a trivial model could achieve 
100% PICP simply by predicting the entire physical range. The NMIW 
metric validates that the high PICP scores are achieved with meaningful 
bounds. For instance, for the thermal storage, the RF model with 𝜅 =
2 generates significantly wider confidence bounds (NMIW ≈ 67.5%) 
compared to the 𝜅 = 1 configuration (≈ 36.3%). In contrast, the SoC un-
certainty remains tight, consuming only ≈ 7.1% of the battery’s capacity 
while maintaining > 92% coverage. Ultimately, the combination of high 
PICP and bounded NMIW confirms that the uncertainty-driven strategy 
functions as a robust net, creating necessary, physically constrained 
buffers rather than vague, infinite estimates. Furthermore, it incurs 
the cost of precautionary computations to guarantee that the system’s 
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performance rarely falls outside the predicted worst-case scenario, 
building confidence in the algorithm’s ability to bypass the expensive 
optimization loop when the model is certain.

5.4. Ablation study

In this section, we present the results of an ablation study designed 
to evaluate the contributions of both the multi-resolution approach and 
the elite warm starting strategy (Table  9). We compare four different 
methodologies: MR𝑤𝑠, which represents the multi-resolution approach 
with elite warm starting; HR, the high-resolution baseline approach 
without any form of warm starting; MR, which denotes the multi-
resolution approach lacking the elite warm starting mechanism; and 
HR𝑤𝑠, the high-resolution baseline approach that incorporates the elite 
warm-starting technique. The elite warm starting mechanism imple-
mented in HR𝑤𝑠 operates by utilizing only half of the elite solutions 
as seeds (through random selection), aligning with the mechanics of 
the other approaches, while the remaining half, typically sourced from 
lower-resolution models, are randomly initialized.

For the ablation study, we skipped the exploratory stage to save 
computational time and focus on comparing the core performance of 
each approach. We ran each method to control the system for 7 days 
and repeated each experiment 30 times to account for variability and 
ensure reliable results. All other hyperparameter have remained the 
same as in the yearly numerical experiments.

Fig.  10 illustrates the mean operating cost over a 7-day period for 
each of the evaluated methods. The HR approach, which lacks the elite 
warm starting mechanism, performs the least effectively with a mean 
total cost of $4202. In comparison, the HR𝑤𝑠 method, which incor-
porates elite warm starting, demonstrates a significant improvement, 
reducing the cost by 6% ($3954). This result is notably comparable 
to that of the Rule-based controller, which recorded an operating cost 
of $3991. These results indicate that introducing warm starting allows 
the HR method to achieve comparable performance to the baseline rule-
based controller, clearly highlighting the effectiveness of the elite warm 
starting strategy.

Additionally, the multi-resolution strategy without warm starting, 
denoted as MR, achieves a total operating cost of $3864 (an addi-
tional 2% decrease), outperforming both the HR𝑤𝑠 method and the 
Rule-based controller. This result underscores the advantages of the 
multi-resolution approach. The top-performing method is the multi-
resolution strategy with elite warm starting, MR𝑤𝑠, which records a 
total cost of $3760 and the smallest standard deviation of $29. This 
suggests a boost in performance and enhanced stability in outcomes, 
further reinforcing the value of integrating both elite warm starting 
and multi-resolution approaches within the framework. Our algorithm 
outperforms standard optimization approaches such as Bayesian opti-
mization; in Appendix  H, we present a comparison between all methods 
discussed in this subsection and TuRBO (Eriksson et al., 2019), a 
state-of-the-art Bayesian Optimization approach for high-dimensional 
problems.

5.5. Operating profile comparisons

To further assess the performance of the ML-based multi-resolution 
strategy, we compare the system’s operational characteristics under this 
control approach to the idealized results from the IDAES optimization.

Fig.  11 shows results for the state of charge of the battery across 
different seasons in the year. For comparison, we also show the result of 
the Rule-based control strategy. The ML-based multi-resolution strategy 
captures most of the trends present in the IDAES solution. This is 
particularly evident in the Winter case, where the ML-based controller 
mirrors the IDAES strategy by discharging the battery at midday, 
coinciding with peak PV generation. In Winter, electricity is cheapest 
in the morning hours (Fig.  C.1, 0–5 h), unlike in other seasons where 
electricity is cheapest in the middle of the day (10–15 h). As a result, in 
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Table 6
Uncertainty Exploration Analysis for GB. System column represents the union of viola-
tions. All metrics in %.
 Run Total SoC (%) Tmedian (%) System 
 Evals Prec PICP NMIW Prec PICP NMIW Prec  
 1 115 2.6 81.7 0.07 20.0 85.2 47.19 21.7  
 2 126 5.6 87.3 0.50 31.7 83.3 43.23 31.7  
 3 129 4.7 89.1 0.36 31.8 80.6 48.54 31.8  
 4 128 6.2 83.6 1.08 25.8 89.1 48.20 28.1  
 Avg 124 4.8 85.4 0.51 27.5 84.6 46.79 28.5  
Table 7
Uncertainty Exploration Analysis for RF1. System column represents the union of viola-
tions. All metrics in %.
 Run Total SoC (%) Tmedian (%) System 
 Evals Prec PICP NMIW Prec PICP NMIW Prec  
 1 139 4.3 84.2 1.06 30.2 79.9 40.27 32.4  
 2 142 7.7 87.3 3.39 27.5 81.7 37.13 30.3  
 3 196 5.6 89.3 4.75 21.9 85.7 33.04 24.0  
 4 177 5.1 91.0 5.20 29.4 82.5 34.76 32.2  
 Avg 163 5.7 87.9 3.60 26.9 82.4 36.30 29.4  
Table 8
Uncertainty Exploration Analysis for RF1. System column represents the union of viola-
tions. All metrics in %.
 Run Total SoC (%) Tmedian (%) System 
 Evals Prec PICP NMIW Prec PICP NMIW Prec  
 1 161 6.2 90.7 4.68 24.8 91.9 69.37 25.5  
 2 200 2.0 95.5 1.93 21.5 94.5 69.63 22.0  
 3 136 9.6 91.9 9.71 22.8 90.4 60.84 24.3  
 4 146 9.6 92.5 11.86 25.3 89.7 69.95 28.1  
 Avg 160 6.4 92.6 7.05 23.5 91.6 67.45 24.7  
Fig. 10. Mean total operating cost of the energy system over one week of all 
compared methods for ablation purposes. A lower operating cost at any point 
in the week indicates better performance.

Winter, all three control strategies charge the battery to full capacity 
early in the morning. However, the IDAES and ML-based controllers 
further exploit small Winter price differentials to make additional cost 
savings by discharging the fully charged battery at the start of plant 
operation (8–10 h, when electricity is slightly more expensive), and 
recharging a few hours later (10–12 h), when electricity is cheaper. 
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Table 9
Cost statistics for the methods in the ablation study.
 Approach Mean ($) Median ($) Min ($) Max ($) Std ($) 
 MR 3864 3856 3808 4034 46  
 MRws 3760 3752 3715 3823 29  
 HR 4202 4170 4026 4533 117  
 HRws 3954 3897 3775 4308 150  
 Rule-baseda 3991 – – – –  
 IDAESa 2727 – – – –  
a Single run.

This is overlooked by the rule-based controller, highlighting the ML 
approach’s ability to capture complex operational trade-offs. The ML-
based controller also tracks the IDAES behavior more closely than the 
Rule-based approach in summer, deciding to empty the battery at the 
end of each day. The most significant deviation we observe in the state 
of charge is in Spring, where the ML-based strategy discharges the 
battery completely at the end of the day while the other two approaches 
carry over energy between days. Despite this difference however, the 
ML-based strategy still consistently ends up with lower daily operating 
costs than the Rule-based approach during this season. A similar trend 
is observed when comparing the grid electricity purchase for the two 
control strategies where the ML-based controller makes similar pur-
chase decisions to the IDAES model; further details may be found in 
Appendix  E. For the tank temperature, the ML-based strategy was found 
to produce identical profiles to the rule-based controller, suggesting 
that the cost savings primarily stem from better battery (SoC) control.

5.6. Limit of performance discussion

Table  10 summarizes the results of the limit of performance estima-
tion problem. For our pilot case, the results indicate that at least 42% of 
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Fig. 11. SOC comparison from different control strategies across seasons.
Table 10
Optimization vs. verification model summary.
 Model Cost Performance Gap
 ($) (%)  
 Optimization model 60,284  
 Verification model (default rule-based controller) 80,194 19,910 33.03 
 Verification model (best found via optimization) 71,778 11,494 (↓ 42.2%) 19.07 
the performance gap between the optimization model and the original 
verification model with rule-based control is directly attributable to 
the control implementation – improving the controller can cut the gap 
between the models to under 20%. This information is useful to the 
designer, as such knowledge clearly indicates that further attempts to 
improve the controller would be beneficial. While the remaining gap 
is likely due to a process model mismatch, our approaches do not 
offer optimality guarantees, so such a claim cannot be made defini-
tively. Nonetheless, the results provide a practical limit of performance 
estimate, offering a meaningful starting point for engineering design.

6. Practical considerations and deployment

The multi-resolution optimization with elite warm starting approach 
improves performance while remaining straightforward to implement 
in practice. Building on this, we incorporate ML as a classifier to 
accelerate the performance of control algorithms, using it specifically 
to determine when more exploratory optimization is warranted; in 
this sense, ML serves as a practical accelerator for core engineering 
tools like optimization, often yielding comparable results in less time. 
Taken together, we propose a way for engineers to understand the 
source of performance gaps in energy systems designs and to obtain 
a first estimate of what is actually achievable with a given system, 
distinguishing whether these gaps stem from differences in modeling 
fidelity or from the practical implementation of control strategies. This 
distinction is critical for evaluating new designs, particularly in the era 
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of datacenters, where such performance considerations carry increasing 
significance.

Our proposed algorithm offers several practical advantages for de-
ployment in industrial settings. The ML-based bypass mechanism accel-
erates optimization, producing quality solutions while reducing online 
computational cost. A full day-ahead simulation can be solved in under 
10 min on a high-end workstation, making the framework practi-
cal for decision-making. Furthermore, the framework is built around 
Modelica-based verification models via the Functional Mock-up Inter-
face standard, which is already widely adopted by industrial energy 
system designers, allowing it to integrate directly with existing tooling 
rather than requiring a new, bespoke simulation environment. Further-
more, our open-source implementation of the algorithm and framework 
allows practitioners to inspect, modify, and deploy it with minimal 
effort, further supporting its adoption in industrial practice.

Finally, we propose a general framework and showcase it on an 
industrial heating case study; for practical deployment, several factors 
need to be considered/adapted to obtain the best performance. The 
algorithm has several parameters that should be tuned to the specific 
system it is being deployed upon – we provide some insights on these 
in Appendix  F. In our experience, the most important consideration 
is how to handle hard constraints, making constraint penalties the 
most important parameters to be tuned. The constraint penalties should 
be selected to be high enough to influence the cost function and 
penalize violations appropriately, but low enough to not burden the 
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algorithm with unneeded computation. In addition, while we have 
demonstrated the algorithm with JADE solver, in practical implementa-
tion, other derivative-free optimization algorithms should be evaluated, 
since different algorithms perform well on different types of problems.

7. Limitations and future research

This study demonstrated the efficacy of an ML-accelerated multi-
resolution control framework applied to an industrial heating system. 
The primary objective was to reduce the computational burden of 
optimal control without sacrificing performance, achieved by learning 
to predict the optimal terminal states of long-horizon trajectories. By 
establishing this performance baseline in a controlled environment, we 
confirmed that ML can effectively bypass expensive optimization steps 
while obtaining the best operating cost of the evaluated controllers.

We have demonstrated that given a fixed design, the proposed ML-
enhanced multi-resolution optimization methodology will yield a fairly 
good control sequence that outperforms conventional approaches such 
as Bayesian optimization. We have also shown that our approach is 
robust to variations in weather and price signals, demonstrating its 
generalizability. However, our robustness analysis has focused on a 
single use case with a fixed design; in future work, we will look to 
demonstrate the methodology on other use cases.

To further enhance the algorithm’s efficiency, future work should 
focus on refining the uncertainty quantification that drives the explo-
ration trigger. While our analysis of the GB and RF models demon-
strated high probabilistic coverage (PICP), the low system precision 
indicates that the trigger is often overly conservative. Although the GB 
model improves upon the heuristic variance of the RF by using quan-
tile loss, it remains dependent on a fixed, manually selected quantile 
parameter (𝛼) to define the exploration margin. Replacing these with 
more rigorous UQ frameworks, such as Conformal Prediction, could 
yield tighter, statistically guaranteed bounds. This would improve the 
precision of the trigger and reducing the frequency of unnecessary 
computational expenses.

A parallel enhancement to the triggering logic is to evolve the static 
uncertainty threshold, 𝜃𝑢𝑛𝑐 , into a dynamic, state-dependent parameter. 
The current use of a fixed threshold presents a significant limitation: 
it requires manual calibration and assumes a uniform tolerance for 
uncertainty across all operating regimes. A dynamic threshold would 
address this by allowing the controller to autonomously adjust its 
sensitivity based on the system’s proximity to constraints or historical 
volatility. This would eliminate the need for manual tuning and ensure 
the algorithm adapts its exploration behavior as it encounters new 
operating conditions.

Finally, this study utilized deterministic price forecasts to provide 
a clear assessment of the algorithm’s core mechanics; this is sufficient 
for the limit of performance estimation problem. However, real-world 
deployment of the algorithm for control purposes must account for 
forecast errors. The current model is reactive to a single predicted 
future rather than being robust to a range of plausible scenarios. 
A significant avenue for future research is to integrate stochastic or 
ensemble-based forecasts.

8. Conclusion

In this work, we sought to understand the gap between the op-
timization and verification models used in industrial energy systems 
design via a limit of performance analysis. To achieve this, we propose 
an online, ML–accelerated multi-resolution optimization framework 
that estimates architecture-specific upper bounds on achievable perfor-
mance while minimizing the number of expensive high-fidelity model 
evaluations. Our ML-guided controller adaptively schedules the opti-
mization resolution based on predictive uncertainty and warm-starts 
the high-resolution optimization solver using elite low-resolution solu-
tions. We demonstrate our approach on the pilot case of heating an 
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industrial process. Our results show that the multi-resolution strategy 
improves both controller performance and optimization tractability, 
yielding operating cost reductions of up to 24% relative to direct high-
resolution optimization and up to 10.5% relative to rule-based control. 
We show that integrating online, uncertainty-based ML strategies for 
decision-making on design space exploration can provide significant 
computational savings without compromising solution quality. Gradi-
ent Boosting in particular shows significant potential for our application 
due to its distribution-free approach to uncertainty quantification. An 
analysis of the proposed control strategies shows that the ML-based con-
troller mimics the behavior of the idealized IDAES-based control strat-
egy, suggesting that the ML-based approach converges to a high-quality 
solution. Our proposed approach of combining multi-resolution opti-
mization and ML makes high-fidelity verification tractable and com-
putationally efficient for approximating the limit-of-performance, pro-
viding a concrete way to quantify achievable energy-system operating 
performance prior to industrial deployment.
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Appendix A. IDAES model equations

A.1. Costing

A.1.1. Capital costs
The capital cost of the system is computed as a sum of the costs of 

the fixed and variable capital costs of the individual components in the 
overall system architecture,
𝐶cap =

∑

𝑘
𝐶̃fixed,𝑘 + 𝐶̃var,𝑘 𝐵𝑘,

where 𝑘 represents the generation and storage technologies available 
(PV, gas boiler, heat pump, storage tank, battery), 𝐶̃  are the fixed 
fixed,𝑘
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Table A.1
Sizing and unit cost parameters for energy system.
 Component Sizing parameter 𝐵𝑘 Fixed cost Variable capital cost Ref.  
 𝐶̃fixed,𝑘 (USD) 𝐶̃var,𝑘  
 PV Capacity - power (kW) 0 3500 𝑈𝑆𝐷∕𝑘𝑊 Southland (2024)  
 Gas boiler Capacity - power (kW) 79,670 367 𝑈𝑆𝐷∕𝑘𝑊 Southland (2024)  
 Heat pump Capacity - power (kW) 0 2055 𝑈𝑆𝐷∕𝑘𝑊 Southland (2024)  
 Battery Capacity - energy (kWh) 0 757 𝑈𝑆𝐷∕𝑘𝑊 ℎ Bolinger et al. (2023) 
 Hot water tank Capacity - volume (m3) 1520 4845 𝑈𝑆𝐷∕𝑚3 Southland (2024)  
costs of the components 𝑘, 𝐶̃var,𝑘 are the variable capital costs, and 𝐵𝑘
are the sizing parameters for the different units.

Table  A.1 shows the fixed and variable capital costs for each unit, 
along with the sizing parameters.

A.1.2. Annual operating costs
The annual operating cost is computed as the sum of the hourly costs 

of electricity purchase from the grid and gas purchase for the boiler 
over the entire year,

𝐶op =
8760
∑

𝑡=1
𝐶̃op,elec 𝐸grid(𝑡, 𝐱) + 𝐶̃op,gas 𝐸gas(𝑡, 𝐱),

where 𝐸grid(𝑡, 𝐱) and 𝐸gas(𝑡, 𝐱) are the hourly energies from the grid and 
gas purchases, respectively. For our analysis, we use a fixed gas price 
of [∕0.039]𝑈𝑆𝐷𝑘𝑊 ℎ.

A.2. Process models

A.2.1. Photovoltaics
The PV model calculates the electricity output of the PV system 𝑃𝑃𝑉

as a function of the solar irradiation 𝐺 and the installed PV area 𝐴 as

𝑃𝑃𝑉 = 𝜂𝑃𝑉 𝐴𝐺,

where 𝜂𝑃𝑉 = 17.1% is the PV efficiency.

A.2.2. Gas boiler
The gas boiler computes the power output from the boiler 𝑄̇𝑏𝑜𝑖𝑙𝑒𝑟

(kW) as a function of the volumetric gas flow rate to the boiler 𝜐𝑔𝑎𝑠 as

𝑄̇𝑏𝑜𝑖𝑙𝑒𝑟 = 𝜂𝑏𝑜𝑖𝑙𝑒𝑟 𝜐𝑔𝑎𝑠 HHV,

where HHV = 35396 kJ∕m3 is the higher heating value of natural gas. 
The energy generated from the boiler raises the temperature water 
based on the heat transfer equation as

𝑄̇𝑏𝑜𝑖𝑙𝑒𝑟 = 𝑚𝑤𝑎𝑡𝑒𝑟 𝐶𝑝 𝛥𝑇𝑤𝑎𝑡𝑒𝑟,

where 𝑚𝑤𝑎𝑡𝑒𝑟 is the mass flow rate into the boiler (kg/s).

A.2.3. Heat pump
In addition to the heat transfer equations on the evaporator and 

condenser sides of the heat pump, the heat pump model includes the 
overall energy balance

𝑄̇𝑐𝑜𝑛𝑑𝑒𝑛𝑠𝑒𝑟 + 𝑃𝐻𝑃 = 𝑄̇𝑒𝑣𝑎𝑝𝑜𝑟𝑎𝑡𝑜𝑟,

where 𝑄̇𝑐𝑜𝑛𝑑𝑒𝑛𝑠𝑒𝑟 and 𝑄̇𝑒𝑣𝑎𝑝𝑜𝑟𝑎𝑡𝑜𝑟 represent the energy rates on the con-
denser and evaporator sides, respectively, and 𝑃𝐻𝑃  is the electricity 
into the heat pump. The performance equation of the heat pump is 
based on a fixed coefficient of performance 𝜂𝐶𝑂𝑃 ,

𝜂𝐶𝑂𝑃𝑃𝐻𝑃 = 𝑄̇𝑒𝑣𝑎𝑝𝑜𝑟𝑎𝑡𝑜𝑟
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A.2.4. Battery
The battery module is based on the standard dynamic battery model 

that represents the rate of change of energy within the battery as a 
function of the instantaneous energy rates into and out of the battery 
while accounting for charging and discharging losses. For the battery 
model, we constrain the maximum rate of charge (i.e., battery energy 
to power capacity) to be greater than three hours.

Further details about battery modeling may be found in Amusat 
et al. (2018).

A.2.5. Hot water tank
The hot water tank is modeled as a cylindrical storage tank with 

perfect mixing assumptions, hence the temperature within the tank is 
considered to be uniform with no stratification. The model consists of 
dynamic energy balances for the storage tank, and accounts for thermal 
losses from the storage tank to the surroundings. The thermal loss from 
the tank 𝑄̇𝑙𝑜𝑠𝑠 is computed as a function of the tank state of charge as
𝑄̇𝑙𝑜𝑠𝑠 = 𝑈𝑡𝑎𝑛𝑘 𝐴𝑡𝑎𝑛𝑘 (𝑇𝑡𝑎𝑛𝑘 − 𝑇𝑎𝑚𝑏𝑖𝑒𝑛𝑡) SoC𝑡𝑎𝑛𝑘,

where 𝑈𝑡𝑎𝑛𝑘, 𝐴𝑡𝑎𝑛𝑘, 𝑇𝑡𝑎𝑛𝑘, and 𝑇𝑎𝑚𝑏𝑖𝑒𝑛𝑡 denote the overall heat transfer 
coefficient, tank surface area, tank temperature, and ambient temper-
ature, respectively, and SoC𝑡𝑎𝑛𝑘 represents the tank state of charge, 
defined as the fraction of stored energy relative to the installed capac-
ity.

Appendix B. Modelica modeling

B.1. Heat production

Heat is provided using a heat pump or a gas boiler.
The heat pump model is Buildings.Fluid.HeatPumps.Carnot_TCon. It 

takes as a control input the condenser leaving temperature and it 
computes the coefficient of performance at off-design conditions based 
on a Carnot efficiency. The coefficient of performance at design condi-
tions is 𝐶𝑂𝑃0 = 3. The electric power consumption of the heat pump 
compressor is

𝑃𝐻𝑃 =
𝑄̇𝑐𝑜𝑛
𝐶𝑂𝑃

,

where 𝐶𝑂𝑃  is the coefficient of performance at the current operating 
temperatures and 𝑄̇𝑐𝑜𝑛 is the condenser heat flow rate.

The gas boiler model is Buildings.Fluid.Boilers.BoilerPolynomial. It 
computes the gas consumption as

𝑄̇𝑔𝑎𝑠 =
𝑄̇𝑢𝑠𝑒
𝜂𝑏𝑜𝑖𝑙𝑒𝑟

,

where 𝑄̇𝑢𝑠𝑒 is the useful heat and 𝜂𝑏𝑜𝑖𝑙𝑒𝑟 = 0.9 is the efficiency.

B.2. Energy storage

There is a battery for electric storage, and a hot water tank for 
thermal storage.

The battery model is Buildings.Electrical.DC.Storage.Battery, which 
uses charging and discharging efficiency of 𝜂 = 0.95

The thermal storage model is Buildings.Fluid.Storage.Stratified
Enhanced. It models a stratified storage tank with heat loss to the 
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environment. The tank also exposes the fluid temperature at various 
heights, which are used by the rule-based controller described in 
Section 4.2.

B.3. Electricity production

The electricity is either imported from the grid or locally produced 
via PV.

The PV production model is Buildings.Electrical.DC.Sources.PVSimple. 
It computes the efficiency as
𝜂𝑃𝑉 = 𝑓𝑎𝑐𝑡 𝜂𝑐𝑜𝑛𝑣 (1 − 𝜂𝑙𝑜𝑠𝑠) = 0.171,

where 𝑓𝑎𝑐𝑡 = 0.9 is the fraction of the active solar cell surface area, 
𝜂𝑐𝑜𝑛𝑣 = 0.2 is the initial system conversion efficiency, considering PV 
panels, wiring, and inverters (NREL, 2025), and 𝜂𝑙𝑜𝑠𝑠 = 0.05 is the 
conversion loss after 10 years (Jordan and Kurtz, 2013). Similar to the 
IDAES model, the produced electricity is
𝑃𝑃𝑉 = 𝜂𝑃𝑉 𝐴𝐺,

where 𝐴 is the collector area and 𝐺 is the total solar irradiation onto 
the PV.

B.3.1. Mass flow rates
In the rule-based controls model, the mass flow rates of the pumps 

for the heat pump condenser, the gas boiler and the heat exchanger are 
set to

𝑚̇ =
𝑄̇0

𝑐𝑝 𝛥𝑇0
,

where 𝑄̇0 is the nominal heat flow rate, 𝑐𝑝 is the specific heat capacity 
of water, and 𝛥𝑇0 = 20K is the nominal temperature difference between 
the inlet and the outlet.

For the pump on the evaporative side of the heat pump, the mass 
flow rate is

𝑚̇𝑒𝑣𝑎 =
𝑄̇𝑒𝑣𝑎

𝑐𝑝 𝛥𝑇𝑒𝑣𝑎
,

where 𝑄̇𝑒𝑣𝑎 is the evaporator heat flow rate, 𝛥𝑇𝑒𝑣𝑎 = 4 K is the set 
point of the temperature difference between the evaporator inlet and 
the outlet temperature.

In model that is used for the limit-of-performance analysis, the mass 
flow rates of the pump for the condenser and the gas boiler are provided 
as input from the optimization.

Appendix C. Simulation data for pilot case study

C.1. Electricity prices

Fig.  C.1 shows the used hourly electricity price profiles. The prices 
are based on the fictitious, prototype research price profiles obtained 
from the California Load Flexibility Research and Development Hub 
through the CEC’s Market Informed Demand Automation Server
(Prakash and Paul, 2022).

C.2. Model parameters for IDAES architectural optimization

Table  C.1 summarizes the parameters used for the different compo-
nents in the architectural optimization step.

Appendix D. Generation and storage capacities for Pareto-optimal 
designs

Fig.  D.1 shows installed heat generation and energy storage capac-
ities for the Pareto-optimal designs.
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Table C.1
IDAES Model Parameters.
 Process Model Parameter Value  
 Photovoltaics PV efficiency, 𝜂𝑃𝑉 17.1%  
 Heat Pump Coefficient of performance, 𝜂𝐶𝑂𝑃 3.0  
 Hot side outlet temperature 92 ◦C  
 Gas boiler Boiler efficiency, 𝜂𝑏𝑜𝑖𝑙𝑒𝑟 0.90  
 Natural gas heating value, HHV [35, 396]𝑘𝐽∕𝑚3 
 Outlet temperature 92 ◦C  
 Battery Discharging efficiency, 𝜂𝑑𝑖𝑠𝑐ℎ𝑎𝑟𝑔𝑒 0.95  
 Charging efficiency, 𝜂𝑐ℎ𝑎𝑟𝑔𝑒 0.95  
 Ambient temperature, 𝑇𝑎𝑚𝑏𝑖𝑒𝑛𝑡 20 ◦C  
 Overall heat transfer coefficient, 𝑈𝑡𝑎𝑛𝑘 0.4𝑊 ∕𝑚2𝐾  
 Minimum allowable water temperature, 𝑇 𝑚𝑖𝑛

𝑡𝑎𝑛𝑘 70 ◦C  
 Maximum allowable water temperature, 𝑇 𝑚𝑎𝑥

𝑡𝑎𝑛𝑘 90 ◦C  
 Tank height-to-diameter ratio 1  
 Load Water outlet temperature 70 ◦C  

Appendix E. Comparison of control stategies

Fig.  E.1 compares amount of electricity purchased from the grid 
over a 48-hour period in each season. Generally, the two profiles match 
quite well, with the ML-based controller buying electricity at the same 
times and at roughly the same levels as the idealized control. The 
only notable difference occurs in Fall, where the IDAES strategy buys 
electricity at end of the day to charge the tank, while the ML controller 
decides to buy at early morning.

Appendix F. Parameter sensitivity analyses

This appendix evaluates the robustness of the proposed
ML-accelerated, multi-resolution controller to key hyperparameters. We 
perform targeted, one-at-a-time sweeps: for each study, we vary only 
the parameters listed below while holding all other architecture and 
controller settings fixed. All sensitivity studies use the GB controller 
variant since it is best performing approach. Moreover, for these 
sweeps we set the boosted and default evaluation budgets to be equal, 
i.e., 𝐸init

𝑟 = 𝐸def
𝑟  for all resolutions 𝑟 ∈ {𝑙, ℎ̂, 𝑒}. Therefore, the budget 

configuration reported below corresponds directly to the evaluation 
limits used by the solver across the entire episode.

F.1. Evaluation budget sensitivity and convergence analysis

In this sweep, we vary the evaluation budgets at each resolution 
level while keeping everything else fixed. Since 𝐸init

𝑟 = 𝐸def
𝑟 , the 

budgets listed below represent the actual evaluation limits. All results 
are averaged over 10 repetitions of 4-day episodes.

F.1.1. Budget variants
We use the following budget triples:

(B1) (𝐸𝑙 , 𝐸ℎ̂, 𝐸𝑒) = (1250, 1250, 1000),

(B2) (𝐸𝑙 , 𝐸ℎ̂, 𝐸𝑒) = (2500, 2500, 2000),

(B3, baseline) (𝐸𝑙 , 𝐸ℎ̂, 𝐸𝑒) = (5000, 5000, 4000),

(B4) (𝐸𝑙 , 𝐸ℎ̂, 𝐸𝑒) = (8000, 8000, 7000).

F.1.2. Convergence and cost results
We report convergence behavior (per-day) and episode-level total 

operating cost statistics over a 4-day episode.
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Fig. C.1. Hourly electricity prices per season.
Fig. D.1. Installed capacities of generation and storage technologies for Pareto-optimal designs.
Overall convergence vs. evaluation budget. Fig.  F.1 summarizes the
episode-level mean total operating cost across Days 1–4 for each budget 
setting (B1–B4). Increasing the budget from B1 to B2 yields the largest 
early improvement, but B2 remains noticeably above the best settings. 
The mean cost reaches its minimum at B3, with B4 providing only a 
marginal further reduction (from 2463 to 2441, about 0.9%). Table  F.1 
also shows that run-to-run variability decreases markedly when moving 
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from B1 to B2, stays moderate at B3, and is lowest at B4 (0.98%). 
Overall, the results indicate saturation: once the budget reaches B3, 
additional evaluations yield only diminishing mean improvements.

Per-day convergence under the baseline budget (elite warm-start effect). 
Fig.  F.2 shows mean and standard-deviation bands of the best-so-far fit-
ness by day under the baseline budget (B3). The coarser low-resolution 



O.O. Amusat et al. Engineering Applications of Artiϧcial Intelligence 182 (2026) 116080 
Fig. E.1. Electricity purchase from grid: IDAES vs. ML-based approaches.
Fig. F.1. Mean total operating cost of the energy system over four days of all 
compared budget configurations–(𝐸𝑙 , 𝐸ℎ̂, 𝐸𝑒) (GB variant).

stage drives the dominant early improvements, while the refined stage 
converges quickly and remains comparatively flat. This is consistent 
with elite warm-starting: the refined optimization begins from solutions 
accumulated in the preceding stages, leaving only small residual gains 
for additional evaluations. The uncertainty bands tighten on later days, 
indicating reduced run-to-run sensitivity as the episode progresses.
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Table F.1
Cost statistics for the maximum evaluation sensitivity of the optimizer over 10 
repeated runs, 4 day episodes. Std (%) is computed relative to the mean.
 Setting Mean ($) Median ($) Min ($) Max ($) Std ($) Std (%) 
 B1 3449 3289 3139 4066 324 9.40  
 B2 2703 2690 2629 2793 51 1.87  
 B3base 2463 2432 2412 2649 67 2.71  
 B4 2441 2441 2417 2465 24 0.98  

F.2. Uncertainty threshold sensitivity (SoC and 𝑇median)

This study evaluates sensitivity to the uncertainty thresholds used 
to determine the terminal targets in Algorithm 2: the controller triggers 
the Compute Path when
𝑢val ≥ 𝜃unc,𝑗 .

We vary thresholds separately, and report both converged cost and 
exploratory-evaluation allocation over a 30-day episode and 10 re-
peated runs.

F.2.1. Threshold variants (separate sweeps)
SoC threshold variants (with 𝑇median threshold fixed at baseline).

• Baseline (conservative): 𝜃unc,SoC = 0.01
• Mid: 𝜃unc,SoC = 0.03
• Loose: 𝜃unc,SoC = 0.1

𝑇median threshold variants (with SoC threshold fixed at baseline).
• Baseline (conservative): 𝜃unc,𝑇median

= 344.15
• Mid: 𝜃unc,𝑇median

= 346.15
• Loose: 𝜃 = 349.15
unc,𝑇median
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Fig. F.2. Per-day mean convergence of the best found value for High-resolution vs Low-resolution objective functions (GB variant). Shaded region shows the 10 
run standard deviation.
Table F.2
Total operating cost statistics for SoC threshold sensitivity (with 𝑇median fixed at baseline). 
Over 10 repeated runs. Std (%) is computed relative to the mean.
 Setting Mean ($) Median ($) Min ($) Max ($) Std ($) Std (%) 
 𝜃unc,SoC = 0.01 12,446 12,432 12,313 12,645 92 0.74  
 𝜃unc,SoC = 0.03 12,419 12,420 12,302 12,553 92 0.74  
 𝜃unc,SoC = 0.1 12,424 12,412 12,305 12,601 82 0.66  
SoC uncertainty threshold (with 𝑇median fixed at baseline). Table  F.2 
shows that the episode-level operating cost is largely insensitive to 
the choice of the SoC uncertainty threshold. Across the three settings, 
the mean cost varies only within ∼ 0.2%–0.3% of the baseline and 
all relative standard deviations remain below 0.74%. This indicates 
that the controller remains stable even when the exploration trigger 
becomes more or less conservative with respect to SoC uncertainty.

Moreover, Table  F.3 confirms that the threshold does affect how 
the exploratory budget is spent. As 𝜃unc,SoC increases from 0.01 to 0.1, 
the mean total exploratory budget decreases slightly (from 64,000 to 
61,200, ≈ −4.4%), while the mean budget allocated to high-UCB deci-
sions drops more substantially (from 8000 to 5200, ≈ −35%). The re-
sults suggest that looser SoC uncertainty thresholds trigger fewer high-
uncertainty exploratory events; a higher threshold makes the algorithm 
depend more on the ML model.
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𝑇median uncertainty threshold (with 𝜃unc,SoC fixed at baseline). Table  F.4 
confirms that the episode-level operating cost is also largely insensitive 
to the choice of the 𝑇median uncertainty threshold. Relative to the 
baseline mean (12,446), the mean cost changes by only ≈ 0.11%–0.48% 
across the tested variants. Moreover, the relative standard deviation 
ranges from 0.58% to 1.43%, indicating stable closed-loop performance 
across the threshold sweep.

Table  F.5 shows that raising the uncertainty threshold reduces 
both the total exploratory budget and, more sharply, the portion of it 
triggered by high-UCB decisions. Going from the baseline to 𝜃unc,𝑇median

=
346.15, the mean total exploratory evaluations decreases from 64,000 
to 63,200 (≈ −1.3%), while the mean high-UCB evaluations drop from 
8000 to 7200 (≈ −10%). The corresponding high-UCB share of the 
total falls from 12.5% to 11.4%. Increasing the threshold further to 
𝜃 = 349.15 continues this trend: the mean total drops further 
unc,𝑇median
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Table F.3
Statistics of exploratory evaluations over 10 runs for each 𝑆𝑜𝐶 uncertainty threshold 
variant. The Total denotes the total exploratory evaluations, while the High UCB Only 
column denotes the exploratory evaluations triggered by the ML model uncertainty. The 
standard deviation is derived from the high UCB exploratory runs, while the remaining 
evaluations are fixed across all runs.
 Statistic Baseline 𝜃unc,SoC = 0.03 𝜃unc,SoC = 0.1

 Total High UCB Total High UCB Total High UCB
 Mean 64,000 8000 61,600 5600 61,200 5200
 Std 10,276 10,276 11,200 11,200 11,321 11,321
 Min 56,000 0 56,000 0 56,000 0
 Max 88,000 32,000 92,000 36,000 92,000 36,000
Table F.4
Total episode cost statistics for 𝑇median threshold sensitivity. Over 10 repeated runs. Std 
(%) is computed relative to the mean.
 Setting Mean ($) Median ($) Min ($) Max ($) Std ($) Std (%) 
 𝜃unc,Tmedian

= 344.15 12,446 12,432 12,313 12,645 92 0.74  
 𝜃unc,Tmedian

= 346.15 12,506 12,414 12,320 12,831 179 1.43  
 𝜃unc,Tmedian

= 349.15 12,460 12,455 12,355 12,592 72 0.58  
Table F.5
Statistics of exploratory evaluations over 10 runs for each 𝑇𝑚𝑒𝑑𝑖𝑎𝑛 uncertainty threshold 
variant. The Total denotes the total exploratory evaluations, while the High UCB Only 
column denotes the exploratory evaluations triggered by the ML model uncertainty. The 
standard deviation is derived from the high UCB exploratory runs, while the remaining 
evaluations are fixed across all runs.
 Statistic Baseline 𝜃unc,Tmedian

= 346.15 𝜃unc,Tmedian
= 349.15

 Total High UCB Total High UCB Total High UCB
 Mean 64,000 8000 63,200 7200 62,800 6800
 Std 10,276 10,276 10,998 10,998 6705 6705
 Min 56,000 0 56,000 0 56,000 0
 Max 88,000 32,000 92,000 36,000 72,000 16,000
to 62,800 (≈ −2.2% relative to baseline) and the mean high-UCB 
evaluations fall to 6800 (≈ −15%relative to baseline), giving a high-UCB 
share of≈ 10.8%.

Similar to the SOC case, the results suggest that looser 𝑇𝑚𝑒𝑑𝑖𝑎𝑛 un-
certainty thresholds trigger fewer high-uncertainty exploratory events; 
a higher threshold makes the algorithm depend more on the ML model. 
However, compared to the SOC case, the impact of the threshold 
appears to be less pronounced here.

F.3. Penalty weight sensitivity (𝛾𝑇 , 𝛾soc, 𝛾day)

This study varies the penalty weights appearing in the stage/termi-
nal costs: 𝛾day penalizes production shortfall during plant active hours 
in 𝓁, while 𝛾soc and 𝛾𝑇  weight terminal deviation penalties in 𝑉𝑓 .

F.3.1. Penalty sets (4-day episodes)
• Baseline: 𝛾𝑇 = 5, 𝛾soc = 5000, 𝛾day = 1000
• Lower end: 𝛾𝑇 = 2.5, 𝛾soc = 2500, 𝛾day = 500
• Higher end: 𝛾𝑇 = 10, 𝛾soc = 10000, 𝛾day = 2000

Penalty weight selection in a robust (conservative) regime. Table  F.6 re-
ports the total episode cost statistics over 10 repeated runs (4-day 
episodes) for three penalty-weight settings. Relative to the baseline 
case (mean cost $2462), the lower-end variant yields only a modest 
change in mean performance (mean $2409, about −2.15%), while the 
higher-end variant remains close as well (mean $2479, about +0.69%). 
Moreover, the relative standard deviations remain low (below 1.39%), 
indicating that the closed-loop performance is largely insensitive to 
moderate rescaling of the penalty weights.

We evaluate load constraint violations across all three variants. Fig. 
F.3 confirms this robustness at the signal level: during the evaluation 
window (days 2–4), 𝑞  closely tracks the 1,MW target for all three 
𝑝𝑟𝑜𝑑

25 
Fig. F.3. 𝑞prod over days 2–4 (absolute hours 24 ≤ 𝑡 < 96) for three penalty-
weight settings. Lines show the mean trajectory, and the dashed line indicates 
the target 𝑞prod = 1MW. We skip the first day since it is the warm-up day.

penalty settings, with trajectories nearly overlapping. Fig.  F.4, however, 
shows an example where the lowest-penalty variant briefly violates the 
constraint.

Consistent with Table  F.7, only the lowest-penalty variant exhibits a 
nonzero violation rate, corresponding to rare underproduction events. 
The resulting average shortfall is numerically negligible (reported as 
0.000,MW at the displayed precision), indicating that any deficits are 
brief and small in magnitude. Nonetheless, these results demonstrate 
that the higher penalty value (𝛾𝑑𝑎𝑦 = 1000) is necessary to eliminate 
such violations entirely, compared to the lower value (𝛾 = 500).
𝑑𝑎𝑦
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Table F.6
Total episode cost statistics for penalty weight sensitivity over 10 repeated runs (4-day episodes). Std (%) is 
computed relative to the mean.
 Penalty set Mean ($) Median ($) Min ($) Max ($) Std ($) Std (%) 
 𝛾𝑇 = 5, 𝛾soc = 5000, 𝛾day = 1000 2462 2462 2397 2516 34 1.39  
 𝛾𝑇 = 2.5, 𝛾soc = 2500, 𝛾day = 500 2409 2410 2352 2453 29 1.19  
 𝛾𝑇 = 10, 𝛾soc = 10000, 𝛾day = 2000 2479 2476 2448 2548 26 1.03  
Table F.7
Warm-up excluded load violation statistics across 10 runs for time-of-day 
window 8∶00 ≤ 𝑡< 20∶00 (𝑞prod < 1MW).
 Penalty set Violation rate (%) Mean shortfall (MW) 
 𝛾𝑇 = 5, 𝛾soc = 5000, 𝛾day = 1000 0.000 0.000  
 𝛾𝑇 = 2.5, 𝛾soc = 2500, 𝛾day = 500 0.145 0.000  
 𝛾𝑇 = 10, 𝛾soc = 10000, 𝛾day = 2000 0.000 0.000  

Fig. F.4. 𝑞prod over a five hour period for three penalty-weight settings. The 
dashed line indicates the target 𝑞prod = 1MW, and the red circle points to a 
detail when the lowest penalty weight setting (orange dashed line) breaks the 
constraints.

F.4. Warm-up period sensitivity (𝑡warmup)

In DetermineTerminalTargets (Algorithm 2) we enforce
𝑖𝑠_𝑤𝑎𝑟𝑚𝑢𝑝 ← (𝑡𝑘 − 𝑡reset) < 𝑡warmup.

During warm-up, the controller executes the Compute Path to gather 
new observation pairs (𝜙𝑘, 𝑣target,𝑗 ) and retrains the models. We test 
three warm-up durations in 30-day episodes: 𝑡warmup ∈ {120, 240, 360}
hours and repeat each run 10 times.
Effect of the warm-up duration 𝑡warmup. Table  F.8 indicates that the 
controller performance is robust to the choice of the warm-up du-
ration 𝑡warmup across the tested range (120, 240, 360 h). Relative to 
the baseline (𝑡warmup = 240 h), the mean episode cost changes only 
marginally (12,446 to 12,435 at 120 h, and to 12,486 at 360 h), while 
all configurations exhibit low relative variability (≤ 0.90%).

At the same time, Table  F.9 shows that 𝑡warmup has a clear impact 
on how the exploratory evaluation budget is used. Decreasing 𝑡warmup
from 240 h to 120 h reduces the mean total exploratory evaluations 
from 64,000 to 45,200 (≈ −29%) and the mean high-UCB portion from 
8000 to 5200 (≈ −35%), while increasing 𝑡warmup to 360 h raises these to 
86,400 (≈ +35%) and 14,400 (≈ +80%), respectively. This also increases 
the relative share of high-UCB-triggered exploration, from about 12.5% 
at 240 h to about 16.7% at 360 h.
26 
However, a raw comparison of High-UCB counts is confounded by 
the fact that longer warm-up periods leave less remaining episode time 
in which High-UCB triggers can occur (25, 20, and 15 post-warm-up 
days for the 120 h, 240 h, and 360 h configurations, respectively, 
within the 30-day episode). To control for this, we normalize by the 
post-warm-up duration 𝑇post = 30 days − 𝑡warmup to obtain a High-UCB 
rate,

𝑟UCB =
𝑁UCB
𝑇post

[evaluations/day],

where 𝑁UCB is the mean number of High-UCB evaluations. Table  F.10 
shows that this rate still increases with 𝑡warmup (208, 400, and 960 eval-
uations/day for 120 h, 240 h, and 360 h), confirming the trend is not 
simply an artifact of the shrinking post-warm-up window. This suggests 
that data gathered during a longer, contiguous warm-up block does 
not proportionally improve the model’s coverage of the operating en-
velope, plausibly because observations within a single extended block 
are more temporally correlated and less diverse than an equivalent 
number spread more broadly, leaving the model just as prone to high-
uncertainty states once it transitions to the Predict Path. Overall, this 
indicates that longer warm-up primarily prolongs exploratory activity 
without improving model confidence, while episode-level operating 
cost remains comparatively insensitive, consistent with diminishing 
returns from additional warm-up-driven exploration.

F.5. Periodic trigger sensitivity (𝑡periodic)

In addition to uncertainty-triggered exploration, the controller exe-
cutes the Compute Path at fixed intervals 𝑡periodic regardless of model 
uncertainty, ensuring that the ML models are periodically refreshed 
with new observations. We test three periodic trigger intervals in 30-
day episodes: 𝑡periodic ∈ {48, 120, 240} hours, and repeat each run 10 
times.

Effect of the periodic trigger interval 𝑡periodic. Table  F.11 indicates that the 
controller performance is robust to the choice of the periodic trigger 
interval 𝑡periodic across the tested range ({48, 120, 240} h). Relative to 
the baseline (𝑡periodic = 120 h), the mean episode cost changes only 
marginally (12,446 to 12,427 at 48 h, ≈ −0.15%, and to 12,461 
at 240 h, ≈ +0.12%), while all configurations exhibit low relative 
variability (≤ 0.74%).

At the same time, Table  F.12 shows that 𝑡periodic has a clear effect 
on the composition of the exploratory evaluation budget. Decreasing 
𝑡periodic from 120 h to 48 h (more frequent periodic triggering) in-
creases the mean total exploratory evaluations from 64,000 to 84,000 
(≈ +31%), consistent with more frequent scheduled Compute Path 
executions, but reduces the mean high-UCB evaluations from 8000 to 
4000 (≈ −50%). Conversely, increasing 𝑡periodic to 240 h (less frequent 
periodic triggering) reduces the mean total evaluations to 62,400 (≈
−2.5%) while increasing the mean high-UCB evaluations sharply to 
14,400 (≈ +80%). This shifts the relative share of high-UCB-triggered 
exploration from ≈ 12.5% at baseline down to ≈ 4.8% at 48 h, and up 
to ≈ 23.1% at 240 h.

The raw comparison directly reflects how the frequency of periodic 
model refreshes affects residual model uncertainty: frequent periodic 
retraining (48 h) keeps the models’ internal state current, curbing the 
incidence of high-UCB events at the cost of more frequent data gath-
ering and thus high total exploration. On the other hand, infrequent 
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Table F.8
Total episode cost statistics for seasonal warm-up sensitivity (120, 240, 360 h). Over 10 
repeated runs. Std (%) is computed relative to the mean.
 Warm-up (h) Mean ($) Median ($) Min ($) Max ($) Std ($) Std (%) 
 120 h 12,435 12,405 12,284 12,624 112 0.90  
 240 h 12,446 12,432 12,313 12,645 92 0.74  
 360 h 12,486 12,461 12,362 12,619 96 0.77  
Table F.9
Statistics of exploratory evaluations over 10 runs for each warmup period variant. 
The Total denotes the total exploratory evaluations, while the High UCB Only column 
denotes the exploratory evaluations triggered by the ML model uncertainty. The standard 
deviation is derived from the high UCB exploratory runs, while the remaining evaluations 
are fixed across all runs.
 Statistic 240 h 120 h 360 h

 Total High UCB Total High UCB Total High UCB
 Mean 64,000 8000 45,200 5200 86,400 14,400
 Std 10,276 10,276 8953 8953 9831 9831
 Min 56,000 0 40,000 0 72,000 0
 Max 88,000 32,000 68,000 28,000 96,000 24,000
Table F.10
High-UCB exploration rate normalized by post-warm-up duration, over 
10 runs.
 Warm-up (h) Mean High UCB High-UCB rate (evals/day) 
 120 5200 208.0  
 240 8000 400.0  
 360 14,400 960.0  

retraining (240h) allows uncertainty to accumulate between refreshes, 
resulting in more high-UCB triggers and substantially higher run-to-run 
variability.

Overall, this indicates that 𝑡periodic = 120,h represents a favorable 
middle ground: it avoids the higher total exploratory overhead incurred 
by more frequent triggering at 48 h, while also avoiding the substan-
tially larger run-to-run variability (like the 240 h configuration).

Appendix G. Computational profiling and runtime savings

This appendix quantifies the computational savings attributable to 
the ML-driven bypass of the exploratory optimization. Specifically, we 
compare two approaches:

• MR𝑤𝑠: the multi-resolution controller that always executes the 
exploratory optimization on the Compute Path (resolution 𝑟 = 𝑒), 
i.e., no ML bypass.

• ML𝐺𝐵-MR𝑤𝑠: the same controller, but with the ML-accelerated 
terminal-target logic (Predict Path vs. Compute Path) described 
in Algorithms 1–2.

The exploratory optimization horizon used in the Compute Path is 
48 h. In contrast, the closed-loop evaluation runs for a 30-day episode, 
and we repeat this evaluation for 10 independent runs. All numerical 
experiments were conducted on a single compute node equipped with a 
dual-socket Intel Xeon Gold 6330 (56 physical cores) and 256–512 GB 
of memory.

G.1. Runtime measurement methodology

For each episode and run, we log the following wall-clock quanti-
ties:

• 𝑇expl: wall-clock time of the exploratory optimization (Compute 
Path), i.e., the 𝑟 = 𝑒 Solve call executed when DetermineTerminal-
Targets chooses the Compute Path.
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• 𝑇infer∕retrain: wall-clock time of ML activity on the Predict Path, 
including inference to compute 𝐯̂ and any GB-model (re)training 
overhead. This quantity is only defined for ML𝐺𝐵-MR𝑤𝑠, since 
MR𝑤𝑠 performs no ML computation.

• 𝑇total: total wall-clock time over the full 30-day episode, i.e., the 
sum of all Compute Path and Predict Path cycle times (including 
𝑇expl and, where applicable, 𝑇infer∕retrain).

G.2. Profiling results

Table  G.1 first confirms that the runtime reduction of the ML𝐺𝐵-
MR𝑤𝑠 variant does not come at the expense of control performance. 
Over 10 repeated runs, the mean episode-level operating cost decreases 
only slightly by ≈ −0.23%. In addition, the variability in cost re-
duces, indicating that the ML-guided bypass improves runtime stability 
without degrading closed-loop behavior.

More importantly, Table  G.2 quantifies the source of the compu-
tational savings. Overall, introduction of ML for acceleration leads to 
a mean speedup of 1.16× and a wall-clock reduction of ≈ 13.5%. This 
improvement is driven primarily by the reduction in the exploratory 
optimization time 𝑇expl: the mean total exploratory optimization time 
drops from 4694.10 s (MR𝑤𝑠) to 2580.73 s (ML𝐺𝐵-MR𝑤𝑠), yielding an 
exploration time speedup of 1.82× (a reduction of ≈ 45%).

In contrast, the ML overhead associated with bypass/model activity, 
captured by 𝑇infer∕retrain, is comparatively negligible. The mean infer-
ence/retrain time is 3.51 s, which is orders of magnitude smaller than 
both 𝑇expl and the total runtime. Consequently, the speedup is not 
limited by ML inference/retraining costs; rather, the ML model helps 
avoid frequent calls to the exploratory optimization on the Compute 
Path.

This interpretation is consistent with the exploration accounting in 
Table  G.3. For a 30-day episode, MR𝑤𝑠 executes exploratory optimiza-
tion on every exploratory trigger (120,000 exploratory evaluations). 
With ML𝐺𝐵-MR𝑤𝑠, the mean total number of exploratory evaluations 
decreases to 62,400 (about ≈ −48%), while exploratory events at-
tributed to the ML model uncertainty (‘‘High UCB’’) average only 
6400. Thus, the ML-driven bypass effectively reallocates computational 
effort: it largely suppresses exploratory optimization when the learned 
terminal-target logic is confident, but still retains targeted exploration 
when the uncertainty indicates potential model mismatch.

Overall, the profiling results show that ML𝐺𝐵-MR𝑤𝑠 delivers sub-
stantial wall-clock savings (via a large reduction in 𝑇expl) while main-
taining essentially unchanged operating cost, with ML inference/
retraining overhead contributing only a negligible fraction of the total 
runtime.
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Table F.11
Total episode cost statistics for seasonal periodic trigger sensitivity (48, 120, 240 h). Over 10 
repeated runs. Std (%) is computed relative to the mean.
 Periodic trigger (h) Mean ($) Median ($) Min ($) Max ($) Std ($) Std (%) 
 48 h 12,427 12,435 12,334 12,524 55 0.44  
 120 h 12,446 12,432 12,313 12,645 92 0.74  
 240 h 12,461 12,444 12,385 12,579 68 0.55  
Table F.12
Statistics of exploratory evaluations over 10 runs for each periodic trigger variant. 
The Total denotes the total exploratory evaluations, while the High UCB Only column 
denotes the exploratory evaluations triggered by the ML model uncertainty. The standard 
deviation is derived from the high UCB exploratory runs, while the remaining evaluations 
are fixed across all runs.
 Statistic 120 h 48 h 240 h

 Total High UCB Total High UCB Total High UCB
 Mean 64,000 8000 84,000 4000 62,400 14,400
 Std 10,276 10,276 5060 5060 20,412 20,412
 Min 56,000 0 80,000 0 48,000 0
 Max 88,000 32,000 96,000 16,000 104,000 56,000
Table G.1
Total episode cost statistics comparing MR𝑤𝑠 and ML-Guided MR𝑤𝑠. Std (%) is computed 
relative to the mean.
 Setting Mean ($) Median ($) Min ($) Max ($) Std ($) Std (%) 
 MR𝑤𝑠 12,487 12,453 12,337 12,671 111 0.89  
 ML𝐺𝐵 -MR𝑤𝑠 12,458 12,462 12,333 12,540 60 0.48  
Table G.2
Total runtime and runtime components, averaged over 10 runs of 
a 30-day episode. 𝑇expl sums all logged exploratory optimization 
times; 𝑇infer∕retrain sums all logged ML inference and (re)training 
times on the Predict Path.
 Description Result  
 Mean 𝑇total, without ML (MR𝑤𝑠) 13380.4 ± 133.5 s 
 Mean 𝑇expl, without ML 4694.1 ± 90.3 s  
 Mean 𝑇total, with ML (ML𝐺𝐵 -MR𝑤𝑠) 11577.7 ± 502.3 s 
 Mean 𝑇expl, with ML 2580.7 ± 470.7 s  
 Mean 𝑇infer∕retrain, with ML 3.5 ± 0.1 s  
 Overall speedup (𝑇total) 1.16×  
 Exploratory-stage speedup (𝑇expl) 1.82×  

Table G.3
Statistics of exploratory evaluations over 10 
runs for the ML𝐺𝐵 -MR𝑤𝑠 variant. The Total 
denotes the total exploratory evaluations, 
while the High UCB Only column denotes 
the exploratory evaluations triggered by ML 
model uncertainty. The MR𝑤𝑠 variant al-
ways has 120000 exploratory evaluations 
for a 30-day episode.
 Statistic ML𝐺𝐵 -MR𝑤𝑠

 Total High UCB
 Mean 62,400 6400
 Std 11,342 11,342
 Min 56,000 0
 Max 92,000 36,000

Appendix H. Comparison with Bayesian optimization (TuRBO)

To evaluate how the multi-resolution, warm-started approach per-
forms relative to state-of-the-art black-box Bayesian optimization (BO) 
methods for high-dimensional optimization, we extend the 7-day ab-
lation study (each run repeated 30 times) with TuRBO (Trust-Region 
Bayesian Optimization) (Eriksson et al., 2019). TuRBO is executed 
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Table H.1
Final cost statistics for different approaches (including TuRBO).
 Approach Mean ($) Median ($) Min ($) Max ($) Std ($) 
 MR 3864.49 3856.91 3808.66 4034.80 46.66  
 MRws 3760.85 3752.39 3715.59 3823.40 29.25  
 HR 4202.21 4170.02 4026.73 4533.41 117.90 
 HRws 3954.03 3897.01 3775.55 4308.74 150.95 
 TuRBO 7092.43 7053.14 5816.06 8314.54 599.98 
 Rule-baseda 3974.60 – – – –  
 IDAESa 2727.55 – – – –  
a Single run (no statistics available).

in the same control decision space and evaluated using the total 
closed-loop operating cost over a 7-day horizon. Following the same 
computational-efficiency considerations as in the main ablation set-
ting, we do not include a separate exploratory stage; all methods are 
compared directly over the same horizon. Moreover, to encourage 
constraint satisfaction for TuRBO, we increase the penalty factor 𝛾𝑑𝑎𝑦
to 5000. Despite this, TuRBO exhibits higher constraint violation rates 
than the other approaches, for which we did not observe constraint 
violations under the same evaluation protocol.

For TuRBO, we use the default TuRBO parameters from the standard 
implementation. In addition, to make the BO loop computationally 
tractable in our setting, we set the batch size to 48 and a maximum 
surrogate model training data size of 512. The TuRBO implementation 
is based on BoTorch (Balandat et al., 2020), and we utilize the settings 
described in the TuRBO tutorial (TuRBO, 2024). We report the resulting 
7-day cost statistics.

Overall, TuRBO produces substantially higher operating costs than 
all proposed multi-resolution and warm-started variants, with notably 
larger variance across runs (Fig.  H.1, Table  H.1). In contrast, the 
best-performing method among the ablation baselines remains the 
multi-resolution strategy with elite warm starting (MRws), achieving 
both low mean cost and stable performance.
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Fig. H.1. Mean total operating cost over one week for all compared methods, 
including TuRBO. Lower is better.

Data availability

The code needed to reproduce the study can be found on the 
following repository: https://github.com/lbl-srg/pbd-industrial-limit-
of-performance.
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